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Abstract

Public interventions in the apprenticeship market often aim to increase demand or re-
turns. We set up a double-sided experiment with youth and firms to analyze a subsidized dual
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offering a wage subsidy and to make apprenticeship more attractive by providing vocational
training in technical skills to complement on-the-job training. We document a large increase
in youth participation in apprenticeship, yet the inflow of apprentices induces little crowding
out of traditional apprentices in firms. The intervention leads to an increase in youth demand
for apprenticeship, enabling firms to fill open apprenticeship positions. The subsidy compen-
sates apprentices for low wages but does not alleviate financial constraints. Consistent with
the dual training component contributing to an increase in youth demand for apprenticeship,
youth perform more complex tasks and have higher earnings four years after the start of the
experiment.
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1 Introduction

Traditional apprenticeships are among the most common types of training in the develop-

ing world. They involve on-the-job training in small, informal firms for several years, often

based on private arrangements between youth (or their parents) and firm owners. While ap-

prenticeship markets have developed in low-income settings with little public intervention,

improving national apprenticeship systems has become an important policy objective.1 Ap-

prenticeship reforms aim to expand youth demand for apprenticeship, improve the quality

of training, and increase returns for youth. For instance, dual apprenticeships—a popular

model in Western Europe—combine practical, on-the-job training with vocational training.

Other interventions to improve apprenticeship include wage subsidies, enhanced intermedi-

ation, training for mastercraftspeople in firms, and certification (Wolter and Ryan, 2011).

Public interventions in the apprenticeship market look to address market failures for

youth or firms. Market failures may limit youth demand for apprenticeship, reduce firms’

willingness to train apprentices, and hinder matches between potential apprentices and firms.

Youth may not invest in training without a guarantee they will learn general skills that can

increase their earnings in future occupations. Training provision may remain suboptimal un-

less firms sign enforceable contracts to offer general training in transferable skills (Dustmann

and Schönberg, 2012).2 This issue may be particularly salient in developing countries, where

small firms often have limited technology to teach general skills and formal contracts are rare.

Firms may also be unwilling to take apprentices if training is too costly or complex (Alfonsi

et al., 2020; Caicedo et al., 2022).3 Furthermore, if firms are unwilling to cover the costs of

training in general transferable skills, apprentices are left to incur these costs (Becker, 1962),

and if capital markets are imperfect, youth may be unable to pay for training or to work for

low wages in a traditional apprenticeship without financial support (Heckman and Mosso,

2014). Market failures may also hinder matches between potential apprentices and firms due

to information asymmetries or imperfect intermediation (Hardy and McCasland, 2023).

In this paper, we analyze the introduction of a subsidized dual apprenticeship program
1For instance, see Walther (2008); ILO (2012); UNESCO (2015); Fazio et al. (2016); OECD/ILO (2017).
2The role of external certification has also been debated. On the one hand, it may limit the ability of

firms to recoup training revenues (Katz and Ziderman, 1990), but on the other hand, it may be needed to
provide firms and trainees with the incentives to invest in training (Acemoglu and Pischke, 2000).

3Labor market frictions can mitigate some of these challenges by allowing firms to retain trained workers
at low wages (Acemoglu and Pischke, 1998, 1999b).
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through a randomized experiment in Côte d’Ivoire. This government-led formal appren-

ticeship program is designed to increase the number of youth (aged 18–24) participating

in apprenticeship and improve the quality of training they receive.4 The intervention aims

to tackle financial constraints for youth to invest in training by offering a subsidy of CFAF

30,000 per month (approximately US$54, or half the formal minimum wage), paid directly to

apprentices for 12 or 24 months (depending on the occupation). The program also includes

a dual training component that complements practical, on-the-job training in firms with

technical courses in vocational centers, based on training curricula developed to ensure ap-

prentices learn general skills. In addition, the program puts in place a basic apprenticeship

contract and certification mechanism. The dual apprenticeship model can make appren-

ticeship more attractive for youth and address potential commitment failures in firms by

allowing formal apprentices to receive general skills training in vocational centers and obtain

certification in these skills. The intervention may also help overcome matching inefficiencies

and fill apprenticeship positions by reducing recruitment costs for firms.

This paper makes three main contributions. First, we analyze how subsidized dual ap-

prenticeships increase youth demand for apprenticeship. We document a strong increase

in youth participation and show that dual training makes apprenticeship more attractive

by improving skills and earnings four years later. These results suggest that demand for

apprenticeship is sensitive to the quality of training and its returns. Second, we study both

sides of the apprenticeship market. We use a two-sided experiment to identify both youth

entry and the crowding-out effect in firms, quantifying the net number of positions filled by

the intervention. We find limited crowding out of traditional apprentices in firms, such that

the intervention induces a net increase in filled apprenticeship positions. We also explore

how constraints on youth and firms combine to yield suboptimal training. Our results are

consistent with low youth demand hindering apprenticeship expansion and firms facing high

recruitment costs and hiring frictions, possibly due to the scarcity of apprentices. Third, we

show how dual apprenticeships impact youth earnings. In the short term, wage subsidies

compensate forgone earnings. In the medium term, treated youth perform more complex

tasks and have higher earnings through higher productivity in self-employment.

The first part of the paper documents how subsidized dual apprenticeships expand youth
4We use the term “formal apprenticeship” throughout as a shorthand for “subsidized dual apprenticeship”

and “formal apprentice” as a shorthand for “apprentice in a subsidized dual apprenticeship.”
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access to apprenticeship. In principle, fostering demand for apprenticeship is insufficient to

increase the overall number of filled apprenticeship positions if firms cannot absorb additional

apprentices. We thus set up a double-sided experiment that randomizes whether interested

youth are assigned to a formal apprenticeship and whether apprenticeship positions opened

by firms are filled with formal apprentices. As we show in a conceptual framework, this design

is tailored to estimate the direct (windfall) effect on youth and indirect (crowding-out) effect

in firms. The framework shows how those estimates combine to provide bounds for the net

number of apprenticeship positions filled by the program. It also derives bounds for potential

equilibrium effects due to changes in market tightness that might affect the control groups.

We find that youth entry into formal apprenticeship increases by 71 percentage points, while

entry into traditional apprenticeship declines by 18 percentage points, which means only

0.26 youth (0.18/0.71) who enter a formal apprenticeship would have otherwise entered a

traditional apprenticeship. We also find that the inflow of formal apprentices induces little

crowding out of traditional apprentices, with just 0.23 traditional apprentices displaced per

formal apprentice placed. In summary, the subsidized dual apprenticeship program does not

simply induce a reallocation of traditional and formal apprentices within firms but increases

the number of filled apprenticeship positions. Using our framework, we conclude that the

net number of new positions filled by the program is between 74% (1-0.26) and 77% (1-0.23)

of the number of formal apprentices placed.

The second part of the paper documents how subsidized dual apprenticeships affect youth

employment and earnings in the short and medium term (two and four years after the

program started, respectively). We also assess their impact on skills by building an index of

routine task intensity for each worker. In the short term, the subsidy offsets a reduction in

labor earnings due to low wages in apprenticeship. In the medium term, however, treated

youth have higher earnings by 15%. Youth assigned to formal apprenticeships are also more

involved in non-routine analytical tasks, especially if they have completed dual training and

certification, in line with the skills-building aim of the dual training component. We do not

find that treated youth are more likely to hold wage jobs after the program, but the results

are consistent with an increase in productivity in informal self-employment.

The third part of the paper explores how subsidized dual apprenticeships induce greater

youth entry into apprenticeship with little crowding out in firms. We study the relative roles
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of the subsidy and dual training component as mechanisms for increasing youth demand for

apprenticeship. Although the main intent of the subsidy is to address financial constraints,

we do not find evidence that it helps a more disadvantaged population enter apprenticeship.

Instead, the results are consistent with the dual training component making it more attractive

for youth to enter apprenticeship by increasing skills and post-training earnings. Improved

matching also plays a role in inducing greater youth entry, but it is insufficient to explain

the magnitude of the effect. We also do not find evidence that the program addresses

an unwillingness by firms to host apprentices. Apprentices account for more than half of

firms’ workforce, and few firms do not hire apprentices during the study period. Firms also

provide similar training to traditional and formal apprentices, who make comparable overall

contributions to firm activities. Instead, the limited crowding-out effect is more consistent

with firms facing high costs to hire additional apprentices, which may be related to their

relative scarcity and limited youth demand for apprenticeship.

The Online Appendix expands on our contribution to the broader literature, including

on the impact of training on employment outcomes (Card et al., 2018; JPAL, 2022). Voca-

tional training in combination with on-the-job training has positively impacted employment

outcomes (e.g., Attanasio et al., 2011, 2017; Kugler et al., 2022). Solely on-the-job training,

such as traditional apprenticeship, has had more limited results (e.g., Frazer, 2006; Hardy

et al., 2019; Alfonsi et al., 2020). Many studies emphasize the role of training in improving

access to (formal) wage employment. In contrast, our results show that dual apprenticeships

lead to improvements in skills consistent with gains in productivity in informal occupations,

including self-employment. The Online Appendix also outlines how the paper complements

the literature on labor demand and indirect effects in firms, particularly in the context of

apprenticeship (Hardy and McCasland, 2023; Caicedo et al., 2022; Alfonsi et al., 2020).

The paper is structured as follows. Section 2 describes the intervention and experimental

design. Section 3 presents the conceptual framework. Section 4 discusses the data and

estimation strategy. Section 5 analyzes youth entry into apprenticeship and the crowding-out

effect in firms. Section 6 documents the impact on youth earnings in the short and medium

term. Section 7 assesses the mechanisms through which the program increases youth demand

for apprenticeship, human capital, and skills while inducing a limited crowding-out effect in

firms. Section 8 discusses the program’s costs, benefits, and scale-up potential. Section
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9 concludes. The Annex contains tables, figures, and additional details on the conceptual

framework. The Online Appendix contains supplementary material.

2 Intervention and Experimental Design

2.1 Apprenticeship in Developing Economies

Traditional apprenticeship is widespread in the developing world. In Africa, there may be up

to four times more traditional apprentices than youth attending vocational school (Filmer

et al., 2014). Traditional apprenticeships are one of the few sources of training accessible to

the many youth who do not complete primary (elementary) or secondary school. Traditional

apprenticeships are private arrangements between young people (or their families) and micro-

and small firms, mostly in the informal sector (Walther, 2008). Youth are often placed with

mastercraftspeople identified through family connections. A fee (in-kind or cash) is paid

for the placement. Arrangements are rarely formalized through a contract. Youth learn

the trade through practical, on-the-job training alongside a mastercraftsperson. Over time,

apprentices start to be paid. Traditional apprenticeships can last many years and often do

not lead to certification, although mastercraftspeople typically grant departure to mark the

completion of an apprenticeship. Youth then become wage workers in the host firm, move to

another firm, or transition into self-employment—in most cases, still in the informal sector.

In our baseline sample, the majority of apprentices aspire to become self-employed.

2.2 The Côte d’Ivoire Formal Apprenticeship Program

Côte d’Ivoire is a lower-middle-income country with a GDP per capita of CFAF 770,000

(approximately US$1,350) in 2015. Following a decade of conflict, stability returned in

2011, and growth has been robust over the last decade, though not enough to induce rapid

industrialization, given the low number of formal firms and low share of formal employment.

Only 17.4% of working individuals hold wage jobs (less than half formal), with unemployment

at 6.7% (Christiaensen and Premand, 2017). Over 90% of formal firms and wage jobs are

concentrated in the city of Abidjan. Less than 10% of formal firms export. Most wage

employment takes place in small firms serving the domestic market, particularly in the service
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sector. In contrast, informal self-employment predominates, with 46.9% of the working

population in agriculture and 29.3% in micro-enterprises.

A range of public investments and programs were launched in 2011, including an emer-

gency youth employment and skills development project (PEJEDEC).5 The PEJEDEC for-

mal apprenticeship program initially aimed to cover 5,000 low-skilled youth between 18 and

24 years old, who were placed in firms for 12 to 24 months (depending on the occupation),

where they received on-the-job training under the supervision of a mastercraftsperson. Ap-

prentices signed a contract with the implementation agency (AGEFOP) and were paid a

monthly subsidy of CFAF 30,000 (approximately US$54, or half the formal minimum wage)

to cover meals and transportation costs. They also received insurance coverage and work

equipment. The apprenticeship included a dual training component—practical, on-the-job

training was complemented with theoretical training (approximately 180 hours per year)

tailored to the needs of apprentices and delivered by local training institutions. AGEFOP

defined the key general skills apprentices needed to learn in each trade and developed training

curricula. The program also introduced basic regulations through standardized apprentice-

ship contracts. AGEFOP apprenticeship counselors regularly visited mastercraftspeople and

apprentices to track skills acquisition through a booklet detailing learning milestones for

each trade. Counselors had the authority to suspend subsidies for absenteeism or perfor-

mance issues. Formal apprenticeships ended with a skills assessment, with the possibility of

certification. Firms were not compensated for taking on apprentices, though they received

a small toolkit of materials to facilitate practical learning. Moreover, employers committed

not to request the payment of tuition fees at the start of the apprenticeship, in contrast to

the traditional apprenticeship model in West Africa (Walther, 2008). The program has since

gradually been scaled up, as we discuss in Section 8.2.

2.3 Enrollment Process and Experimental Design

The experiment’s first objective is to simultaneously measure the subsidized dual appren-

ticeship program’s direct (windfall) effect on youth and indirect (crowding-out) effect on
5PEJEDEC is the Projet Emploi Jeune et Développement des Compétences (www.pejedec.org). The

PEJEDEC apprenticeship component is led by the office coordinating employment programs, BCP-Emploi
(Bureau de Coordinnation des Programmes d’Emploi), with the national training agency, AGEFOP (Agence
de la Formation Professionnelle), as implementing agency. See Bertrand et al. (2021) for evidence on the
effectiveness of a public works program supported by the same project.
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firms. This requires a design that randomly assigns both youth and firms to treatment and

control groups. This section presents the key features of the experimental protocol, with

more details in the Online Appendix A2. Figure 1 illustrates the design. In Section 3, we

show that the experiment identifies parameters from a simple theoretical framework, and we

discuss how the effects on youth and firms combine.

The experiment was implemented in seven urban localities in the country’s interior. The

design was stratified by micromarkets, which are each defined as a trade in a given locality.

The implementing agency first identified firms interested in hosting program apprentices

and how many positions they had open. This gave the agency a number of positions to be

potentially filled in each micromarket. The agency then registered interested, eligible youth

in the experiment. In each micromarket, as many youth were registered as there were open

positions.

We then randomly assigned firms to treatment and control groups to have an equal

number of treatment and control positions in each micromarket. One practical complication

was that firms did not offer the same number of positions in each micromarket, and firms

could also open positions in several (closely linked) micromarkets.6 To address this, we

paired firms according to the structure of their open positions in the set of micromarkets

and then performed randomized assignment within each pair. Once treatment firms were

drawn, the number of positions to be filled in each micromarket was obtained. This was

usually half the number of positions registered in the first step.

The next step was to randomly assign exactly the same number of youth to treatment in

each micromarket as the number of positions to be filled.7 The rate of treatment assignment

for youth is specific to the micromarket, so we use weights in the youth-level analysis (see

Section 4). In the final step, counselors from the implementing agency matched the selected

youth with selected firms that offered positions in the same trade. The matching took place

based on criteria such as the distance between the firm and the youth’s place of residence.
6In some cases, firms in a given sector are active in several trades. For example, the garage sector includes

apprenticeship positions in several trades: coach builder, car mechanic, car electrician, and car painter.
7 Figure A1 presents the distribution of the ratio of treated positions to total number of positions by

micromarket. This was usually half the number of positions registered in the first step, but not always, given
variations in the portfolio of open positions in firms. When a small number of positions is offered in some
trades, and when those positions are offered together with positions in other trades, the firm randomization
process can lead to all the positions in a given trade being assigned to treatment or control. In such a case,
the youth assignation probability is either 0 or 1. We kept these firms in the data set, but the corresponding
youth were not included in the sample for youth regressions. This is the case for 10 youth.
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Across the seven localities in the study, 731 firms offered apprenticeship positions, and

361 were randomly selected to host program apprentices. Of 1,842 eligible applicants, 911

youth were assigned to treatment.8 Most firms offered several positions, and, on average,

treatment firms were assigned 2.52 apprentices.

Figure 1: Experimental Design

Step 5

Match youth and vacancies per trade

Step 1
Register firms (731)

Count vacancies Vt per trade

Step 2
Register youth (1842)

Register Nt = Vt youth per trade

Step 3
Random assignment of firms
get V T

t vacancies to fill per trade

Control
(370)

Treatment
(361)

Step 4
Random assignment of youth

draw NT
t = V T

t youth from Nt registered youth

Treatment
(911)

Control
(921)

Note: This figure describes the five steps of the experimental protocol. This design was implemented
separately in each of the seven localities in the experiment. The numbers in parentheses provide the
number of observations across the seven localities. Ten youth were removed from the sample because
of the special case mentioned in footnote 7, so the youth sample has 1,832 observations.

The randomization protocol implies that youth and firms in the treatment and control

groups are statistically similar (as discussed further in Section 4). However, one potential

concern is whether youth and firms from the control groups are affected by the experiment—

for instance, through spill-over effects driven by changes to the tightness of the apprenticeship

market (i.e., the chance that firms and potential apprentices match). The conceptual frame-

work in Section 3 discusses sources of adjustment to the tightness of the apprenticeship

market and gives reasons to expect the adjustment to be small.

The size of the experiment is one factor that drives the size of the potential adjustment

in the tightness of the apprenticeship market. We can assess the experiment’s size compared

to the market for apprentices in two ways, focusing on either youth or firms (see Table 1).
8Of the 1,842 applicants, 921 were assigned to control, and 10 youth were removed from the sample

because of the special case mentioned in footnote 7.
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First, based on a national employment survey and population census, we estimate the share

of youth in the experiment relative to the number of apprentices in the study localities to be

approximately 11% (see Table A1 and Online Appendix A2.3.1 for details).9 Second, based

on a listing of firms collected ex post, we estimate that the share of treated firms represents

approximately 22% of all firms hosting apprentices in selected sectors and localities (see

Table A2 and Online Appendix A2.3.2 for details).

Based on our data, we estimate the shares of youth and firms in the experiment in each

locality. This allows us to compare results between localities above or below the median for

each measure (reported in bold in Table 1). We discuss further the role of the size of the

experiment in Section 3 and document results by saturation levels in Section 5.3.3.

The experiment induces negative shocks on both the demand for and the supply of

traditional apprentices. Within each micromarket, the experimental design maintains a

similar ratio of apprentices and vacancies in the treatment and control groups. This also

ensures that the chances of a match between firms and youth in the control group are

unchanged. Importantly, the rankings of the localities in Table 1 according to experiment

size on the youth and firm sides are very close.

3 Conceptual Framework

The formal apprenticeship program induces youth to enter apprenticeship and fill formal ap-

prenticeship positions in firms. It creates a shock on both the youth and the firm sides of the

traditional apprenticeship market. Some youth who would have participated in traditional

apprenticeship may now enter formal apprenticeship and thus exit the market for traditional

apprenticeship. Some firms that had positions open for traditional apprentices might fill

them with formal apprentices instead and remove these positions from the market. This

section discusses how the intervention affects the equilibrium of the traditional apprentice-

ship market. First, it assesses how many apprenticeship positions are filled for each program

apprentice placed, after accounting for the crowding out of traditional apprentices. Second,
9As discussed in the Online Appendix, the sectors targeted by the program account for at least 60% of

all apprenticeship positions in the study areas, so the share of treated youth among apprentices in these
sectors is at most 16%. This is an upper bound for the size of the experiment because we only consider the
population of apprentices in the study localities, without including nearby urban areas in the same district.
As we show further below, the identification of the total employment effects does not depend strongly on
the experiment’s small size.
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it sheds light on how the experiment may have changed the matching opportunities between

youth and firms in the control group. This is informative about the scope for potential

interference and the validity of the control group.

We develop a conceptual framework to analyze the equilibrium of the traditional ap-

prenticeship market with and without the intervention (detailed in Annex 12.2). The model

analyzes the supply of traditional apprentices Strad(θ) and the demand for traditional ap-

prentices in firms Dtrad(θ). As in the classical labor market literature (Pissarides et al.,

2000), the equilibrium is a function of the tightness of the apprenticeship market (θ), which

describes the chances that an individual finds an apprenticeship position or that a firm fills

an apprenticeship vacancy. In other words, θ is the ratio of available vacancies to the number

of youth searching for a position. The model distinguishes between traditional and formal

apprentices, and it shows how the introduction of formal (subsidized dual) apprenticeship

affects the decisions of youth to enter apprenticeship.

The entry of Nform individuals into formal apprenticeship affects the equilibrium of the

traditional apprenticeship market: a share ω of these Nform individuals would have entered

traditional apprenticeship but are now removed from the market, while a share ψ of the

Nform apprenticeship positions filled by formal apprentices would have otherwise been filled

with traditional apprentices but are now also removed from the market. ω and ψ are thus

the two key parameters that we estimate based on the experimental design. In this section,

we provide some intuition on their interpretation. Annex 12.2 shows how the parameters are

derived from the model.

ω measures the share of youth in formal apprenticeship who would have entered tradi-

tional apprenticeship absent the program, which we call the “windfall effect.” The model

in Annex 12.2.3 (Equation 14) shows that ω = λ(θ1)
λf

P (trad|reg), where P (trad|reg) denotes

the proportion of registered youth who would search for a traditional apprenticeship position

absent the program. λ(θ1) is the matching rate for traditional apprentices given the market

tightness conditions after the program is introduced (θ1).10 λf is the share of youth who

register in the program and enter a formal apprenticeship position.11

10As will be discussed below, the introduction of the program creates new market conditions, including a
new equilibrium tightness, which is noted θ1.

11Youth first register in the program, and then are made an offer. reg denotes the initial number of
“pre-offer” youth—i.e., the number of youth signing up for the program before offers are made. Not all of
these youth will receive an offer and participate in the program. λf represents the share of these “post-offer”
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The magnitude of ω is thus a function of two main factors. First, related to P (trad|reg),

the model points to two reasons why some youth apply to the formal apprenticeship program

but would not search for a traditional apprenticeship position. On the one hand, formal ap-

prenticeship may attract new individuals by providing dual training that improves the quality

of training and later increases post-training earnings. The commitment to dual training and

the possibility of certification can increase youth expectations about post-training earnings

(e.g., Alfonsi et al., 2020; Bandiera et al., forthcoming). On the other hand, formal ap-

prenticeship may also attract new individuals into apprenticeship by providing a subsidy.

Participation in apprenticeship has a high opportunity cost because apprentices are paid low

wages. The subsidy may be needed for those who do not have access to financial resources

(support from family or credit) to meet their minimum needs during the training period. The

second determinant of ω relates to λ(θ1)
λf

and captures the probability that youth searching for

a traditional apprenticeship position actually enter one, relative to the probability of youth

assigned to treatment actually entering formal apprenticeship. In other words, the second

determinant captures the relative matching (entry) rates in the two types of apprenticeship

among those who search.

ψ measures the crowding out of traditional apprentices by formal apprentices in firms. If

ψ = 1, there is full crowding out: each entry of a formal apprentice is associated with one

fewer traditional apprentice in the firm, such that the total number of apprentices remains

unchanged. On the other hand, if ψ = 0, there is no crowding out: the entry of one

formal apprentice has no effect on the number of traditional apprentices in the firm. The

parameter ψ (derived in Annex 12.2.2) writes ψ = −af ′′/(c′′−f ′′), with a as the productivity

differential between formal and traditional apprentices, f the firm’s production function, and

c the cost of recruiting apprentices. The magnitude of ψ thus depends on various factors,

including the firm’s production technology, the productivity differential between traditional

and formal apprentices, the firm’s capacity to host apprentices, and the firm’s ability to

recruit additional apprentices.12 ψ will be high if formal apprentices are more productive than

traditional apprentices and if firms face binding constraints on the number of apprentices

individuals among the “pre-offer” individuals. trad denotes youth searching for a traditional apprenticeship
position absent the program.

12The capacity constraints on the number of apprentices the firm can host is formally captured by the
second derivative of the production function f ′′, while the constraint on the number of apprentices the firm
can recruit is formally captured by the second derivative of the recruitment cost c′′.
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they can employ. Conversely, even if formal apprentices are more productive than traditional

apprentices, ψ may be low if firms face binding constraints on the recruitment side—i.e., if

the cost of recruiting additional traditional apprentices is high.

Annex 12.3.2 shows how the parameters ω and ψ can be estimated based on an instru-

mental variable strategy. ω is estimated by regressing entry into apprenticeship on entry

into formal apprenticeship, using youth assignment to treatment as an instrument. ψ is esti-

mated by regressing the total number of apprentices entering firms on the number of formal

apprentices entering firms, using firm assignment to treatment as an instrument.

Absent the program, the equilibrium number of traditional apprentices is N0, and the

market tightness is θ0. We can take linear approximations around this equilibrium in the

absence of intervention:13

Strad(θ) = N0 + As(θ − θ0)− ωNform ,(1)

Dtrad(θ) = N0 − Ad(θ − θ0)− ψNform .(2)

With the program, there is a new equilibrium in the number of traditional apprentices

entering firms (N trad
1 ) and apprenticeship market tightness (θ1). We can express the change

in the number of traditional apprentices (N trad
1 − N0) and in the tightness (θ1 − θ0) as a

function of the two shift parameters, ψ and ω. This can be done by expanding the supply

and demand functions around the final equilibrium value θ1:

N trad
1 −N0

Nform

= −Asω + Adψ

As + Ad
,(3)

θ1 − θ0 = (ω − ψ) Nform

As + Ad
,(4)

where As and Ad are the slope parameters of the supply and demand functions.

As Equation 3 shows, the overall reduction in the number of traditional apprentices on

the market is an average of the windfall effect (ω) on the supply side, and the crowding-

out effect (ψ) on the demand side. This has two important implications. First, in our

double-sided experiment, the net number of apprenticeship positions filled can be bounded:

(Nform +N trad
1 −N0)/Nform ∈ [1−max(ω, ψ), 1−min(ω, ψ)]. The validity of these bounds

13Note that ω and ψ depend on the tightness, but they are defined at the new equilibrium θ1.
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does not depend on the assumption that the size of the experiment is small, or that the labor

market tightness adjustment is small.

Second, one-sided experiments, limited to either the demand or supply side of the labor

market, would not provide sufficient information to estimate the net number of positions

filled by the program. For example, a one-sided experiment focusing on youth would only

estimate ω, while ψ would be unobserved. However, in a weak labor market or any situation

in which As � Ad, the final adjustment would depend on the unobserved parameter (Nform+

N trad
1 −N0)/Nform ≈ 1− ψ.14

Equation 4 provides information about the magnitude of the labor market tightness

adjustments. First, the windfall (ω) and crowding-out (ψ) parameters are expected to be

positive, so they would tend to cancel each other in the adjustment of θ. In the empirical

analysis, we will estimate the two parameters so that we can also get a sense of the magnitude

of the tightness adjustment ex post. Second, As and Ad are the derivatives of the aggregate

supply and demand functions, such that their order of magnitude is of the size of the market

(say M). The order of magnitude of Nform is of the size of the experiment (say E), thus,

the order of magnitude of the second term in Equation 3 is the share σ of the experiment

relative to the market (E/M).15 Going back to the adjustment in the tightness, we get the

following approximation:

(5) (θ1 − θ0) ≈ (ω − ψ)σ .

Equation 5 sheds light on the extent of potential interference between the treated and

control units. It shows that the tightness adjustment is small if σ is small or if ω and ψ are of

similar magnitude. As discussed in Section 2.3, the relative size of the experiment is small.

This is one reason to expect the adjustment in market tightness to be small. In addition, as

mentioned above, ω and ψ are expected to be positive, so they would tend to cancel each

other in the adjustment of θ. In the empirical analysis, we will estimate the two parameters

and on that basis confirm that the adjustment of θ is small.
14The magnitude of As/Ad depends on θ0. In the different context of job placement services, Crépon et al.

(2013) show that the magnitude of displacement effects also depends on the relative slopes of the supply
and demand curves and can be particularly strong in weak labor markets, characterized by a low As/Ad
(Michaillat, 2012).

15The size of the intervention can be characterized by the share of youth enrolled in the experiment σa
and the share of firms hosting formal apprentices σf .
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Nevertheless, even if the adjustment is small, it is not zero. As such, the counterfactual

we estimate in the control group is not exactly the one that would have prevailed in absence

of the intervention. While our estimated (ITT) parameters can in theory be biased, we

show in Annex 12.3.1 that we can bound the potential bias by σ(ω − ψ)λf for youth and

by σ(ω − ψ)nf for firms (with nf denoting the average number of formal apprentices hired

per firm). We can compute these bounds by measuring σ and estimating ω − ψ, λf and nf .

On this basis, we show in the empirical analysis that the estimated bias is very small in our

setting.

Although small on average, the size of the experiment varies between localities (Table

1). This variation is not random but can be used to assess whether parameters ω and ψ and

entry rates into apprenticeship in the control groups vary by saturation level.

4 Data and Estimation Strategy

4.1 Data

The formal apprenticeship program was rolled out by locality. Baseline data were collected

during the enrollment process for each firm that offered apprenticeship positions validated

by program staff. Separately, baseline data were collected among youth deemed eligible after

they successfully passed a motivation interview. Baseline data collection took place between

July and October 2014. The randomization of firms and youth took place in each locality

shortly after, and placements were mostly completed by January 2015.

The midline survey took place between March and June 2016. A youth survey was

collected by phone, and a firm survey was collected in person. The surveys were collected

20 months after the start of the program, on average. Since most apprenticeships last 24

months, results based on the midline survey should be interpreted as providing information

about short-term impacts, while apprentices were still in the program.16

The endline survey took place between May and October 2018, approximately four years

after the start of the experiment, or 18–24 months after the end of the program. The survey

focused on youth to estimate impacts on employment and earnings after the completion of
16 Of the 914 treated youth, 754 (or 82%) were in trades where the apprenticeship lasted 24 months.
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formal apprenticeships. It was collected by phone.17

Substantial efforts were made to minimize attrition. As a result, 1,661 youth (response

rate: 90.7%) and 674 firms (response rate: 92.2%) were surveyed at midline, and 1,686 youth

(response rate: 92%) at endline. The response rates are balanced across the treatment and

control groups.18

Last, a listing of all firms with apprentices in localities and trades covered by the experi-

ment was collected in 2021. Although obtained ex post, this provides additional information

to estimate the size of the experiment on the side of firms, as we discuss further below (and

in Online Appendix A2.3.2).19

4.2 Youth and Firm Baseline Characteristics

Tables A3 and A4 present baseline characteristics and balance checks for youth and firms,

respectively. Table A3 shows that youth interested in formal apprenticeship are, on average,

20.7 years old and mostly men (87%). They have limited education: 63% have completed

primary school and 17% lower secondary school. Of applicants, 54% aspire to become self-

employed. Youth treatment and control groups are well-balanced at baseline.20

Table A4 shows that most sample firms are micro- and small, informal enterprises: 84%

have no formal legal status, and 68% do not keep books. Firms have, on average, 6.4 perma-

nent employees (counting the owner), of which 3.4 are apprentices. Traditional apprentices

therefore constitute over half the workforce in the sample firms. Traditional apprentices are

mostly hired through private channels, 82% based on a request from their parents. Approxi-

mately half of the apprentices in firms at baseline pay fees to the mastercraftspeople. In the
17Youth who could not be contacted by phone were interviewed in person.
18 The last row of Table A3 presents the balance check for the response rate among youth in the midline

and endline surveys (p = 0.92 for midline and p = 0.44 for endline). The last row of Table A4 contains the
balance check for the response rate among firms at midline (p = 0.48). Note that part of this attrition is
due to firm closure. We designed a specific module for employers whose firm had closed by the time of the
midline. Twelve cases were identified. “True” attrition is limited to 6.2%. An unfortunate issue with the
online server used for electronic data collection led to the loss of baseline data for 26% of youth and 5% of
firms. The problem was concentrated in two localities. The loss of some baseline data limited the availability
of contact information to track youth (and firms). This contributed to a lower response rate among youth
in localities where these issues occurred.

19The firm data (baseline and midline) (Crépon and Premand, 2024a), the youth data (baseline, midline
and endline) (Crépon and Premand, 2024b), and the firm listing data (Crépon et al., 2024) are posted in
the Wold Bank microdata library.

20The share of available baseline data displayed in the last row (see footnote 18) is not perfectly balanced,
but the response rates at midline and endline are well-balanced, which is what matters most because it is
the sample used for empirical estimation.
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two years before the baseline survey, 1.2 apprentices per firm finished their training. Impor-

tantly, among firms who had at least one apprentice finishing, 0.57 apprentices were hired

by the firm, 0.63 were hired by another firm, and 1.68 became self-employed. This shows

that apprenticeship is a pathway towards self-employment, and not solely wage jobs. Table

A4 documents that the experiment led to good baseline balance between the treatment and

control firms.

Table A6 shows how youth in the sample compare to traditional apprentices who enter

control firms shortly after the randomization, as well as youth (between 18 and 24) and

traditional apprentices across urban areas of Côte d’Ivoire (based on a national employment

survey). Sample youth have higher educational attainment compared to traditional appren-

tices in control firms, as well as youth and traditional apprentices in urban areas. They

are more likely to be male than the population of youth and apprentices, though not com-

pared to traditional apprentices in control firms, likely due to the selection of sectors for the

program. Section 7.1 discusses in greater detail how the program affected the demand for

apprenticeship and the profile of apprentices entering firms.

The population of firms can also be compared to small firms in urban areas in the interior

of the country. Existing firm census and enterprise surveys in Côte d’Ivoire only cover formal

firms. Figure A2 plots the distribution of employees in small formal firms outside Abidjan

based on a national enterprise survey.21. The mean number of employees in sample firms

(6.5) is close to the mean number of employees in these small, formal firms (7.5), though

our sample includes more micro-firms (defined as having fewer than 5 employees) than small

firms (defined as having between 5 and 20 employees). While there is no representative

survey of informal firms that we can compare our sample with, our study takes place in an

understudied segment of micro- and small firms that accounts for a large share of employment

in low-income and lower-middle-income countries, such as Côte d’Ivoire.

4.3 Youth Midline and Endline Surveys

We collected data on youth employment, earnings, and hours worked for primary and sec-

ondary activities at midline and endline. In the employment survey module, we distinguish
21The Enterprise Survey for Côte d’Ivoire was collected in 2016 (Global Indicators Department, Enterprise

Analysis Unit, 2017)
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between occupation as a wage worker, self-employed, or an apprentice. This provides a

measure of apprenticeship participation, our first main outcome for youth. At midline, we

also measured entry into apprenticeship since the start of the experiment. This comes from

a module on human capital investments that captures participation in apprenticeship, vo-

cational training, and schooling. We can then distinguish between participation in formal

and traditional apprenticeship based on a question about enrollment in formal, government-

supported apprenticeship programs.22 Self-reported earnings is our second main outcome for

youth, in line with most studies on employment and training programs (Card et al., 2018;

JPAL, 2022). Self-reported earnings may be subject to recall errors, especially if they are

irregular or affected by seasonality, but administrative records are only available for formal

jobs, which would not capture the vast majority of occupations in our sample.23

At endline, we collected detailed information on youth human capital investments since

the start of the experiment, including after the end of the program. We also collected data

on the types of tasks youth undertake in their primary occupation. This procedure is based

on the “task approach” to estimate the skill content of occupations developed by Autor

et al. (2003) and Acemoglu and Autor (2011).24 We use this module to test whether the
22The list of possible formal apprenticeship programs includes the subsidized dual apprenticeship program

offered by PEJEDEC as well as a smaller program offered by AGEFOP. The two programs can sometimes
be hard for youth to distinguish because PEJEDEC was also implemented by AGEFOP. We thus consider
a formal apprenticeship variable capturing youth who reported being enrolled in formal apprenticeship sup-
ported by either PEJEDEC or AGEFOP. Traditional apprenticeship is the only modality almost all firms
can offer in the absence of the PEJEDEC formal apprenticeship program.

23We use modules from the Cote d’Ivoire national labor survey (ENSETE 2013) developed by the National
Statistical Institute with technical assistance from the ILO and World Bank (Christiaensen and Premand,
2017). The employment module captures information for primary and secondary activities. For each activity,
it collects (i) a description of the occupation, (ii) time worked over the last seven days and last month,
(iii) the type of activity (wage, self-employed, apprentice, others including agriculture/livestock), and then,
separately, (iv) cash and in-kind earnings over the last month. Additional information is collected on any
other labor earnings and non-labor earnings (stipends, transfers, etc.). The next module then verifies whether
the respondent had any self-employed activity and, if so, captures revenues and profits for that activity for
the last month. (The literature has shown that direct reports of revenues and profits do not provide noisier
measures than detailed accounting (De Mel et al., 2009).) We aggregate earnings in cash and in kind across
these various activities. We also document results separately for wage earnings, self-employment earnings,
and apprenticeship earnings. The youth endline survey further includes a retrospective employment calendar
that captures all occupations since midline. Note that the intervention specifically targeted individuals and
operated in urban areas where household agriculture and livestock activities are less common. We were
not able to collect a consumption module in our context, but consumption measures would be helpful
to complement earnings in future studies, including to bridge the literature on household-based poverty
reduction programs and the urban labor literature that focuses more on individual-level interventions and
measures of earnings.

24Specifically, Autor and Handel (2013) measure the content of tasks at the worker level. This approach
was adapted to large-scale surveys in developing countries by Dicarlo et al. (2016).
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intervention affected youth skills. For each worker, we build an index of routine task intensity.

The index aggregates routine and non-routine (analytical or interpersonal) tasks. We then

estimate whether participation in formal apprenticeship impacted skills by increasing the

frequency of non-routine tasks and decreasing routine task intensity.

4.4 Firm Midline Survey and Employer-Employee Data

The firm midline survey collected data on firms’ characteristics, workforce, sales, and profits.

It listed all apprentices who entered or left the firm since the start of the experiment (i.e., on

or after the randomization date in each locality) and collected additional information on each

apprentice, both from enterprise owners and from apprentices themselves. These employer-

employee data enable us to accurately measure the flows of apprentices into and out of firms,

as well as their contributions to firm activity. We can also identify each apprentice enrolled

in a formal apprenticeship program. This provides us with our main outcome, the number of

(traditional and formal) apprentices who entered the firm since the start of the experiment

and who were present in firms at the time of the midline survey.25 For each apprentice, the

survey asked about the number of days worked in the last seven days and the number of

hours worked in the last business day. To measure apprentices’ contribution to firm activity,

we asked employers about the amount they would have had to pay to hire a casual worker

to perform the same tasks. This, in turn, allows us to compute the value of the work

performed by each apprentice (see Online Appendix A3). We also asked employers about

the compensation paid to each apprentice. We made a distinction between various forms of

compensation. Employers usually provide meals and cover expenses, such as transportation

and clothes. They also provide some money for the apprentices’ work to “motivate” them.

We measure each of these payments and aggregate them by youth and by firm to get a total

wage bill for apprentices.
25This allows us to compute the number of apprentices working in firms at the moment of the survey but

also various interesting flows: the number of apprentices who entered firms since randomization and, among
them, those who left firms and those still in firms. We can measure all these variables separately for formal
and traditional apprentices.
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4.5 Estimation Strategy

Given the double-sided randomization design, we estimate intent-to-treat (ITT) program

impacts on firms by comparing outcomes between firms assigned to treatment (i.e., where

formal apprentices were assigned by the program to fill open positions) and firms assigned

to control (i.e., where open apprenticeship positions were not filled by the program). The

ITT analysis at the firm level is performed using OLS regressions with the 667 firm-level

observations at midline:

(6) yi = a+ bTi +
∑
v

γv1v +
∑
s

δs1s + ui .

We compute White-Huber robust standard errors. T is the variable capturing assignment

to treatment, v stands for the locality, and s for the sector.26

In parallel, we estimate ITT program impacts on youth by comparing outcomes between

youth assigned to treatment (i.e., offered a formal apprenticeship position in a treatment

firm) and control. We account for the fact that youth were assigned to treatment and

control groups with probabilities specific to each trade in each locality, producing a set of

corresponding strata St. We compute the empirical assignment rate in each stratum π̂m and

estimate inversely propensity-weighted regressions. The weights are defined as Ti/π̂m+ (1−

Ti)/(1− π̂m). To obtain accuracy gains from stratification, we run an inversely propensity-

weighted regression with strata dummies on the 1,661 youth observations:

(7) yi = a+ bTi +
∑
St

µSt1St + ui .

We compute White-Huber robust standard errors. As a robustness check, we implement

permutation tests for the main ITT estimates for youth and firms (Imbens and Rubin, 2015).

We also report p-values adjusted for the false discovery rate (Benjamini and Hochberg, 1995)

and family-wise error rate (Romano and Wolf, 2016) for multiple hypothesis testing.

Last, we analyze differences in variables measured at the apprentice level in the firm

survey (described in Section 4.4), including baseline characteristics, as well as performance,
26Sectors are broader than trades. “Sectors” refers to firm activities, and “trades” refers to youth occupa-

tions. The two concepts are often the same, but, in some cases, firms in a given sector are active in several
trades. See Online Appendix A2 for more details.
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compensation, and payments at midline:

(8) y = a+ bff + btT t× T +
∑
s

γs1s +
∑
t

δt1t + u .

The coefficients bf and btT measure the difference between formal apprentices in treatment

firms and, respectively, traditional apprentices in treatment firms and traditional apprentices

in control firms, which is the excluded category. Observed differences are due either to the

treatment or to selection into formal apprenticeships. While they cannot be given a causal

interpretation, they help analyze mechanisms. Note that the structure of the apprentice

population is different between the treatment and control firms. To take this into account

when estimating Equation 8, we weigh observations of the control group by P/(1−P ), where

P is the proportion of observations from treated firms for a given trade and a given location.

5 Short-Term Windfall and Crowding-Out Effects

5.1 Youth Entry into Apprenticeship and Windfall Effect

In this section, we document how the formal apprenticeship program affected youth entry

into apprenticeship and the extent to which it induced a windfall effect as youth switched

between traditional and formal apprenticeship. The left panel of Table 2 (“Youth”) presents

ITT estimates for youth participation in apprenticeship, decomposed between traditional

apprenticeship and formal apprenticeship.

The top panel of Table 2 documents the impacts on participation in apprenticeship at

midline. We find a 36.5 percentage point increase in the share of youth who participate in

apprenticeship 20 months after the start of the experiment (column (3)). While only 17.9%

of youth in the control group are in apprenticeship, the proportion in the treatment group

reaches 54.4%. Column (1) documents a large increase in participation in formal appren-

ticeship, which is 49 percentage points larger in the treatment group than in the control

group. Participation in formal apprenticeship is in part associated with substitution out of

traditional apprenticeship (column (2)): 16.1% of youth in the control group participate in

traditional apprenticeship, but this proportion is reduced by 12.5 percentage points in the

treatment group. The results are robust to multiple hypothesis corrections, and there is
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strong concordance between asymptotic results and results from permutation tests.27

Our surveys also enable us to measure inflows into apprenticeship positions over the

duration of the experiment, including youth who entered an apprenticeship position but

dropped out. The bottom panel of Table 2 presents ITT estimates for impacts on entry into

apprenticeship. These estimates confirm our previous findings of increased participation as

well as a significant windfall effect. The share of youth entering formal apprenticeship over

the course of the experiment increases by 71.2 percentage points.28 The share of youth

entering any type of apprenticeship increases by 52.8 percentage points. The difference

between the two estimates shows that 18.5% of treated youth would have entered traditional

apprenticeship without the intervention, a significant but small windfall effect.29

5.2 Apprentice Intake and Crowding-Out Effect in Firms

We now analyze how the formal apprenticeship program affected firms’ demand for appren-

tices in the short term. This includes the key question of whether the program induced an

indirect crowding-out effect in firms.

Table 2 (upper right panel, “Firm”) documents the program’s impact on the number of

apprentices in firms at midline. The program led to an increase in the total number of

apprentices by 0.613 apprentices per firm (column (6)). This is a key result: offering youth

the opportunity to participate in subsidized dual apprenticeship increases firms’ total number

of apprentices. We can decompose this effect between changes in the number of formal and

traditional apprentices. The total number of formal apprentices in firms increases by 0.787

(column (4)). The difference between the estimates in columns (6) and (4) is the impact

on the entry of traditional apprentices, which is directly related to the crowding-out effect:

0.174 traditional apprentices are displaced per formal apprentice placed (column (5)). This
27Table A10 shows the results from permutation tests (top panel, first three columns).
28There is also small non-compliance when analyzing the inflow of apprentices. The share of control youth

in formal apprenticeship is 3.8%. This is due to our definition of formal apprenticeship, which includes both
the AGEFOP and PEJEDEC programs, as mentioned in Section 4.1 and footnote 22.

29Differences between results on the share of youth in apprenticeship at midline (top panel) and over the
course of the experiment (bottom panel) are related to drop-out. Drop-out is a common issue in many
employment or training programs, including in apprenticeship (e.g., Cho et al., 2013). We observe drop-out
from formal apprenticeship as well as from traditional apprenticeship. Of the 75% of treated youth who enter
a formal apprenticeship position, 50.8% are in a formal apprenticeship position at midline. Similarly, of the
22.5% of control youth who enter a traditional apprenticeship position, 16.1% are still in an apprenticeship
position at the moment of the survey. The drop-out rate is similar in formal and traditional apprenticeship
(32.4% and 28.4%, respectively).
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effect is small and not statistically significant. The results are robust to multiple hypothesis

corrections. Asymptotic results and results from permutation tests are also similar.30

As explained in Section 4.1, our firm survey asked employers to list all apprentices who

have worked in the firm over the course of the experiment, including those who left the firm

since randomization. We can thus measure flows of apprentices into and out of firms between

the start of the experiment and the midline. Table 2 (lower panel) documents net program

impacts on the number of apprentices who entered since randomization. Results show that

there are 1.080 additional apprentices per firm who entered since the date of randomization

and 1.398 additional formal apprentices per firm.31 Over the course of the experiment, the

estimated crowding-out effect shows that there are 0.318 fewer traditional apprentices in

firms. This is a crowding-out effect of small magnitude and is statistically significant at the

10% level.32

In this section, we have documented an increase in the entry of apprentices over the course

of the experiment and in the number of apprentices that remained in firms at midline. We

obtain these results based on rich data listing all apprentices. The midline firm survey also

provides information about the total workforce in firms, including apprentices and other

types of employees. These data simply count employees, ignoring their date of entry. Table

A11 presents the estimated impact on those variables aggregated at the firm level. While

there is a significant impact on the inflow of apprentices who entered firms since the beginning

of the experiment, there is no significant impact on the overall number of apprentices in firms

at midline. The estimated impact is 0.464, with a standard error of 0.362. The impact on

flows is not large enough to affect stocks significantly, which may, in part, be due to large

standard errors in the stock variables.33

30Table A10 presents the results from permutation tests (bottom panel, first three columns).
31Figure A3 provides additional information about the inflow of apprentices into firms. The figure shows

monthly inflows of formal and traditional apprentices into treated and control firms by date (with zero being
the randomization date). The figure clearly shows a spike in the entry of formal apprentices into treated
firms shortly after randomization.

32As can be seen in Table 2, there is some non-compliance with the experimental protocol on the side of
firms, as 0.058 formal apprentices were present in control firms at the moment of the survey (upper panel),
and 0.188 formal apprentices entered control firms since the start of the experiment (lower panel). This may,
in part, be due to recall errors, especially for measures of flows over the course of the experiment, but we
cannot fully rule out that a few program youth were matched with control firms.

33For completeness, the impact of 0.464 on the stock of apprentices combines the previous impact of 0.613
on the total number of apprentices who entered over the course of the experiment and are still in firms at
midline with the impact on the total number of apprentices who were in the firm before the randomization
and are still in the firm at the moment of the survey, −0.154 (with a standard error of 0.239). While there
is a negative effect on the retention of pre-program apprentices, it is not significant.
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5.3 Net Impact on Apprenticeship Positions Filled

So far, we have discussed ITT estimates of offering youth the opportunity to enter formal

apprenticeship and of assigning formal apprentices to firms with open positions. The re-

sults show that there is a statistically significant, but small, windfall effect for youth and a

limited crowding-out effect in firms. The size of these effects implies that the net number

of positions filled by the program is smaller than the number of formal apprentices placed.

Consistent with the conceptual framework in Section 3, we now discuss the overall impact

of the intervention on the net number of apprenticeship positions filled, and we show that

the program expanded the number of filled apprenticeship positions. As mentioned in Sec-

tion 3 and detailed in Annex Section 12.3.2, we estimate the two parameters ω and ψ using

instrumental variables. We then show how the windfall and crowding-out effects combine.

5.3.1 Instrumental Variable Estimation of ω and ψ

We first consider participation in traditional or formal apprenticeship since the start of

the experiment. Columns (a) and (b) of Table 3 contain the reduced form ITT estimates

presented above. Column (c) presents instrumental variable (IV) estimates for (1− ω) and

(1−ψ), which are the ratios of the first two columns. The last column provides the estimated

crowding-out and windfall parameters, ψ and ω. The estimated windfall parameter for youth

is 0.259, with a standard error of 0.022. On the firm side, there are 0.773 youth entering

firms per formal apprentice placed, thus leading to an estimated crowding-out parameter of

0.227, with a standard error of 0.128.

Table 3 estimates the windfall and crowding-out parameters using the inflow of appren-

tices since the start of the experiment, including those who dropped out, with the first-stage

estimates corresponding to the lower panel of Table 2. We could instead have used the

upper panel, which focuses on youth who are still apprentices at midline. Importantly,

the estimated ω and ψ would have been very close, with ω = 0.125/0.490 = 0.255 and

ψ = 0.174/0.787 = 0.221. This highlights the robustness of the estimated windfall and

crowding-out effects.

These findings have important implications. As shown in Equation 3, the reduction in the

total number of traditional apprentices per formal apprentice placed is a weighted average of

ψ and ω. We cannot determine the weights precisely because they are a function of demand
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and supply parameters that we are unable to estimate. However, we can provide bounds:

(9)
Asψ + Adω

As + Ad
∈ [min(ψ, ω),max(ψ, ω)] = [0.227, 0.259] .

Since the two parameters, ψ and ω, are very close, the interval is narrow. We thus estimate

the net number of apprenticeship positions filled by the program to be between 74.1% and

77.3% of the number of formal apprentices placed.34 While these results confirm that there

are crowding-out and windfall effects, the effects are small. Overall, the subsidized dual

apprenticeship program does expand access to apprenticeship by increasing the net number

of filled apprenticeship positions.

Furthermore, we can obtain confidence intervals for partially identified parameters (Im-

bens and Manski, 2004). The 95% confidence interval is [−0.0098, 0.2997],35 meaning that

the net number of positions filled by the program is between 70.3% and 101% of the number

of formal apprentices placed.

5.3.2 Market Tightness Adjustment and Potential Interference

The scope for interference between treated and control units depends on potential changes

in market conditions that may affect control youth or firms. We can assess the magnitude

of market tightness adjustments based on the results. As shown in Equation 4, the order

of magnitude of the change in market tightness is σ(ω − ψ), where σ is the size of the

experiment. The adjustment thus depends on the difference between the two estimated

parameters ψ and ω. In our case, the difference is 0.032. From Table 1, the size of the

experiment lies between 0.11 (youth side) and 0.22 (firm side). Using the more conservative

0.22, the order of magnitude of the change in θ is 0.007. Moreover, as emphasized in Section

3, we can compute upper bounds for the bias in ITT parameters. The bounds are 0.006 for

youth entry into apprenticeship and 0.011 for firms’ hiring of new apprentices.36 Compared
34As was the case for the calculation of the windfall and crowding-out effects, rather than estimating the

net number of apprenticeship positions filled by the program over the course of the experiment, we could
have estimated the net number of apprenticeship positions filled at midline. In this case, with an estimated
crowding-out effect of 0.221 and an estimated windfall effect of 0.255, we estimate the net number of positions
filled by the program to be between 74.5% and 77.9% of the number of formal apprentices placed.

35This interval is defined as [ψ − Cσψ, ω + Cσω], with C satisfying Φ(C − r) − φ(−C) = 0.95, where
r = (ω − ψ)/max(σψ, σω) = 0.25. The value of C satisfying the equation is found to be 1.850.

36These are σ|ω−ψ|λf and σ|ω−ψ|nf , which we can compute using estimates of λf (0.263+0.528=0.791)
and nf (0.188+1.398=1.586) from the bottom panel of Table 2 (bottom panel, columns (3) and (4)).
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to the ITT estimates in Table 2 (0.528 and 1.080, respectively), the bias is very small. This

means control firms and youth are unlikely to be affected by spillovers due to changes in

market conditions.

5.3.3 Results by Saturation Level

Treated youth represent, on average, 11% of entrants into apprenticeship in program locali-

ties, and treated firms represent 22% of firms with apprenticeship positions. Table 1 shows

that there is variation in the size of the experiment between localities. We can explore

whether the estimated parameters ω and ψ vary between areas with high or low saturation.

We do so by identifying localities that are above the median saturation level based on the

size of the experiment for either youth or firms.37 We caution that this analysis is not causal

as the variation in σ is not random and is based on a small number of localities.

Table A7 shows estimates of ω and ψ separately for localities with high and low saturation

based on the share of treated youth (column (1) of Table 1), and Table A8 shows estimates

based on the share of treated firms (column (2) of Table 1). The estimates of ω are very

similar for localities with low or high shares of treated youth or firms. This suggests that

the windfall effect varies little with changes in saturation levels. Importantly, however, the

estimates of ψ are very close to zero for localities with a low share of treated youth or

firms. Hence, the limited crowding-out effect observed in firms stems from localities with a

higher share of treated youth or firms. This suggests that, as σ increases, the scope of the

crowding-out effect in firms may also increase.

Using a similar approach as in Section 5.3.2, we can assess the tightness adjustment

in localities with high and low saturation. Considering an experiment size of 0.1 in low-

saturation localities and 0.3 in high-saturation localities, we get tightness adjustments of

+0.03 and −0.05, respectively. The upper bounds for the bias in the ITT parameters are

0.025 for the estimate of youth entry into apprenticeship and 0.045 for firms’ hiring of new

apprentices in low-saturation localities and 0.04 and 0.075, respectively, in high-saturation

localities. Although slightly larger than in Section 5.3.2, the bias remains small relative to

the ITT estimates, which are in the order of 0.5 for youth entry into apprenticeship and 0.8

for firms’ hiring of apprentices.
37For youth, those localities are Adzope, Mankono and Daoukro. For firms, they are Man, Mankono and

Daoukro.
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Last, another way to assess whether equilibrium effects impact the control group is to

analyze whether control youth’s entry into apprenticeship and control firms’ hiring of tra-

ditional apprentices vary between high- and low-saturation localities.38 Since the tightness

adjustment is positive in low-saturation localities and negative in high-saturation localities,

in the presence of interference we would expect lower youth entry rates and higher firm hiring

rates in high-saturation localities than in low-saturation localities. Table A9 shows that most

differences are not significant when controlling for covariates, and even when significant, they

have the opposite sign to the effects that could be explained by tightness adjustments.39 We

conclude that these effects are the result of pre-existing differences between localities with

high and low saturation. Consistent with the analysis above, we do not find evidence of

significant equilibrium effects that impact the control group.

6 Short- and Medium-Term Impacts on Youth Earnings

So far, we have focused on results for youth participation in apprenticeship and indirect

effects related to the number of new apprenticeship positions in firms. The discussion has

shed light on the presence and magnitude of the windfall and crowding-out effects among

youth and firms, respectively. It has shown that the formal apprenticeship program expanded

youth entry into apprenticeship and increased the inflow of apprentices into firms. We now

turn to analyzing the short- and medium-term impacts of subsidized dual apprenticeship on

youth employment and earnings. This provides additional information on the short-term

opportunity costs of participation in apprenticeship, as well as the medium-term benefits

and returns for youth.

6.1 Short-Term Impacts on Youth Employment and Earnings

We first analyze the program’s short-term impacts on youth employment, activities, and

earnings—that is, impacts while apprentices were still in the program. Results show sub-
38This is in the same spirit as Crépon et al. (2013), although in our case we only have seven localities and

the saturation intensity is not randomized.
39Specifically, when we define saturation on the youth side, we observe no difference for control youth

and a negative effect on control firms’ hiring of apprentices, which becomes insignificant when we control
for covariates. When we define saturation on the firm side, we observe higher control youth entry into
apprenticeship but no difference in control firms’ hiring of apprentices.
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stantial opportunity costs for youth to participate in apprenticeship. Table 4 documents ITT

estimates (Equation 7) for employment, hours worked, and earnings by type of occupation.

The upper panel presents results on youth employment. Control youth are mostly active,

as 91% are engaged in some economic activity, and the average number of activities is larger

than one, indicating that some youth engage in several activities. The program only induces

small increases in participation (by 3.4 percentage points) and in the average number of

activities (by 0.05). However, youth reorganize their portfolio of activities and forgo some

employment opportunities to enter apprenticeship. Specifically, individuals in the treatment

group are less likely to hold wage jobs (by 13.5 percentage points) or to be self-employed

(by 7.2 percentage points), and they are more likely to be apprentices (by 36.5 percentage

points).40 The middle panel shows similar effects for hours worked per week. Total hours

marginally increase (+3.7). The increase in hours worked as apprentices (+18.2) is offset by

a decrease in hours worked in wage employment (−6.5) and in self-employment (−4.4).

The bottom panel presents estimates of the program’s impact on total (monthly) earnings,

earnings by type of occupation, and non-labor earnings. Overall, the program has no short-

term impact on average earnings for youth. Labor earnings decrease by CFAF 10,494 (25%),

while non-labor earnings increase by CFAF 10,213 (135%). The decrease in labor earnings

is driven by earnings in wage employment (−CFAF 6,414) and self-employment (−CFAF

4,157), which is only partly offset by an increase in apprenticeship earnings paid by employers

(+CFAF 3,238). The program subsidy, paid by the implementing agency (and not the firm)

directly to youth, is included in non-labor income. The increase in non-labor earnings in the

treatment group (+CFAF 10,213) is driven by the subsidy.41 It is thus only after accounting

for the program subsidy that forgone labor earnings are fully compensated. Overall, although

the total number of hours worked increases slightly, employment earnings decrease, and total

earnings remain stable.42

We can compute the difference in monthly labor earnings between apprentices in the con-
40Bertrand et al. (2021) also find that the employment impacts of a public works program in Côte d’Ivoire

take the form of a reorganization of economic activities.
41Non-labor income is built from three sources: “Stipends,” "Remittances,” and “Other sources of income.”

While the estimated effect on stipends is large and significant (CFAF 10,672), no effect is detected on the two
other variables. They, however, account for most of the mean in the control group, with the mean stipend
being only CFAF 458.

42The top panel of Table A10 presents the results from permutation tests for the ITT estimates on total
hours worked per week and total earnings (last two columns). The asymptotic results and the results from
permutation tests are very close.
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trol group (4,746 / 0.18 = CFAF 26,367) and treatment group ((4,746+3,238)/(0.18+0.365)

= CFAF 14,650). Interestingly, the average labor earnings of apprentices in the treatment

group is lower. This illustrates how the subsidy changes the structure of payments made by

employers to apprentices: the subsidy leads employers to pay formal apprentices less. This

is because the stipend paid by the program to formal apprentices is labeled for food and

transportation, which are usually covered by the employer and represent a substantial share

of traditional apprentices’ income. The difference in average earnings represents 39% of the

stipend ((26, 367 − 14, 650) / 30,000).43 The associated amount is small, representing less

than 3% of firm revenues.

Overall, the opportunity costs of participating in apprenticeship are quite high in the

short term. Individuals forgo earnings in wage jobs and self-employment, although the pro-

gram subsidy contributes to balancing the costs of participating in apprenticeship. Section

7.1 further analyzes whether the subsidy helps youth overcome financial constraints to par-

ticipation.

During the program, the estimated average treatment effect on earnings of offering par-

ticipation in formal apprenticeship is close to zero. However, consistent with our framework,

we expect some heterogeneity in impacts on earnings due to variations in the employment

situation of participants absent the program. For some youth with limited outside oppor-

tunities, participation in formal apprenticeship might lead to an increase in earnings—for

example, because of the subsidy. However, for other youth with better opportunities, the

impact on earnings might be smaller, possibly even negative, if gains expected in the future

are large. The left panel of Figure 2 presents estimates of the cumulative distribution of

hours and earnings during the program in the treatment and control groups. The cumu-

lative distribution of earnings in the treatment group is first below, and then above, the

cumulative distribution in the control group, meaning that there is no stochastic dominance

of one distribution over the other. This is important because it implies that at least some

youth who enter formal apprenticeships see a reduction in earnings compared to what they

would have earned absent the program. This, in turn, implies that these youth expect an

increase in future earnings due to the formal apprenticeship.

To formally test the null hypothesis of the same distribution of potential outcomes, we
43Note that this estimate represents an upper bound for the share of the subsidy absorbed by firms as it

does not account for the fact that formal apprentices pay lower fees to firms.
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implement Mann-Whitney ranksum tests of the same average rank of observations in the

treatment and control groups. This test has the advantage of being robust to outliers. We

present exact p-values obtained using permutation tests with 10,000 permutations. Results

are shown below in Figure 2. The null hypothesis is clearly rejected.

6.2 Medium-Term Impacts on Youth Employment and Earnings

We now turn to analyzing the program’s impacts on youth employment and earnings four

years after the start of the experiment (Table 5). As in the midline, almost all individuals

in the control group (98%) work at endline. The intervention thus has only a small impact

on the share of individuals employed (+1 percentage point) and on the number of activities

youth are engaged in (+0.08). The share of youth engaged in wage employment does not

change, but a small increase in the share of self-employed individuals (+4.4 percentage points)

and the share of youth employed as apprentices (+9.4 percentage points) is observed. While

youth in the treatment group have exited formal apprenticeship positions as the program

ended and their contracts expired, approximately 26.6% remain employed as (traditional)

apprentices in firms. These findings also show that a substantial share of youth remain in

their occupation nearly two years after the end of the intervention.44

The results for time worked (Table 5, middle panel) show similar patterns as the results for

participation. No effect is found on the total time worked. A small increase in the number of

hours worked as an apprentice (+4.4) offsets a small decrease in the number of hours worked

in wage employment (−2.6). Time worked in self-employment remains unchanged, however.

Crucially, Table 5 (bottom panel) documents positive medium-term impacts on youth

earnings. Total labor earnings increased by CFAF 8,987 per month (17%), and total earnings

by CFAF 9,394 per month (15%). This is noteworthy since youth no longer receive any

subsidy. Consistent with completion of the program, no impact is detected on non-labor

earnings. Youth earnings in apprenticeship increased by CFAF 3,593, on average (62%).

Earnings in self-employment increased by CFAF 4,512 on average, or 23%. Earnings in wage

employment remained stable. These results show that, even as treated youth are slightly
44Note that the share of control youth in apprenticeship is stable between midline (17.9%) and endline

(17.2%). In contrast, the share of treated youth in apprenticeship positions decreases from 54.4% to 26.6%.
This indicates that the intervention did accelerate exits from apprenticeship positions, though not all treated
youth fully exited.
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more likely to remain apprentices, impacts on earnings are positive on average.

The right panel of Figure 2 presents the estimated cumulative distributions of medium-

term hours and earnings. The proportion of youth who earn less than a given amount is

uniformly and significantly lower in the treatment group than in the control group. This

suggests robust positive program impacts on earnings across the distribution. The cumulative

distribution function shows that the ITT estimate for earnings is not driven by outliers.

Results also confirm the absence of an effect on hours.45

7 Mechanisms

The strength of our two-sided experiment is that it identifies both the windfall effect (ω)

for youth and the crowding-out effect (ψ) in firms. Based on these two parameters, we can

estimate the net increase in the number of apprentices. However, the experimental design

does not directly identify the main constraints on youth and firms that the subsidized dual

apprenticeship program relaxes in order to expand youth entry into apprenticeship. In this

section, we explore the mechanisms through which the program led to small values for ω and

ψ. We do so by analyzing the determinants of ω and ψ based on the conceptual framework.

We first study explanations for the low windfall effect (ω). The conceptual framework

(Section 3 and Annex 12) highlight that ω = P (trad|reg)λ(θ1)/λf . On the one hand,

P (trad|reg) captures the increase in youth demand for apprenticeship. The subsidized dual

apprenticeship program was designed to address two main market failures potentially limiting

youth entry into apprenticeship and returns to apprenticeship. First, the program provides

a subsidy to address financial constraints. Second, the dual training component facilitates

the acquisition of general skills and certification. These two features aim, respectively, to

increase earnings during and after the training, which may contribute to an increase in youth

demand for apprenticeship. On the other hand, λ(θ1)/λf captures improved matching. The

intervention may also increase youth participation in apprenticeship by making the matching

process more efficient, and it may increase the likelihood of youth matching by inducing firms
45We implement Mann-Whithey rank sum tests and compute p-values using permutation tests with 10,000

replications. Out of 10,000 replications, the computed statistics are above the statistic obtained with the
true assignment in only 2 cases for earnings. The results also confirm the absence of an effect on hours: out of
10,000 replications, the computed statistics are above the true statistic in 2344 cases. We also implemented
permutation tests for the estimated ITT on total hours and earnings. Results are presented in Table A10.
Asymptotic results and results from permutation tests are very close.
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to create new positions solely for formal apprentices.

We start by assessing the role of increased demand in inducing a low ω. We find evidence

consistent with the dual training component increasing post-intervention earnings and thus

the attractiveness of apprenticeship (Sections 6.2 and 7.1), but not that the subsidy addresses

access constraints among particularly vulnerable youth (Section 7.1). We also show that the

intervention helps participants invest in their human capital and acquire skills, which is in line

with the objectives of the dual training component (Sections 7.2 and 7.3). We further discuss

that improvements in the matching process alone are unlikely to be the main mechanism

behind the results as they are only consistent with a small increase in the proportion of

youth in apprenticeship (Section 7.4).

We then explore mechanisms in firms to shed light on potential explanations for a low ψ.

Firms do not appear to create new apprenticeship positions solely for formal apprentices, as

they are willing to host apprentices without the intervention (Section 7.5). Firms provide

comparable efforts to train traditional and formal apprentices, who are substitutes making

similar total contributions to firm activities. We also show that the amount of the subsidy

absorbed by firms is small. Another explanation for a low crowding-out of traditional ap-

prentices (ψ) is that firms face a high cost to recruit additional apprentices, possibly due to

their scarcity.

We conclude that the dual training component contributes to enhance the attractiveness

of apprenticeship and increase youth demand (low ω), which is also compatible with firms

facing high recruitment costs due to the scarcity of apprentices (low ψ).

7.1 What Drives Increased Youth Demand for Apprenticeship?

In this section, we explore explanations for the increase in youth demand for apprenticeship

(related to P (trad|reg)). We assess the relative roles of the subsidy and the dual training

component in making apprenticeship more attractive and explaining the low windfall effect

(ω). To analyze the decision to enter apprenticeship, we distinguish between always-takers,

compliers, and never-takers in relation to participation in apprenticeship. Always-takers

enter an apprenticeship position even in the absence of the program, compliers only enter

an apprenticeship position if one is offered by the program, and never-takers do not enter an
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apprenticeship position.46

The subsidy component of the formal apprenticeship program aims to help youth who

are more financially constrained, or from more vulnerable or lower-income families, enter

apprenticeship. This is particularly relevant in a context where there are substantial forgone

earnings, as documented in Section 6.1. We use youth baseline data to build an index of

household assets as a proxy for wealth and an index of financial constraints.47 We com-

pare the distribution of these indices for two groups of youth entering apprenticeship across

treatment and control, including compliers and always-takers. We perform a Kolmogorov-

Smirnov test of the equality of the distributions. Figure 3 shows that there is no difference

between the two distributions of each index. The two distributions are close to each other

and within the confidence interval. This shows that the program did not facilitate the entry

of youth facing greater financial constraints or from less-wealthy households. Table A15 tests

the difference in average characteristics between compliers and always-takers. There is again

no indication that the program facilitated access to youth from more disadvantaged socioe-

conomic backgrounds, as proxied by the asset and financial constraint indices.48 Overall, we

do not find evidence that the subsidy alleviates financial constraints among youth. Beyond

proxies of financial constraints, we find that compliers are slightly more likely to be women,

to aspire to wage jobs rather than self-employment, and to be more educated.49

Next, we assess the role of the dual training component in increasing the perceived quality

of apprenticeship, which might trigger the decision of youth to participate in apprenticeship

by making it more attractive, as shown in the conceptual framework. We compare the

distribution of potential outcomes among non-apprentices for compliers (those who would

have entered apprenticeship if offered) and never-takers for labor income at baseline, midline,

and endline (Imbens and Rubin, 1997). We show that youth who self-select to participate in

formal apprenticeship are those for whom future earnings would have been smaller absent the
46Never-takers may register for the program, but they do not enter a formal apprenticeship position once

they learn about its true value. See Annex 12 for more details.
47We consider the number of self-reported constraints for basic expenditures, the lack of savings, the need

to use savings to meet basic expenditures, the existence of debt, self-reported problems in paying back debt,
and the lack of access to credit.

48There is also no significant difference in an index of exposure to crisis, an index of distance to infras-
tructure, or a ratio of employed household members.

49 We find similar results when comparing the background characteristics of formal apprentices to tradi-
tional apprentices in treatment or control firms based on the firm midline survey and Equation 8. Table A17
shows that formal apprentices do not have significantly different socioeconomic backgrounds, but they are
more educated and have higher aspirations for wage jobs.
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program. Figure 4 shows no difference in the distributions of baseline and midline earnings

between compliers and never-takers (top and bottom left panel, respectively). Specifically,

the mean differences are not significant and are close to zero (CFAF −6, 288 and CFAF

−1, 998, respectively).50 On the other hand, the endline earnings distribution for never-

takers dominates the distribution for compliers and is at the margin of the 95% confidence

interval. The mean difference is larger (CFAF −13, 974) than at midline, with a confidence

interval from CFAF −31, 969 to 4, 021.51

These results suggest that the decision to participate in apprenticeship depends on longer-

term income prospects in the absence of the program. This is consistent with the dual

training component making apprenticeship more attractive. We could have ruled out the

role of the dual training component if only short-term earnings were correlated with the

decision to participate, but this is not the case. Note that, while the subsidy does not relax

financial constraints, it may still increase the value of apprenticeship and thus influence entry

decisions by offsetting forgone earnings (see Annex 12).52

7.2 Do Youth Acquire Skills through Dual Apprenticeships?

The previous section showed that the formal apprenticeship program increased youth demand

for apprenticeship by making it more attractive, but not because the subsidy alleviated

financial constraints. We now analyze whether the intervention led youth to acquire skills,

which is a key channel for dual apprenticeships to improve earnings and productivity.

Table 6 documents how the program affects skills through an index of routine task in-

tensity. As mentioned in Section 4.1, we collected data on the complexity of tasks in the

primary occupation at endline. For each individual, we build an overall index of routine task

intensity (Table 6, column (1)) that aggregates subindices of routine tasks, non-routine ana-

lytical tasks, and non-routine interpersonal tasks (columns (2) to (4)).53 Results show large
50The confidence interval is broader at baseline, which may be due to the reduced sample size for which

baseline data are available.
51Table A16 compares compliers and never-takers. Only a few differences are borderline significant. They

suggest that never-takers are closer than compliers to infrastructure, which could be associated with better
access to economic opportunities, and lack assets, which could be needed to obtain returns to the training.
Overall, however, potential differences in the earnings progression between the two groups is likely mostly
due to unobserved factors.

52The subsidy may also help youth save to increase future earnings—see the increase in savings in Table
A13.

53The overall index adds up the routine subindex and subtracts the non-routine (analytical and interper-
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changes in the tasks performed by treated youth in their primary occupation. Specifically,

youth assigned to formal apprenticeships are substantially more likely to undertake non-

routine analytical tasks (+0.24 sd) and non-routine interpersonal tasks (+0.08 sd). They

are also slightly more likely to perform routine tasks (+0.11 sd). The aggregate index of rou-

tine task intensity decreases by 0.21 sd. Treated youth are involved in a wider range of tasks,

particularly more complex, non-routine tasks. This points to substantial improvements in

skills consistent with the observed increase in earnings and productivity in the medium term.

Table A14 disaggregates impacts for all tasks of each subindex. Treated youth are sig-

nificantly more likely to perform non-routine analytical tasks that involve reading, writing,

taking measurements, performing math operations, or thinking. This explains the large im-

pact on the subindex of non-routine analytical tasks. On the other hand, evidence of impacts

on non-routine interpersonal tasks is weaker. The estimated coefficient for the subindex is

small and only significant at the 10% level. Moreover, of the four tasks in the list, we detect a

small, statistically significant impact on only one variable (advising co-workers). The impact

on the routine task subindex is also small and only significant at the 10% level. We observe

an increase in the use of heavy equipment and tasks related to repairing and maintaining

electronic equipment but a reduction in repetitive tasks.

Our measures of skills based on the task approach are not occupation-specific. This

allows us to compare the complexity of tasks performed by youth in the treatment and

control groups even if they work in different sectors. We can also decompose how much

of the changes in the complexity of tasks is driven by treated youth working in different

occupations than control youth. We consider the average value of a given index I over

youth in the control group in each occupation s: ICs . The within-between decomposition

writes Ii = [Ii − I
C

s(i)] + I
C

s(i) = Wi + Bi. Assessing impacts on Wi and Bi indicates whether

observed changes in I are related to changes in occupations—for example, switching to

occupations involving more abstract tasks (changes in B)—or whether they are related to

changes in tasks performed within sectors (W ). Table 6 (middle panel) shows that for each

subindex, the observed changes in the upper panel are partly driven by changes in occupation.

Thanks to the program, youth enter occupations involving more diverse tasks, including more

sonal) indices. Each subindex is built based on a principal component analysis of several questions. Each
subindex is standardized based on the mean and standard deviations in the control group. Table A14 lists
the items for each subindex.
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routine, non-routine analytical, and non-routine interpersonal tasks. No impact is detected

on the within component of routine tasks and non-routine interpersonal tasks. Importantly,

however, there is also a significant increase in the within component of non-routine analytical

tasks, showing that treated youth perform more of these tasks even within occupations. This

explains the decrease in the aggregate routine task intensity index.

Overall, we find that youth assigned to subsidized dual apprenticeship positions are

engaged in more complex tasks, even after accounting for occupational changes. Together

with an increase in earnings, this is consistent with youth acquiring skills and becoming

more productive. In the next section, we delve further into the various elements of the dual

apprenticeship program that can contribute to improving skills.

7.3 Human Capital Investments, Dual Training, and Certification

The dual apprenticeship program includes several elements to facilitate skills acquisition—

it combines on-the-job, practical training in firms with theoretical training in vocational

centers. In this section, we document further how the program increases human capital

investments, and we explore the role of dual training and certification.

Control youth do not participate in much training, and the program is a unique op-

portunity for many youth to invest in their human capital. The program clearly increases

youth human capital investments through training. The midline shows a boost in entry

into apprenticeship (Section 5.1). At endline, we collected retrospective data on all training

activities begun since the start of the experiment (2014–2018).54 Table 7 (top panel) shows

that the program strongly increases participation in training. The share of youth participat-

ing in any type of training activity increases by 47.7 percentage points, from 24.9% to 72.6%

(column (1)).55 On average, treated youth participate in 10.8 additional months of training,

a large increase since control youth only spend 3.2 months in training on average (column

(3)).56 In line with the program’s intent to facilitate access, higher participation does not

come at a higher cost (column (4)).
54For each training activity, the data include the start date, the type of training, and the end date.
55The number of training attended increases by 0.498 (column (2)), from 0.287 in the control group. Few

youth have more than one training spell.
56The training activities treated youth participate in are also longer by approximately 6.5 months. In the

control group, conditional on participation, youth spend 3.195/0.249 = 12.8 months in training, while in the
treatment group, the length of training is on average (10.8 + 3.195)/(0.477 + 0.249) = 19.3 months.
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Training participation can be decomposed between solely firm-based training, dual train-

ing (firm-based training combined with training in vocational centers), and training in vo-

cational centers only. Table 7 (middle panel) shows that, as expected, the program has no

impact on participation in training based in vocational centers only. On the other hand, the

number of solely firm-based training activities increases by 0.205, and the number of dual

training activities by 0.268. These results also show that not all treated youth who received

training in firms participated in the theoretical training, partly because it was provided

toward the end of the program and some youth had dropped out before then.57

Control youth do not catch up after the program. Table 7 (middle panel, column (4))

shows that the share of youth who started a training in 2017–2018 is very low, and the

treatment effect is zero. The program thus does not solely shift training participation over

time; it truly increases youth human capital investments.

Last, the program establishes procedures to certify skills. The intervention leads to more

youth obtaining certification (+14.7 percentage points, from 11.1% in the control group).

Almost all of this increase is driven by increases in formal government certification (+16.4

points), which is rare in the control group (3.2%). This is noteworthy because formal cer-

tification can help youth signal general skills and thus facilitate their mobility in the labor

market, in particular to access better wage jobs. Still, the increase in the share of youth

with certification is small in absolute terms. Less than half of treatment apprentices who

completed dual apprenticeships obtained a formal certificate.58 In part, this may be due to

implementation delays in the setup of the certification mechanisms. It is also consistent with

some treated youth remaining in firms as apprentices after the end of the program.

To assess the role of dual training and certification, we examine whether participating in

dual training and certification correlates with income and routine task intensity for treated

youth. The results are presented in Figure 6.59 In the treatment group, compliers who were
57Based on the data, we see that treated youth report participating in 0.085 + 0.205 = 0.29 solely firm-

based training activities and 0.083 + 0.268 = 0.351 dual training activities. This suggests that about half
of treated youth who started formal apprenticeships received theoretical training.

58Specifically, 0.147 + 0.111 = 25.8% of treated youth received certification, less than half of the 72.6% of
treated youth who took any training.

59In the figure, the width of the bars represents the size of the related populations. To learn more about
these populations, Table A18 documents baseline characteristics among treated youth, based on whether
they completed dual training and certification, using the same variables as in Table A17. There are very few
differences that are statistically significant between groups. The implementation of the dual training (and
subsequent certification) was delayed by the preparation of the curriculum and procurement of vocational
training centers. As such, most of the training took place in blocks during the program’s second year.
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dually trained and certified have higher mean earnings and lower routine task intensity than

other apprentices and never-takers. This suggests that the main impacts on earnings and

technical skills are driven by apprentices who were dually trained and certified.

Our results are consistent with the increase in earnings reflecting an increase in skills and

productivity in current youth activities, rather than reflecting higher labor market mobility

and easier access to new wage jobs for trained youth (as in Alfonsi et al., 2020). Table 5

shows that the program does not increase entry into wage employment, for which certifica-

tion may be most needed. Figure 5 shows the number of employment spells (counting the

number of activities started after the program) in various occupations for treated and control

youth based on a retrospective employment calendar. The number of post-program employ-

ment spells is very similar in treatment and control. If anything, treated youth have fewer

employment spells in wage jobs and self-employment. This suggests that the intervention

did not facilitate access to new wage jobs. Instead, recall that we also observe increases in

skills and productivity within the occupations in which youth are employed. Table 5 shows

that impacts on endline earnings are partly driven by increases in self-employment earnings,

despite time worked in self-employment remaining the same. Overall, this suggests that dual

training contributes to increasing youth productivity in self-employment. This mechanism

differs from those discussed in previous literature, which focuses on facilitating access to

wage jobs (e.g., Alfonsi et al., 2020; Attanasio et al., 2017). This may, in part, reflect the

largely informal setting in which our experiment takes place.

7.4 Contribution of Increased Demand and Improved Matching

So far, we have highlighted the role of higher demand from youth in increasing youth entry

into apprenticeship. We have focused on apprenticeships becoming more attractive, a channel

consistent with the documented increases in earnings and skills in the medium term. The

framework shows that ω = P (trad|reg)λ(θ1)/λf . A lower ratio P (trad|reg) indicates a

larger effect of increased demand. In other words, 1/P (trad|reg) captures the magnitude

of the demand effect. We now consider another potential explanation for ω being low: the

intervention may improve matching by connecting youth interested in apprenticeship with

Whether or not an apprentice participated in dual training activities may have been less a decision on their
part than a function of implementation speed across localities and trades.
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firms. In other words, rather than P (trad|reg) being small, an alternative reason for ω being

low would be that λf/λ(θ1) is large.

The demand for apprenticeship in the control group P (trad|reg) at midline includes the

share of control youth in an apprenticeship position and searching for an apprenticeship

position. Participation in apprenticeship is 26% in the control group (Table 2). To estimate

the share of control youth searching for an apprenticeship position, we note that 21% search

for a job (including an apprenticeship) at midline. We consider various scenarios by assuming

either that none of them, all of them, or 50% of them search for an apprenticeship position.60

Based on these estimates (column (2)), Table 8 (column (3)) displays the estimated share of

control youth either in apprenticeship or searching for an apprenticeship (P (trad|reg)). The

program increases the demand for apprenticeship by up to a factor of four (1/0.26), or 2.7

(1/0.37) in the intermediate scenario. Even in the most conservative scenario, the program

increases the share of youth searching for apprenticeship by a factor of two (1/0.48). The

increase in youth demand for apprenticeship is thus an important driver of the increase in

apprenticeship entry.

Column (4) shows the estimated ratio λf/λ(θ1), which ranges from 0.78 to 1.44.61 We can

contrast these results with Hardy et al. (2019), who study an intervention in Ghana aimed

at improving the matching between potential apprentices and host firms, with no change in

the features of apprenticeships (hence, where we can assume that P (trad|reg) = 1). Hardy

et al. (2019) find an increase in apprenticeship participation of 13 percentage points—much

smaller than the effect we find on youth entry. In their study, the ratio of participation

in the treated group (0.75) relative to the control group (0.62) is 1.2, which provides a

benchmark estimate for λf/λ(θ1). Our intermediate case indicates a ratio of 1.11, which

points to improvements in the matching process of similar magnitude to Hardy et al. (2019),
60Based on the retrospective employment calendar from the endline survey, the share of control youth

starting an apprenticeship after the program is 0.11. We can use this as a proxy by assuming that all youth
who search for an apprenticeship position would find one between midline and endline. This is the same
estimate we obtain when assuming that 50% of control youth who search for a job search for an apprenticeship
position.

61To perform this analysis, we consider ω to be the ratio of participation in apprenticeship in the treatment
and control groups (from column (3) of the bottom panel of Table 2, this is 0.263/(0.263 + 0.528) = 0.333).
In Table 3, the parameter ω is presented as 1 minus the IV estimate of participation in apprenticeship on
participation in formal apprenticeship. These two quantities are the same under perfect compliance, but the
small non-compliance documented in Section 5.2 makes them slightly different. We use this approach to be
consistent with the computation of P (trad|reg), which uses the share of apprentices in the control group
(0.263).
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but which is alone insufficient to explain the much larger effect on youth entry that we find

in our context. Importantly, even in the most conservative scenario, the ratios in column

(4) are not much larger than those in Hardy et al. (2019). These results clearly show that

increased demand contributes much more strongly than improved matching to explaining

the low value of ω and the large increase in the share of youth in apprenticeship positions.62

7.5 Firms’ Willingness to Open Apprenticeship Positions

There is another possible mechanism by which improved matching may drive the results:

if there is no impact on youth demand for apprenticeship (P (trad|reg) = 1), the ratio

λf/λ(θ1) = 1/ω would need to be large for ω to be low. This could occur if the subsidized dual

apprenticeship program led firms to open new positions specifically for formal apprentices

(large λf ), allowing more treated youth to match and enter apprenticeship positions. We now

discuss whether the intervention changes firms’ willingness to open apprenticeship positions.

To study this, we analyze mechanisms in firms and the potential firm-side constraints

that the intervention may address to induce ω and ψ to be low. We examine different

reasons why firms might be reluctant to open apprenticeship positions or train traditional

apprentices. We show that firms do not appear to create new apprenticeship positions

solely for formal apprentices, given their willingness to host apprentices in the absence of

the intervention. We also highlight that firms make a comparable effort to train traditional

and formal apprentices and that formal and traditional apprentices are substitutes making

similar total contributions to firm activities. We further show that the amount of the subsidy

absorbed by firms is small. This rules out firm-side constraints related to the cost of training

apprentices (or other financial constraints), though the results remain compatible with firms

facing high recruitment costs for additional apprentices.

First, recall that apprenticeship is very common in small, informal firms in Côte d’Ivoire.

Of our sample firms, 80% host apprentices at midline, and the intervention has only a small

impact in reducing the share of firms without apprentices (by 5.4 percentage points; see

Table A11, last column). Even in a favorable context, with the program, 15% of firms had
62The last column shows the implied value of λ(θ1). In the intermediate case, we find 0.26/0.37 = 0.70,

which is slightly higher than the matching rate of 0.62 found in the control group in Hardy et al. (2019).
The estimated values of λ(θ1) are reassuring as they rule out the possibility that the ratio λf/λ(θ1) is high
because of a decrease in the matching rate in the control group due to an equilibrium effect reducing the
number of available positions.
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open apprenticeship positions that they could not fill. Apprentices also make important

contributions to firm activities. There are 3.38 apprentices per firm at baseline, representing

over half of the total workers (6.36) (Table A4). The estimated production function in control

firms at midline (Table A5) highlights that apprentices have a production elasticity of 0.343,

similar to regular workers (0.372) and higher than casual workers (0.197).63 Apprentices are

thus an important source of labor, and it is very common for firms to open apprenticeship

positions.

Second, firms may be reluctant to take on traditional apprentices because of high training

costs or constraints in the number of apprentices they can train. For example, in Colombia,

Caicedo et al. (2022) show that firms in high-skill sectors are particularly unwilling to employ

apprentices, while the majority of firms in low-skill sectors recruit as many apprentices as

possible.64 However, dual apprenticeships may allow firms to open new positions specifically

for formal apprentices by outsourcing more of the training to vocational training centers.

In our data, however, we do not see that firms exert less effort to train either formal or

traditional apprentices. We compare the training of the two types of apprentice by using

our midline employer-employee data to estimate Equation 8. Table 9 (panel 1) shows that

formal and traditional apprentices spend the same amount of time working under the mas-

tercraftsperson’s supervision (2.6 hours per day).65 The time spent by apprentices working

under the supervision of the mastercraftsperson can be costly for the firm, but the master-

craftsperson’s level of effort is similar for formal and traditional apprentices. We thus do

not find evidence that the program releases constraints on the capacity of firms to train

apprentices.

Third, firms may absorb part of the subsidy, which could provide them with the cash

needed to finance apprentices, especially when they are new and not very productive. Table

9 (panel 3) shows that formal apprentices are paid less than traditional apprentices. Firms

make lower payments to formal apprentices for transportation, room, and food, which the

program subsidy contributes to. Formal apprentices still receive similar “bonus” payments
63To estimate this production function, we follow the approach of Olley and Pakes (1996) to deal with

fixed effects and simultaneity by also introducing control variables such as the baseline number of each type
of employee.

64This is largely consistent with the central role of apprentices in the production process of small, informal
firms in Côte d’Ivoire, as mentioned above.

65If anything, formal apprentices spend more time working autonomously and less time watching the
mastercraftsperson than traditional apprentices.
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to traditional apprentices in treatment firms. This shows that firms complement the subsidy

offered by the program to motivate apprentices directly. The total monthly payments (wage

bill) made by firms per formal apprentice tends to be lower than the payments made per

traditional apprentice (by 18%, though not statistically significant with a p-value of 0.20)

despite differences in daily productivity. However, formal apprentices pay significantly lower

fees to firms than traditional apprentices in both treatment and control firms. This is

consistent with the program’s intent to subsidize access. Over the 24-month duration of an

apprenticeship, the reduction in monthly payments to apprentices outweighs the reduction

in fees, but firms only absorb approximately 5% of the subsidy.66 The fact that the amount

of the subsidy absorbed by the firm is small suggests that financial constraints were not the

main reason they did not host additional apprentices in the absence of the intervention.

Fourth, formal apprentices provide a similar total contribution to firm activities as tra-

ditional apprentices. This suggests that formal apprentices and traditional apprentices are

substitutes, and formal apprentices do not fill positions that are opened solely for them. Ta-

ble 9 (panel 3) shows how mastercraftspeople rate their apprentices’ technical skills.67 They

rate formal apprentices as having higher technical skills than traditional apprentices, which

is consistent with dual training facilitating skills acquisition and increasing the complexity

of tasks undertaken by apprentices (as in Section 7.2). Importantly, however, employers

rate formal apprentices as having lower behavioral skills,68 including higher absenteeism and

tardiness.69 At midline, we asked firm owners to recall the work performed by each ap-
66While training fees are CFAF 21,024 for traditional apprentices up to the survey, they are CFAF 20,536

lower, and almost zero, for formal apprentices. The reduction of monthly payments to apprentices (2,413)
minus the monthly fee reduction over the course of the apprenticeship (20,536/24) equals 1,557. This
provides another estimate of the share of the subsidy absorbed by the firm: 1, 557/30, 000 = 5.2%. The
amount represents less than 0.5% of firm revenues. Note that this difference is based on a comparison of
the population of traditional and formal apprentices in firms (reported by the employer) and is smaller than
the difference based on the comparison of apprentices in the treatment and control groups (Section 5.3.2).
Both comparisons may involve selection effects of different sorts. However, in both cases the amount of the
subsidy captured by firms is small.

67Technical skills are assessed through a set of questions directed to the employer about each apprentice.
The technical skills index includes two general questions about how well apprentices master techniques, tools,
and safety procedures. It also includes questions specific to each trade: for each trade, we worked with the
national training agency (AGEFOP) to identify a list of two to seven technical tasks and asked the employer
how well each apprentice performed these tasks (on a scale from 0 to 10). The apprentice-level technical skill
index is the average of the scores obtained across the trade-specific questions and the two general questions.

68The behavioral skills index averages several questions directed to the employer about each apprentice
regarding their attitude at work, including absenteeism, punctuality, respect for clients and boss, seriousness,
and motivation.

69In fact, formal apprentices work seven fewer days per month (35% less) than traditional apprentices
(panel 3), which cannot be explained by participation in vocational training only.
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prentice during their last working day and to estimate how much they would have had to

pay an occasional worker to accomplish the same tasks.70 Table 9 (panel 3) shows that the

program leads to a strongly positive and significant increase in this measure of the (daily)

value of the work performed by formal apprentices compared to traditional apprentices. This

is consistent with increases in technical skills and productivity. However, since formal ap-

prentices have higher absenteeism and work fewer days, there is no difference in the value of

work per month (i.e., their total contribution to the firm activities) compared to traditional

apprentices.

Overall, formal apprentices appear similar to traditional apprentices in terms of the

training they receive from firms and their total contribution to firm activities. On this basis,

it does not appear likely that the formal apprenticeship program leads to a low ω by inducing

firms to open new apprenticeship positions to be filled solely by formal apprentices (which

would imply a large λf ).

These results on firm-side mechanisms can also help explain why ψ is low. The results

are consistent with a situation in which firms are limited in their ability to fill apprenticeship

positions due to difficulty in recruiting additional apprentices, rather than the profitability

of these apprentices (excluding recruitment costs). Difficulty in recruiting traditional ap-

prentices is compatible with apprentices being relatively scarce. Recall that the framework

and Annex 12.3 show that ψ = −af ′′/(c′′ − f ′′), with f the production function, c the re-

cruitment cost, and a the relative contribution to the production of formal versus traditional

apprentices. Based on the analysis above, traditional and formal apprentices make similar

total contributions to firm activities: thus, the parameter a is close to 1. A low ψ in this

framework is possible if the second derivative of the cost function is large compared to the

second derivative of the production function. This means that the number of apprentices

employed in firms is more sensitive to constraints on the number of apprentices that the firm

can recruit than constraints on the number of apprentices that the firm can train or employ

in profitable tasks.
70See Appendix A3. Although this measure has obvious limitations, it is close in spirit to the one used in

the studies that have performed cost-benefit analyses of apprenticeship for firms in Europe. These studies
are based on surveys in which employers are asked how much time each apprentice spends on productive
tasks. This time is then valued using the wage of an unskilled worker (see Acemoglu and Pischke, 1999a).
Importantly, this variable is used to make comparisons between apprentices, hence we only need it to be a
good correlate of a true productivity measure.

42



Overall, this section has shown that the main channel through which the intervention in-

creases the number of apprentices is through an increase in youth demand. An improvement

in matching between apprentices and firms also contributes to the observed increase, as in

Hardy et al. (2019), but it induces a much smaller effect. It is also unlikely that the program

led firms to open apprenticeship positions solely for formal apprentices. These results are

consistent with firms facing capacity constraints related to the number of apprentices they

can recruit.

8 Cost-Effectiveness and Scale-Up Potential

8.1 Program Costs and Benefits

Table 10 provides cost-benefit calculations by comparing program costs to impacts on youth

earnings. The estimated cost of a 24-month apprenticeship is CFAF 1,135,030 (approxi-

mately US$2,045). This includes CFAF 720,000 (US$1,297) for subsidies, CFAF 330,000

(US$595) for other direct costs (theoretical training, tools, equipment, etc.), and CFAF

85,030 (US$153) for indirect costs (selection, monitoring, etc.). Taking into account the

time when youth drop out, the average cost per sample youth is CFAF 654,817 (panel A).

The subsidy accounts for 70% of total costs. The training in vocational centers represents

less than 10% of the costs.

Panel B presents impacts per individual based on the ITT estimates in Section 6.2. We

consider alternative hypotheses about the dissipation of impacts on earnings after the endline

survey, including no dissipation and 5%–15% yearly dissipation. Panel D displays internal

rates of return. While the subsidized dual apprenticeship program would not be cost-effective

if impacts fully dissipated immediately after the endline survey, the rates of return become

positive if impacts are partly sustained thereafter. The internal rate of return reaches 3.4%

with an annual dissipation of 15%, and 6.6% and 10% for an annual dissipation of 10% and

5%, respectively. The program would become cost-effective after eight years under the 5%

yearly dissipation scenario.71

71Section 7.5 documents the differences in monthly payments, training fees, and the net value of work
between traditional and formal apprentices in firms. When aggregating these effects at the firm level (Table
A19), there is a substantial increase in the value of the work provided by apprentices net of their compensation
and fees paid during the program. This is largely driven by the net inflow of apprentices in firms. Still,
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8.2 Potential for Scale-Up

Our results show that the subsidized dual apprenticeship program increased the number of

apprenticeship positions by raising youth demand for apprenticeship without creating a large

windfall effect among youth or crowding-out effect in firms. Impacts on youth earnings are

positive after four years, making the program cost-effective if effects partly sustain.

There are many paths to gradually scale up effective policies based on evidence (Banerjee

et al., 2017). In our setting, the program could scale up in two dimensions under relatively

weak assumptions. We consider the total number of additional apprenticeship positions in

each scenario. First, at the average saturation level in the experiment, the program could

expand to other urban localities in Côte d’Ivoire, as well as to other sectors, both within

existing localities and in other localities. This would reach an additional 7,500 youth,72

relying on the assumption that results have external validity in other urban localities and

apprenticeship sectors. Second, program coverage could increase within localities, implying

higher saturation. Section 5.3.3 shows that the windfall and crowding-out effects at the

higher saturation levels in our sample remain moderate. These results support scaling up

the intervention to reach an additional 15,000 youth by increasing saturation from the mean

in our low-saturation localities to the mean in our high-saturation localities. In total, a

partial scale-up could thus cover an additional 22,500 formal apprentices by expanding to

urban areas nationwide and staying within the range of the saturation levels we observe in

the sample. This scale would represent one-sixth of the total stock of traditional apprentices

in the country. The net number of additional apprenticeship positions per program youth

corresponds to min(1 − ω, 1 − ψ), for which a conservative estimate is 60%,73 hence this

would represent a net increase of 0.6 ∗ 22, 500 = 13, 500 additional apprenticeship positions,

we do not find an increase in firm profits in the short term (Table A20). Therefore, the increase in the
value of work by apprentices may not be sufficient to increase profits. Youth indirectly compensate firms for
providing training since their remuneration is lower than their productivity. Yet the provision of training
also has an opportunity cost for firms, including the opportunity cost of supervisors’ time. Finding zero
impact on profits is consistent with these effects canceling each other out. Given these null results on firm
profits, we focus the cost-benefit analysis on youth.

72We estimate that 6,136 youth enter traditional apprenticeship each year in study localities in any sector
(column (5), Table A1), and 4,175 youth in the targeted sectors. The program could enroll approximately
450 additional youth by expanding to other sectors without changing saturation levels in each micromarket.
More importantly, the program could expand to other cities. There are 1.75 million youth aged 15 to 24 in
urban areas in Côte d’Ivoire, including 245,000 in study localities, and 1.505 million in other localities. The
program could reach approximately 7,050 youth in these other localities by keeping a similar saturation level
as in the experiment.

730.582 is the lowest estimate across Tables A7 and A8.
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an increase by 10% of the total stock of apprentices. Note that this increase in the flow of new

apprentices would compound over time and that some trained apprentices who become self-

employed may in turn start training future apprentices. The analysis of scale-up trajectories

could be the subject of future research.

Importantly, the intervention we study was implemented by a government agency in real

conditions, such that an expansion could occur without concerns about worsening imple-

mentation quality. However, there are additional margins for scale-up for which our results

may or may not generalize. First, coverage could increase above the levels of saturation in

the sample (i.e., above 0.4). Recall that the crowding-out effect we observe in firms appears

more sensitive to increases in saturation levels than the windfall effect among youth. It is

thus possible that firm-side constraints may bind and accentuate crowding out if saturation

reaches very high levels. Second, the apprenticeship program set a maximum of three ap-

prentices per trainer. If this quota was relaxed, it is possible that some firms would reach

their capacity constraints, also potentially inducing a larger crowding-out effect.

Our study results have been directly relevant to policy: they have informed the national

apprenticeship strategy in Côte d’Ivoire, in particular a decision to gradually scale up the

subsidized dual apprenticeship model to an additional 32,000 apprentices over several years.74

Our results are also directly relevant for policy makers in other low-income and lower-middle-

income countries who are rolling out apprenticeship programs of similar scale.75

9 Conclusion

Market failures can limit youth demand for apprenticeship, the quality of training appren-

ticeships provide, and their returns. We find that offering subsidized dual apprenticeships

strongly increases youth demand and entry into apprenticeship positions. Using a double-

sided experimental design, we show that the program fills 0.74–0.77 new positions per sub-

sidized apprentice placed. This indicates that there is room to increase apprenticeship pro-

vision without displacing traditional apprentices.

Our results also point to the value of dual apprenticeships, which combine on-the-job and
74Given budget and operational constraints, many policies are scaled up progressively, such as in this case,

with a first wave of 4,000, a second wave of 10,000, and a third wave of 18,000 apprentices.
75Examples include Benin, Nigeria, and Senegal, among others.

45



vocational training: treated youth have higher earnings by 15% two years after the end of

the intervention. These results complement findings by Attanasio et al. (2011, 2017) on a

program combining classroom and on-the-job training, as well as by Alfonsi et al. (2020) on

vocational training, where training improves earnings and facilitates access to wage jobs. In

our context, characterized by high informality, we do not find a higher likelihood of accessing

wage jobs. Rather, dual apprenticeships improve skills, and youth perform more complex

tasks, contributing to higher productivity and earnings in self-employment.

Last, we show that the dual training component enhances the attractiveness of appren-

ticeship, which is consistent with higher skills and earnings. The program also addresses

matching inefficiencies (in line with Hardy and McCasland (2023)), but this induces a much

smaller effect on entry than the increase in youth demand. We do not find evidence that the

subsidy relaxes financial constraints, nor do we find evidence that firms are unwilling to host

apprentices, which is consistent with the significant role of apprentices in micro- and small

firms in Côte d’Ivoire and with firms’ willingness to recruit apprentices in low-skill sectors

in Caicedo et al. (2022). The low crowding-out effect in firms can be explained by high

recruitment costs for additional apprentices, which is compatible with their relative scarcity

and constraints on youth demand for apprenticeship.

Several questions about the optimal design of national apprenticeship systems remain

for future research. The relative effectiveness of improving on-the-job training, center-based

training, skills monitoring, and certification need to be isolated, especially as they are core

elements of apprenticeship policy reforms. The long-term impacts of apprenticeship programs

also remain to be assessed, which is critical for overall cost-effectiveness.

Our results have broad relevance in developing economies, where many jobs are concen-

trated in small, informal firms that have limited technology and may be unable to provide

general skills training. In such settings, this study has important policy implications. It

shows that dual apprenticeships can raise youth demand for training by increasing the at-

tractiveness of apprenticeship, as well as contribute to small firm expansion and benefit youth

over the medium term.
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at https://doi.org/10.60572/hn8v-8x69. The data underlying this article are available in the World Bank
Reproducible Research Repository, at https://doi.org/10.48529/766e-b621, https://doi.org/10.48529/w2sz-
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10 Tables

Table 1: Experiment Size Ratio in Study Localities

Locality Saturation on Youth Side Saturation on Firm Side
(1) (2)

Bouake 0.04 0.09
Gagnoa 0.08 0.21
Divo 0.11 0.25
Man 0.15 0.29
Adzope 0.23 0.23
Mankono 0.37 0.41
Daoukro 0.37 0.41

Total 0.11 0.22

Column (1) gives the size of the experiment defined as the number of youth
who started a formal apprenticeship divided by an estimate of the number of
youth starting an apprenticeship yearly in the locality (see Online Appendix
A2.3.1 and Table A1 for details.)
Column (2) gives the size of the experiment defined as the number of firms
assigned to treatment in the experiment divided by the number of firms host-
ing apprentices in the locality (see Online Appendix A2.3.2 and Table A2 for
details.)
Estimates in bold are above the median.
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Table 2: Entry into Apprenticeship

Youth Firm
Formal Traditional Total Formal Traditional Total

(1) (2) (3) (4) (5) (6)

In apprenticeship at midline

Treated 0.490∗∗∗ −0.125∗∗∗ 0.365∗∗∗ 0.787∗∗∗ −0.174 0.613∗∗∗
(0.018) (0.014) (0.022) (0.065) (0.149) (0.172)

Mean 0.018 0.161 0.179 0.058 1.512 1.570
FDR 0.000 0.000 0.000 0.000 0.243 0.000
FWER 0.000 0.000 0.000 0.000 0.218 0.001

Started since randomization

Treated 0.712∗∗∗ −0.185∗∗∗ 0.528∗∗∗ 1.398∗∗∗ −0.318∗ 1.080∗∗∗
(0.016) (0.016) (0.021) (0.096) (0.178) (0.208)

Mean 0.038 0.225 0.263 0.188 1.942 2.130
FDR 0.000 0.000 0.000 0.000 0.100 0.000
FWER 0.000 0.000 0.000 0.000 0.095 0.000

Source: Youth midline survey (1,661 observations) and firm midline survey (674 observations).
Note: Left panel: Estimation of Equation 7 for youth (White-Huber robust standard errors
are in parentheses).
Right panel: Estimation of Equation 6 for firms (White-Huber robust standard errors are in
parentheses).
p-values adjusted for false discovery rate (FDR) (Benjamini and Hochberg, 1995) and family-
wise error rate (FWER) (Romano and Wolf, 2016) are presented at the bottom of each panel.
The six outcomes in each panel (for youth in the left panel and firms in the right panel) were
jointly tested.
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Table 3: Overall Impact on Number of Apprentices

Youth Side
Reduced Form Instrumental Variable

Total
(a)

Formal
(b)

Treated 0.528∗∗∗ 0.712∗∗∗
(0.021) (0.016)

Total
(c=a/b)

1− ω 0.741∗∗∗
(0.022)

Windfall
(d=1-c)

ω 0.259∗∗∗
(0.022)

Firm side
Reduced Form Instrumental Variable

Total
(a)

Formal
(b)

Treated 1.080∗∗∗ 1.398∗∗∗
(0.208) (0.096)

Total
(c=a/b)

1− ψ 0.773∗∗∗
(0.128)

Crowding Out
(d=1-c)

ψ 0.227∗
(0.128)

Source: Youth midline survey (1,661 observations) and firm midline survey (674 observa-
tions).
Note: Columns (a) and (b) present ITT estimates of Equations 7 (upper panel) and 6
(lower panel). Column (c) presents IV estimates of Equations 21 (upper panel) and 22,
which is the ratio of column (a) to (b). Column (d) presents estimates for parameters ω and
ψ, as obtained from column (c). The outcome variables are entry into formal apprenticeship
and entry into any apprenticeship since randomization (upper panel) and total number of
formal apprentices and total number of apprentices of any type who entered firms since
randomization (lower panel).
White-Huber robust standard errors are in parentheses.
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Table 4: Youth Employment, Hours, and Earnings at Midline

(1) (2) (3) (4) (5) (6) (7)

Employment

Apprentice Wage empl. Self-empl. Other
activities

Total #
activities

At least
one

Treated 0.365∗∗∗ −0.135∗∗∗ −0.0724∗∗∗ −0.0891∗∗∗ 0.0526∗ 0.0336∗∗∗
(0.0216) (0.0222) (0.0209) (0.0202) (0.0310) (0.0128)

Mean 0.18 0.36 0.29 0.27 1.19 0.91
FDR 0.000 0.000 0.001 0.000
FWER 0.000 0.000 0.004 0.000

Hours

As an
apprentice

As
wage empl.

As
self-empl.

In other
activities Total

Treated 18.20∗∗∗ −6.462∗∗∗ −4.384∗∗∗ −2.793∗∗∗ 3.687∗∗
(1.170) (1.235) (1.009) (0.801) (1.492)

Mean 7.56 15.10 10.51 7.42 41.93
FDR 0.000 0.000 0.000 0.001
FWER 0.000 0.000 0.000 0.004

Earnings

Apprentice Wage empl. Self-empl. In other
activities

Total
Labor Non-labora Total

Treated 3,238∗∗∗ −6, 414∗∗∗ −4, 157∗∗ −2, 103∗∗∗ −10, 494∗∗∗ 10,213∗∗∗ −1, 408
(749) (1,407) (1,959) (624) (2,654) (870) (3,295)

Mean 4,746 15,398 14,279 4,752 41,776 7,540 51,484
FDR 0.000 0.000 0.034 0.001
FWER 0.000 0.000 0.033 0.004

Source: Youth midline survey (1,661 observations).
Note: The three panels present ITT estimates of Equation 7 for outcome variables related to employment, hours
worked, and earnings. Hours worked and earnings variables are winsorized at the 99th percentile. White-Huber robust
standard errors are in parentheses.
p-values adjusted for false discovery rate (FDR) (Benjamini and Hochberg, 1995) and family-wise error rate (FWER)
(Romano and Wolf, 2016) are presented at the bottom of each panel. The 12 outcomes were jointly tested.
a. Non-labor earnings include the program stipend.

56



Table 5: Youth Employment, Hours, and Earnings at Endline

(1) (2) (3) (4) (5) (6) (7)

Employment

Apprentice Wage empl. Self-empl. Other
activities

Total #
activities

At least
one

Treated 0.0937∗∗∗ −0.0363 0.0443∗ −0.0218 0.0823∗∗∗ 0.0125∗∗
(0.0200) (0.0241) (0.0234) (0.0203) (0.0304) (0.00562)

Mean 0.17 0.38 0.32 0.23 1.23 0.98
FDR 0.000 0.228 0.141 0.377
FWER 0.000 0.487 0.324 0.714

Hours

As an
apprentice

As
wage empl.

As
self-empl.

In other
activities Total

Treated 4.436∗∗∗ −2.600∗ 1.058 −1.149 1.457
(0.986) (1.358) (1.306) (0.911) (1.346)

Mean 6.68 16.61 12.66 8.01 41.19
FDR 0.000 0.141 0.502 0.312
FWER 0.000 0.324 0.798 0.625

Earnings

Apprentice Wage empl. Self-empl. In other
activities

Total
Labor Non-labor Total

Treated 3593∗∗∗ 544 4512∗ 398 8987∗∗ 551 9394∗∗
(1004) (2133) (2711) (731) (3548) (1078) (3928)

Mean 5770 20650 19350 4393 53029 8925 62747
FDR 0.001 0.799 0.192 0.639
FWER 0.002 0.823 0.437 0.823

Source: Youth endline survey (1,670 observations).
Note: The three panels present ITT estimates of Equation 7 for outcome variables related to employment, hours
worked, and earnings. Hours worked and earnings variables are winsorized at the 99th percentile. White-Huber
robust standard errors are in parentheses.
p-values adjusted for false discovery rate (FDR) (Benjamini and Hochberg, 1995) and family-wise error rate
(FWER) (Romano and Wolf, 2016) are presented at the bottom of each panel. The 12 outcomes were jointly
tested.
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Table 6: Impact on Skills at Endline

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

Routine Task
Intensity Index

(RTI)
Routine
(R)

Non-routine
Analytical
(NRA)

Non-routine
Interpersonal

(NRI)

Treated −0.213∗∗∗ 0.110∗∗ 0.243∗∗∗ 0.0793∗
(0.0802) (0.0472) (0.0501) (0.0472)

Between sectors of occupation

Treated −0.0374 0.151∗∗∗ 0.107∗∗∗ 0.0814∗∗∗
(0.0304) (0.0244) (0.0229) (0.0166)

Within sector of occupation

Treated −0.175∗∗ −0.0410 0.139∗∗∗ −0.00497
(0.0779) (0.0448) (0.0465) (0.0451)

Source: Youth endline survey (1,670 observations).
Note: Task complexity measures are based on tasks undertaken by youth
in their primary occupations, adapted from Autor et al. (2003), Autor and
Handel (2013), and Dicarlo et al. (2016). See Table A14 for impacts on
specific tasks within each subindex.
RTI index = R − NRA − NRI.
Estimation of Equation 7 with robust standard errors.
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Table 7: Impact on Training Participation and Certification

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

Any form of training

Participated Number Total Months Cost

Treated 0.477∗∗∗ 0.498∗∗∗ 10.800∗∗∗ −6, 049.768
(0.022) (0.027) (0.527) (4,176.374)

Mean 0.249 0.287 3.195 18,025.330

Number of training, per type

Firm-Based Dual Center-Based Post-Program

Treated 0.205∗∗∗ 0.268∗∗∗ 0.025 −0.010
(0.021) (0.019) (0.019) (0.011)

Mean 0.085 0.083 0.119 0.052

Certification

Any From Government From Center From Firm

Treated 0.147∗∗∗ 0.164∗∗∗ −0.020∗∗ 0.000
(0.020) (0.015) (0.010) (0.006)

Mean 0.111 0.032 0.048 0.015

Source: Youth endline survey (1,670 observations).
Note: The training considered includes on-the-job training in firms, technical and
vocational training (TVET) in training centers, and dual training, combining on-
the-job training in firms and center-based training. Any training activity begun
since the start of the experiment is included. Post-program training only includes
training started after the program.
Government certification includes certification provided by the national apprentice-
ship agency (AGEFOP). Certifications other than those provided by the government,
training centers and firms are included in “any certification,” not as a separate cat-
egory.
Estimation of Equation 7 with robust standard errors.
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Table 8: Role of Increased Demand for Apprenticeship or Improved Matching

Share of youth searching for apprenticeship at midline Implied
Assumption

(1)
Estimate

(2)
P (Trad|Reg)

(3)
λf/λ(θ1)

(4)
λ(θ1)
(5)

0% of youth searching for a job 0 0.26 0.78 1
50% of youth searching for a job 0.11 0.37 1.11 0.70
100% of youth searching for a job 0.21 0.48 1.44 0.54

Source: Youth midline survey.
Note: Based on the assumption in column (1), column (2) provides an estimate of the share of youth in
the control group who search for an apprenticeship position at midline.
Column (3) shows the implied P (Trad|Reg): the overall share of youth in apprenticeship positions or
searching for apprenticeship (col(2)+share of apprentices in the control group).
Column (4) shows the implied relative improvement in matching rates of those participating in the program
compared to those in the control group (i.e., searching for traditional apprenticeship) (col(3)/ω).
To build this table, we abstract from the small non-compliance in the control group. We use ω = 0.26/0.79 =

0.33 (i.e., the ratio of participation in apprenticeship in the treatment and control groups in Table 2 (bottom
panel, column (3)) instead of the slightly different IV estimate from Table 3.
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Table 9: Apprentices’ Training, Supervision, and Performance in Firms

(1) (2) (3) (4) (5)

Reference Formal p-value Traditional p-value

(1) Hours of work and supervision

Autonomous work 2.378 0.495 0.091 −0.191 0.471
Work under supervision 2.603 0.001 0.996 0.014 0.958
Watching mastercraftsperson 1.793 −0.420 0.042 0.257 0.264

(2) Performance and payments

Payment for transport and food 9,394 −2, 660 0.049 −999 0.382
Bonus payment (for motivation) 3,978 247 0.771 482 0.512
Total payment (wage bill) 13,371 −2, 413 0.204 −517 0.742
Fee paid at entry 5,251 −5, 148 0.000 −160 0.906
Fee paid monthly 686 −671 0.097 308 0.577
Total fees (until midline survey) 21,024 −20, 536 0.000 −469 0.948
Value of work last day 1,479 876 0.006 196 0.365
Nb of days worked per month 20 −7 0.000 0 0.786
Net value of work 17,407 8,367 0.243 2,458 0.613

(3) Skills as rated by mastercraftsperson

Behavioral skills index 0.062 −0.247 0.020 −0.026 0.773
Technical skills index 0.366 0.461 0.000 −0.000 0.995

Source: Firm midline survey, apprentice module, for panel (1) (948 observations);
Firm midline survey, employer module, for panel (2) and (3) (1,260 observations).
Note: Estimation of Equation 8, with probability weights.
The reference category is traditional apprentices who entered control firms within six months of the
randomization date.
Column “Formal” presents the difference in means between formal apprentices in treated firms and
the reference category (traditional apprentices in control firms).
Column “Traditional” presents the difference in means between traditional apprentices in treatment
firms and the reference category (traditional apprentices in control firms).
Skills are measured using a set of questions asked to the employer about each apprentice. The
technical skills measure includes two general questions about how well apprentices master techniques,
tools, and safety procedures. It also includes questions specific to each trade: for each trade, we
worked with the national training agency (AGEFOP) to identify a list of two to seven technical
tasks and asked the employer how well each apprentice performed these tasks (on a scale from
0 to 10). The apprentice-level technical skill index is the average of the scores obtained across
the trade-specific questions and the two general questions. The behavioral skills index averages
several questions about attitude at work, including absenteeism, punctuality, respect for clients and
supervisor, seriousness, and motivation.
The value of work is the amount that the firm owner would have had to pay an occasional worker
to accomplish the same tasks as the apprentice during their last working day. (See Online Appendix
A3 for details). The net value of work subtracts apprentices’ compensation from the monthly value
of their work (value of work during the last work day multiplied by number of days worked during
the month) and fees.
Standard errors are clustered at the firm level.
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Table 10: Program Costs and Benefits for Youth

Amount in CFAF
per youth

A: Program costs per youth

Medical check-up and insurance 4,399
Stipends 457,319
Work, personal and learning equipment 97,729
General training in vocational centers and certification 58,352
Indirect cost (enrollment, monitoring, ...) 37,017

Total nominal cost at year 0 654,817
NPV total cost at year 4 (5% discount rate) 795,934

B: Benefits per youth

Year 3: Total income gains (year 4 ITT impact inflated at 5%) 118,366
Year 4: Total income gains (endline ITT impact) 112,729
Year 5 onward: Total income gains, 15% annual dissipation 478,943
Year 5 onward: Total income gains, 10% annual dissipation 674,442
Year 5 onward: Total income gains, 5% annual dissipation 1,047,045
Year 5 onward: Total income gains, assuming year 4 gains persist 1,901,502

A: Total income gains for years 1-4, 5% discount rate 231,095
B1: Total income gains, 5% discount rate, 15% annual dissipation 710,037
B2: Total income gains, 5% discount rate, 10% annual dissipation 905,536
B3: Total income gains, 5% discount rate, 5% annual dissipation 1,278,140
C: Total income gains, 5% discount rate, assuming year 4 gains persist 2,132,597

C: Benefit / cost ratio

A: Income gains years 1-4, 5% discount rate 0.29
B1: Total income gains, 5% discount rate, 15% annual dissipation 0.89
B2: Total income gains, 5% discount rate, 10% annual dissipation 1.14
B3: Total income gains, 5% discount rate, 5% annual dissipation 1.61
C: Total income gains, 5% discount rate, assuming year 4 gains persist 2.68

D: Internal rate of returns (%)

A: Income gains years 1-4, 5% discount rate −0.26
B1: Total income gains, 5% discount rate, 15% annual dissipation 0.03
B2: Total income gains, 5% discount rate, 10% annual dissipation 0.07
B3: Total income gains, 5% discount rate, 5% annual dissipation 0.10
C: Total income gains, 5% discount rate, assuming year 4 gains persist 0.13

Note: Benefits for year four are based on the observed impacts on youth earnings at endline
(ITT estimates). Impacts on earnings during the program are zero (in line with midline results).
After year four, we assume annual dissipation of 15% (scenario B1), 10% (scenario B2), 5%
(scenario B3), or no dissipation (scenario C). Impacts are assumed constant within year. All
monetary amounts are in nominal CFAF.
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11 Figures

Figure 2: Distribution of Potential Outcomes for Hours Worked and Income

Midline: Hours Endline: Hours

Mann Whitney test: p-values from 10,000 permutations (within strata, see note for details).

p = 6/10000 p = 2344/10000

Midline: Income Endline: Income

Mann Whitney test: p-values from 10,000 permutations (within strata, see note for details).

p = 62/10000 p = 2/10000

Source: Youth midline (1,661 observations) and endline surveys (1,670 observations).
Note: The figures show the results of the estimation of the cumulative distribution of potential outcomes in the
two assigned groups. Hours and income are winsorized at the 99th percentile. They are based on the estimation
of Equation 7, with variables defined as 1(y < t) for t varying over the support of y. The red curve shows the
average of those variables in the control group. The blue curve adds to this average the estimated treatment
coefficient. The grey area around the red curve represents a band of ±1.96 times the standard error of the
estimated treatment effect.
The intermediate panels present the result of the Mann-Whitney rank test implemented using 10,000 permuta-
tions within randomization strata. The p-value is the ratio of the number of times the statistic from a permuted
assignment variable was found larger than the statistic obtained from the true assignment variable to the total
number of permutations. 63



Figure 3: Distribution of Baseline Indices of Assets and Financial Constraints for Compliers
and Always-Takers

Asset Index Financial Constraints

Kolmogorov Smirnov p-values

p = 0.951 p = 0.354

Source: Youth baseline and midline surveys (1,313 observations).
Note: The figures show the results of the estimation of the cumulative distribution of two indices computed
from the baseline survey for always-takers (dashed red line) and compliers (solid blue line). They are obtained
following Abadie (2003). The grey area around the dashed red curve represents the 95% confidence interval
of the difference. Always-takers participate in traditional apprenticeship even in the absence of the formal
apprenticeship program. Compliers participate in formal apprenticeship only if offered the program and would
not otherwise enter apprenticeship.
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Figure 4: Distribution of Potential Outcomes y(0) for Labor Income for Compliers and
Never-Takers at Baseline, Midline, and Endline

Baseline

Mean Difference Between Compliers and Never-Takers

−6, 848
[ −36, 994 , 23,299]

Midline Endline

Mean Difference Between Compliers and Never-Takers

−1, 998 −13, 974
[ −17, 099 , 13,104] [ −31, 969 , 4,021]

Source: Youth baseline (1,372 observations), midline (1,661 observations), and endline sur-
veys (1,670 observations).
Note: Income winsorized at the 99th percentile. The figures show the results of the esti-
mation of the cumulative distribution of potential outcomes y(0) for compliers (solid blue
line) and never-takers (dashed red line). They are based on averages of variables defined as
1(y < t) for t varying over the support of y on subsamples of non-apprentice youth based
on their assignment status following Imbens and Rubin (1997) (see Annex 12.1 for precise
formulas). The grey area around the red curve represents the 95% confidence interval of the
difference. Compliers participate in formal apprenticeships only if offered the program, and
would not otherwise enter apprenticeship. Never-takers do not enter apprenticeship even if
offered.
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Figure 5: Distribution of Activities Started after the End of the Program

Number of All Activities Number of Apprenticeship Activities

Kolmogorov Smirnov p-values

p = 0.863 p = 1.000

Mean Difference between Treatment and Control

−0.085 −0.009
[−0.165 , −0.005] [−0.044 , 0.025]

Number of Self-Employed Activities Number of Wage Activities

Kolmogorov Smirnov p-values

p = 1.000 p = 1.000

Mean Difference between Treatment and Control

−0.034 −0.035
[−0.090 , 0.022] [−0.091 , 0.022]

Source: Youth endline survey (1,670 observations).
Note: The figures show the distribution of the number of activities started between January 2017 and April
2018, for treated youth (blue bars) and control youth (red bars).
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Figure 6: Decomposition of Treatment Effects for Compliers, Always-Takers, and Never-Takers
at Endline, by Participation in Dual Training and Certification

Income Routine Task Intensity Index

Source: Youth endline survey (1670 observations).
Note: Income winsorized at the 99th percentile. A dually trained apprentice has undertaken either dual appren-
ticeship or center-based training. Always-takers participate in traditional apprenticeship even in absence of the
formal apprenticeship program. Compliers participate in formal apprenticeships only if offered the program and
would not otherwise enter apprenticeship. Never-takers do not enter apprenticeship even if offered.
The decomposition procedure involves taking the means among treated apprentices conditional on having com-
pleted both dual training and gotten a certification since randomization or not.
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12 Additional Details on the Conceptual Framework

12.1 Supply of Apprentices

We model youth decision to enter traditional apprenticeship as a sequential process. Youth
decide first whether to enter the market for apprenticeship and start searching, and second
they enter apprenticeship with a probability λ(θ).

We model youth decision to enter formal apprenticeship in the same way. Youth first
register in the program, and second a share λf of them enter a formal apprenticeship position.
We denote V (0) the present value if youth do not participate in apprenticeship, V (trad) the
value if youth enter traditional apprenticeship, and V (f) the value if they register in the
program. Before registering in the program, youth have an expectation E(V (f)) of the
value of participating in the program. They register if this expectation is larger than the
outside option V (0). Once they register, they learn about the true value of participating in
the program (which can be above or below their expectation) and decide to start a formal
apprenticeship if V (f) > V (0).

The values V (0), V (t), and V (f) can be decomposed in earnings between two periods,
one during apprenticeship and the other after the end of the apprenticeship: V (0) = w1(0)+
w2(0), V (t) = (w1(t)−Fee+B+R)+(w2(t)−B) and V (f) = (w1(f)+S+B+R)+(w2(f)−B),
where Fee corresponds to the fee youth have to pay to enter traditional apprenticeships, S
the stipend received during formal apprenticeships, directly paid to them by the program, B
the amount youth can borrow to fund their apprenticeships, and R the financial support they
can receive (e.g., from their parents). We also assume that youth earnings have to be above
a minimum threshold during the first period: w1(0) > wmin, w1(t)−Fee+B+R > wmin and
w1(f)+S+B+R > wmin. We assume S is large enough to have w1(f)+S+B+R > wmin,
which means that there are no remaining financial constraints for participants in formal
apprenticeship.

Youth decide to search for a traditional apprenticeship or to register in the formal ap-
prenticeship program if the two following conditions are respectively met:76

(10)

trad: start searching for reg: register in formal
traditional apprenticeship if apprenticeship program if{
V (t) > V (0)
w1(t)− Fee+B +R > wmin

{
E(V (f)) > V (0)
w1(f) + S +B +R > wmin .

Figure 7 describes the various possible cases.

• There are youth who would search for a traditional apprenticeship in absence of a
formal apprenticeship program (area trad in the figure). These youth have limited
outside opportunities, such that even if the training quality is low, apprenticeships are
their best option. In addition, these youth can borrow or receive sufficient support
from their family to meet their minimum needs.

76We assume all youth would prefer a formal apprenticeship over a traditional apprenticeship V (f) > V (t)
and w1(f) + S +B +R > w1(t)− Fee+B +R.
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Figure 7: Youth Decision to Participate in Apprenticeship

wmin+
Fee−W1(t)

wmin−
(W1(f) + S)

trad

Search for
Traditional

Apprenticeship
+

Enter
Formal

Apprenticeship

f3

Register
Enter
Formal

Apprenticeship

V (t)

f1

Register
Enter
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f2

Register
Enter
Formal

Apprenticeship

n1

Register
Don’t Enter
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n2
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Don’t Enter
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V (f) E(V (f)) V (0)

B +R

nr2

Don’t
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nr1

Don’t
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Note: The figure shows the decision to search for traditional apprenticeship positions, register for the formal
apprenticeship program, and enter a formal apprenticeship as a function of the value of the different options
and financial constraints.
trad youth search for an apprenticeship position in the absence of the program.
Youth who register in the program are those in area trad∪ f1 ∪ f2 ∪ f3 ∪n1 ∪n2 that we label as reg in the
text.
f1, f2 and f3, youth register in the program and enter formal apprenticeship when offered but would not
otherwise enter traditional apprenticeship.
n1 and n2, youth register in the program but don’t enter formal apprenticeship.
nr1 and nr2 youth do not register in the program.
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• There are youth who register in the program (area reg = trad∪f1∪f2∪f3∪n1∪n2). The
introduction of the program attracts two new types of youth. First, the improvements
in the quality of the training (and the provision of the subsidy) lead to a perceived
value of participation in the program E(V (f)). Some youth who are not interested in
traditional apprenticeship because they have better outside options become interested
in registering in the formal apprenticeship program (area f1, f2, n1 and n2 in the
figure). Second, thanks to the subsidy, some youth who do not have access to financial
resources (financial support from family or a loan) to meet their minimum needs can
enter formal apprenticeships (area f3, f2, and n2 in the figure). All these youth, as
well as those who would search for traditional apprenticeship, register in the program.

• Once registered, youth learn the true value of participation in formal apprenticeship
V (f). Based on this information, part of the registered youth for whom this value is
too low decide to quit and do not enter apprenticeship (areas n1 and n2 in the figure).

To learn more about the mechanisms and in particular the role of the subsidy and the vo-
cational training, we examine baseline differences between compliers and always-takers (for
example, by considering variables positively correlated with B + R). We also compare po-
tential outcome y(0) for compliers and never-takers (in particular, earnings). These notions
are closely related to the different types of youth described above. Always-takers partic-
ipate in apprenticeship even in the absence of a formal program. They include the share
λ(θ) of youth in area trad who found a traditional apprenticeship position. Compliers enter
apprenticeship only because of the program. They include individuals for whom financial
constraints are alleviated and individuals for whom formal apprenticeship is more attractive
than their outside option (areas f1, f2 and f3). There are also youth in area trad who would
participate in apprenticeship even in the absence of the program but do not find a position
(the remaining share 1 − λ(θ)). Last, never-takers apply to the program but do not enter
apprenticeship after realizing that the value of participation is less than their outside option
(areas n1 and n2 in the figure).

It is important to note that the comparison of the means of characteristics related to
B + R and V (0) for compliers and always-takers is ambiguous. Compliers in areas f2 and
f3 should unambiguously have lower values of B + R than youth in area trad, but this is
not clear for youth in area f1. Similarly, compliers in areas f1 and f2 should unambiguously
have larger values of V (0) than youth in area trad, but this is not clear for youth in area f3.
On the other hand, the distributions of V (0) are unambiguously different between compliers
and never-takers.

We follow the literature on the local average treatment effect (LATE) and use the fol-
lowing equation (we note Z the assignment variable and App the apprenticeship status):77

77Abadie (2003) proposes a direct method to compute average functions of potential outcomes on compliers
(denoted C). We do not follow this approach as we also want to compute averages for always-takers (A) and
never-takers (N).
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P (C|C ∪ A) = P (App = 1|Z = 1)− P (App|Z = 0)

P (App|Z = 1)

E(g(x)|A) = E(g(x)|Z = 0, App = 1)

E(g(x))|C) = E(g(x)|Z = 1, App = 1)− E(g(x)|Z = 0, App = 1)(1− P (C|C ∪ A))
P (C|C ∪ A)

E(g(x))|C)− E(g(x)|A) = E(g(x)|Z = 1, App = 1)− E(g(x)|Z = 0, App = 1)

P (C|C ∪ A)

P (C|C ∪N) =
P (App = 1|Z = 1)− P (App|Z = 0)

P (App|Z = 0)

E(g(y(0))|N) = E(g(y)|Z = 1, App = 0)

E(g(y(0))|C) = E(g(y)|Z = 0, App = 0)− E(g(y)|Z = 1, App = 0)(1− P (C|C ∪N))

P (C|C ∪N)

E(g(y(0))|C)− E(g(y(0))|N) =
E(g(y)|Z = 0, App = 0)− E(g(y)|Z = 1, App = 0)

P (C|C ∪N)
.

12.2 Equilibrium of the Market for Traditional Apprentices with

and without the Intervention

12.2.1 Aggregate Supply of Apprentices

Following the previous set of decisions, there are proportions P (trad) and P (reg) = P (trad∪
f1 ∪ f2 ∪ f3 ∪ n1 ∪ n2) of youth who would be ready to enter traditional apprenticeship or
register in the formal apprenticeship program when it is available.

Assume that, absent the program, there are Ny youth. P (trad)Ny youth thus search
for a traditional apprenticeship position. Also assume that, when searching for a traditional
apprenticeship position, youth find a position with a probability λ(θ) that depends positively
on the tightness of the apprenticeship market—i.e., the ratio of apprenticeship vacancies to
the number of youth searching for an apprenticeship position.78 The supply side relation
Strad(θ) between the number of apprentices and the tightness writes

(11) Strad(θ) = λ(θ)P (trad)Ny .

Assume that a share σa of the Ny youth is offered the opportunity to participate in formal
apprenticeship. There areNreg = σaP (reg)Ny youth who register in the program. We assume
the take-up rate for them is λf . The number of youth entering formal apprenticeship is thus

(12) Nform = λfσaP (reg)Ny = λfNreg .

When the formal apprenticeship program is introduced, a share σa of youth is removed
78λ(θ) is derived from a homogeneous matching function: λ(θ) = M(Ya, V )/Ya, where Ya is the number

of youth searching for a traditional apprenticeship position.
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from the traditional apprenticeship market: the new supply of traditional apprentices Strad(θ, 1)
writes:

(13) Strad(θ, 1) = (1− σa)Strad(θ) .

12.2.2 Demand for Apprentices

Firms are assumed to have a production technology in which traditional apprentices (na)
and formal apprentices (nf ) are inputs that are perfect substitutes.79 We consider the partial
demand for traditional apprentices once nf formal apprentices have been hired as a function
of θ. We approximate this partial demand as d(θ)−ψnf . To shed light into what ψ represents,
we consider a production function f(N0−s+na+a.nf ) and a cost of filling positions c(n, θ).80
The demand for apprenticeship at the firm level is thus given by f ′(N0−s+na+a.nf )−w−
c′(n, θ) = 0. The parameter ψ can be interpreted as −dna/dnf = a(−f ′′)/(c′′ − f ′′). ψ thus
captures a mix of the crowding out effect, the constraints on the production function, and
how strongly the marginal cost of recruitment increases. ψ is the first key parameter of the
experiment. It captures the intuitive idea that formal apprentices can crowd out traditional
apprentices. d(θ) is decreasing in θ as the cost of matching increases when the number of
vacancies to fill per youth searching increases.

Summing across treated and control firms leads to an aggregate partial demand for tra-
ditional apprentices: Nf [σf (d(θ)− ψnf ) + (1− σf )d(θ)] = Dtrad(θ)− ψNform, where Nform

is the total number of formal apprentices hired.

12.2.3 Equilibrium

Absent any intervention (i.e., for σa = σf = 0), the supply and demand functions for
traditional apprentices determine an equilibrium in which the tightness is θ0 and the total
number of apprentices is N0 = Strada (θ0) = Dtrad(θ0). This is represented by point E0 in
Figure 8. The intervention causes a downward shift in the supply of traditional apprentices
(by σaStrada (θ)) and another downward shift in the demand for traditional apprentices (by
ψNform). At the new equilibrium, N trad

1 youth are hired as traditional apprentices and the
tightness becomes θ1. The new equilibrium is represented by point E1 (θ1 and N trad

1 ) in
Figure 8.

We consider the windfall parameter (ω) defined by

(14) ω = σaS
trad
a (θ1)/Nform = λ(θ1)P (trad)/(λfP (reg)) =

λ(θ1)

λf
P (trad|reg) .

σaS
trad
a (θ1) is the number of youth in the treatment group who would have taken a

traditional apprenticeship position absent the program at the market condition θ1. ω thus
represents the share of formal apprentices who would have entered traditional apprenticeship

79We consider all other inputs, including regular labor, as given and omit them.
80The cost of a vacancy is usually modeled as c/q(θ), where 1/q(θ) is the expected duration to fill a

vacancy. The recent literature has refined this model to take into account the effort made by the firm to fill
vacancies (Kaas and Kircher, 2015).
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at the new equilibrium market tightness θ1.
ω and ψ are the two key parameters that our experiment will estimate to describe the

change in equilibrium induced by the program.
We can expand the supply and demand functions around the new equilibrium θ1 (see

Figure 8). For example, on the supply side, we get N trad
1 = (1−σa)Strada (θ1) = N0+As(θ1−

θ0)− σaStrada (θ1) = N0 + As(θ1 − θ0)− ωNform. We obtain the following two equations:

Supply: N1 = N0 + As(θ1 − θ0)− ωNform ,(15)
Demand: N1 = N0 − Ad(θ1 − θ0)− ψNform .(16)

As is the slope parameter of the supply of traditional apprentices, and Ad is the opposite of
the slope parameter of the demand for traditional apprentices. Both parameters are positive.
Using Equations 15 and 16, we can easily express the change in the number of traditional
apprentices N trad

1 −N0 and in the tightness θ1− θ0 as a function of the two shift parameters
ψ and ω:

N trad
1 −N0

Nform

= −Asω + Adψ

As + Ad
,(17)

θ1 − θ0 = (ω − ψ) Nform

As + Ad
.(18)

12.3 Implications for Estimation

12.3.1 Intention-to-Treat Parameters

The framework derives the theoretical parameters to be estimated in the empirical analysis
and provides insights on how to interpret the empirical results. We consider intention-to-treat
(ITT) parameters that are obtained by comparing means between the treatment and control
groups. There are Nreg youth who register in the program and are assigned to treatment (and
similarly Nreg youth who register in the program and are assigned to control). Consider,
for example, participation in either traditional or formal apprenticeship. The entry rate
into (any) apprenticeship position in the treatment group is τ1 = Nform/Nreg. The ITT
parameter we measure compares this entry rate with the entry rate into apprenticeship
in the control group (τ0 = ωNform/Nreg = σaS

trad(θ1)/Nreg). Thus our estimated ITT
parameter is ITTyouth = Nform/Nreg − ωNform/Nreg. The entry rate in the control group is
measured at prevailing market conditions θ1, but the “true” ITT is based on the entry rate
into apprenticeship absent the program at market condition θ0. Figure 8 shows that the “true”
ITT would involve W = σaS

trad(θ0) as counterfactual, while the estimated counterfactual
is ωNform = σaS

trad(θ1). However, the difference between the two quantities (W/Nreg −
ωNform/Nreg = σa(S

trad(θ1)−Strad(θ0))/Nreg) is of the order of magnitude of the adjustment
in the tightness. As already discussed and shown in Equation 18, (θ1− θ0) ≈ (ω−ψ)σ. The
adjustment in the tightness is small under two conditions: when the shifts in supply and
demand are of the same order of magnitude or when the size of the experiment is small.

Note that σ(ω − ψ) is also the order of magnitude of the bias in the ITT parameter,
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Figure 8: Equilibrium Employment of Traditional Apprentices and Tightness

Strad(θ)

Dtrad(θ)

ωNform
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Note: The figure shows the adjustment of the traditional apprenticeship market when Nform formal ap-
prentices are hired. Point E0 corresponds to the equilibrium absent any intervention. Point E1 corresponds
to the equilibrium after the formal apprenticeship program is introduced.
The figure shows the downward shift in firms’ demand function ψNform (which captures the crowding out
effect). It also shows the downward shift in the supply function on the youth side (which captures the
windfall effect). It can be measured at initial market conditions θ0 (W ), or at market conditions θ1, once a
new equilibrium has been reached (ωNform).
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say By. Indeed, By = W/Nreg − ωNform/Nreg = σa(S
trad(θ1) − Strad(θ0))/Nreg. From

the linear approximation, Strad(θ1) − Strad(θ0) ≈ As(θ1 − θ0). Thus, from Equation 18,
Strad(θ1)−Strad(θ0) ≈ As/(As+Ad)(ω−ψ)Nform. As a result, the bias in the ITT parameter
is By ≈ σaAs/(As+Ad)(ω−ψ)Nform/Nreg = σa(ω−ψ)λfAs/(As+Ad). Thus we can bound
the ITT parameter on youth entry in apprenticeship by

(19) |By| ≤ σa(ω − ψ)λf .

A similar analysis applies to the ITT parameter for the net number of apprentices hired
by firms. The total number of apprentices hired is nf + d(θ1)− ψnf in treatment firms and
d(θ1) in control firms. The estimated ITT parameter on the firm side identifies ITTfirm =
(1 − ψ)E(nf ). Here again, the true ITT would compare the entry rate in treatment firms
with what their hiring rate of apprentices would have been absent the program at market
condition θ0 (instead of θ1). This introduces a difference between the “true” and estimated
ITT parameters, which writes E(d(θ1) − d(θ0)). As before, the difference is of the order of
magnitude of the adjustment in market tightness.

As for the youth side, σ(ω − ψ) is also the order of magnitude of the bias on the ITT
parameter on the firm side, say Bf . Indeed, the bias is Bf = d(θ1)−d(θ0) ≈ Ad/Nf (θ1−θ0) ≈
nfAd/(As+Ad)(ω−ψ)σf . Thus we can bound the ITT parameter on firm hires on apprentices
by

(20) |Bf | ≤ nf (ω − ψ)σf .

This analysis extends to other parameters obtained by comparing youth or firms in the
treatment and control groups.

12.3.2 Instrumental Variable Estimation of ω and ψ

As discussed previously, our framework involves two key parameters: the windfall parameter
(ω) and the crowding out parameter (ψ). Thanks to our double-sided experiment, we can
identify both parameters using instrumental variable regressions.

Consider first the regression equation of “being an apprentice” (of any type) on “be-
ing a formal apprentice” using the assignment variable as an instrument. It is well known
that this Wald estimate is simply the ratio of the OLS estimates of youth entry into any
apprenticeship position and youth entry into formal apprenticeship on the assignment to
treatment variable. The numerator is the ITT estimate described in the previous section,
Nform/Nreg − ωNform/Nreg. The denominator is the entry rate of youth into formal appren-
ticeship in the treatment group Nform/Nreg. As a result, the instrumental variable estimate
is 1− ω.

We first consider the regression equation of the entry into any form of apprenticeship on
the entry into formal apprenticeship using the youth assignment variable as an instrument:

(21) ai = αy + βyfi +
∑
St

µSt1St + ui ,
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where ai stands for having started an apprenticeship since the beginning of the experiment
and fi for having started a formal apprenticeship. The instrumental variable estimate iden-
tifies 1 − ω, where ω relates to the windfall effect and captures the proportion of formal
apprentices who would have started an apprenticeship absent the program.

Similarly, consider the instrumental variable regression of the number of apprentices in
firms on the the number of formal apprentices using the assignment variable as an instrument.
The parameter is defined as the ratio of the ITT parameter for the number of apprentices
to the average average number of formal apprentice per firm in the treatment group. Again,
the formulas in the previous section show that the instrumental variable estimator identifies
1− ψ.

We consider the regression equation of the total number of entries of apprentices into
firms on the entries into formal apprenticeship using the firm assignment variable:

(22) ntot,i = αf + βfnf,i +
∑
v

γv1v +
∑
s

δs1s + ui ,

where ntot,i is the total number of youth entering apprenticeship in firms and nf,i is the total
number of formal apprentices entering firms. This instrumental variable estimate identifies
1−ψ. ψ is the crowding-out parameter: for each formal apprentice entering firms, there are
ψ fewer traditional apprentices.

It is important to note that these estimations of ω and ψ do not rely, as for the ITT, on
the assumption that the adjustment in the tightness is small, because they are defined at
the new equilibrium market condition θ1.
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