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There are 420 million young people in Africa today, and only one in
three has a regular salaried job. We study how two common labor
market interventions—vocational training and matching—affect the
job search behavior of young workers. We do so by means of a field
experiment tracking young job seekers for 6 years in Uganda’s main
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cities. Vocational training amplifies the job seekers’ initial optimism,
leading them to searchmore intensively and toward high-qualityfirms.
Adding matching has the opposite effect, plausibly because of low
callback rates. These differences affect labor market outcomes in the
long run.
I. Introduction

One-third of Africa’s 420million young people have regular jobs (AFDB
2016). Current fertility rates in many parts of the continent mean that ensur-
ing meaningful employment for young labor market entrants will be increas-
ingly challenging (Bandiera et al. 2022). Finding a solution will greatly affect
the pace of economic development.
This paper studies how young Ugandan workers search for jobs. Jobs for

youngworkers inUganda and acrossAfrica are primarily unskilled and infor-
mal. At baseline, youth in our study rely on informal jobs, such as (un)loading
trucks, transporting goods on bicycles, fetching water, and agricultural day
laboring. This paper addresses how search behavior influences workers’ abil-
ity to secure good formal jobs inmanufacturing and services. These jobs offer
regular employment and wage progression; bad jobs are insecure and have
flat earning profiles.
We study the issue using a field experiment tracking young labor market

entrants over 6 years, shedding light on the link between skills, expectations,
search behaviors, and long-run labormarket outcomes.We explore these links
using two standard labormarket interventions (Card,Kluve, andWeber 2017;
McKenzie 2017) offering (i) vocational training, (ii) vocational training com-
bined with a light-touch matching intervention that passes worker’s details to
local firms, and (iii) matching only.
We recruited labormarket entrants from acrossUganda, offering them the

possibility of 6months sector-specific training inwelding, motormechanics,
electrical wiring, construction, plumbing, hairdressing, tailoring, and catering.
These sectors are associated with “good jobs” offering regular employment
in high-wagefirms.At baseline, 25%ofwage-employedUgandans aged 18–
25work in such sectors. The eligibility criteria targeted disadvantaged youth
with limited labor market experience and hence scope to learn about their job
prospects through search.We received 1,400 applications: before intervention,
Kenzie, Costas Meghir, Andreas Mueller, Karthik Muralidharan, Gerard Padro
iquel, Rohini Pande, Barbara Petrongolo, Steve Pischke, Fabien Postel-Vinay,
bara Petrongolo, Jean-Marc Robin, Jesse Rothstein, YonaRubinstein,NickRyan,
annes Spinnewijn, David Stromberg, Gabriel Ulyssea, John Van Reenen, Chris
odruff, and seminar participants for comments. Institutional Review Board ap-
val is from University College London (5115/003, 007). The study is registered
ARCTR-0000698). All errors are our own. Contact the corresponding author,
an Rasul, at i.rasul@ucl.ac.uk. Information concerning access to the data used in
paper is available as supplemental material online.

mailto:i.rasul@ucl.ac.uk
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applicants were unskilled, found work through informal contacts, and mostly
held casual jobs. The 1,281 firms in the experiment’s matching component op-
erate in the eight sectors in 15 urban labor markets.
Individuals are first randomly assigned to receive an offer of vocational

training. Two-thirds take up the offer, and 90%complete their training course.
At a second stage of randomization, we offer light-touch matching between
workers and firms. Nearly all workers agreed to have their details passed onto
these firms. Firms were presented short lists of two workers that were either
both vocationally trainedor both unskilled. Firms could call back for interview
neither, one, or both (and remained free to recruit other workers). Our design
thus assigns workers to four groups: (i) the offer of vocational training (T1),
(ii) the offer of vocational training andmatching (T2), (iii)matching (T3), and
(iv) controls (C).
Worker expectations about their own prospects are fundamental for under-

standing job search.We show that at baseline, althoughworkers have relatively
accurate beliefs about the earnings distribution if they could progress into
jobs in good sectors, they are optimistic about the job offer arrival rate from
employers in these sectors. Optimistic beliefs have been documented among
job seekers in the United States (Spinnewijn 2015; Mueller, Spinnewijn, and
Topa 2021; Potter 2021), Ethiopia (Abebe et al. 2025), South Africa (Banerjee
and Sequeira 2023), and India (Kelley et al. 2024). These beliefs are key to un-
derstanding how workers react to the match offer.
The key outcome for workers from the matching intervention is whether

firms call them back for interview. To understand how they react to callbacks
(or a lack thereof), we track the evolution of worker beliefs from baseline to
the eve of match offers being announced.We see a bifurcation in expectations
between those randomized in and out of vocational training. During voca-
tional training, trainees become ever more optimistic about their job pros-
pects: at graduation (but before matching is announced), the median trained
worker believes that there is a 30% chance of receiving a job offer from a firm
in one of our study sectors in the next month. This is far higher than employ-
ment rates actually experienced by vocational trainees over the same period.
Among those randomized out of training, they continue to search for

work, but their employment rates remain flat, and they remain reliant on ca-
sual work. They gradually revise down their beliefs about the job offer arrival
rate from firms in good sectors. On the eve of match offers being announced,
themedian unskilled individual believes that there is a 20% chance in the next
month of actually receiving a job offer from an employer in our study sectors.
The match offer intervention is thus implemented to these groups of in-

creasingly optimistic youth offered vocational training and increasingly real-
istic youth randomized out of vocational training. Among trainees, the actual
callback rate is far lower than their prior expectations: only 16% actually re-
ceive a callback. Among those randomized out of training, callback rates are
in line with prior expectations (18% vs. 20%).
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Callbacks are determined by vacancies and other firm characteristics. Con-
ditional on skills, worker characteristics do not determine callbacks—this is
unsurprising given our design because firms are presented with two workers
that are, by construction, similar on observables.
Our null hypothesis is that workers are perfectly informed and rationally

infer there tobeno information fromoneor two callbacks about their jobpros-
pects. Under this null hypothesis, the expectations and underpinning search
behaviors of workers—irrespective of whether they have been vocationally
trained earlier—should be unaffected by the match offer.
The alternative is that workers are imperfectly informed. For trainedwork-

ers, the lower than expected callback rate causes them to revise down their
expectations about their own job prospects. Such misattribution can occur
because (i) they are not well informed at baseline, and trainees become even
more optimistic relative to their true prospects as they complete vocational
training; (ii) there are no market substitutes for the matching intervention,
so this offer can be a highly salient and unique opportunity for them to find
a good job; or (iii) the intervention is implemented byBRAC, a reputable non-
governmental organization (NGO). Under this alternative, match offers gen-
erate bad news for the average trainedworker. Trainedworkerswithoutmatch
offers are insulated from this news and begin their job search with the increas-
ingly optimistic beliefs described above.
For workers randomized out of the offer of training, the rate of callbacks

is in line with their prior belief about the job arrival rate. However, callbacks
generated in the experiment provide more salient and credible information
about their job prospects relative to information received during the regular
job search process. The low rate of callbacks in the matching intervention
might then confirm their labor market prospects. How they respond is ulti-
mately an empirical question.
Our first set of results document how these interventions impact worker

expectations about their job prospects, a full year after training is completed
and/or match offers made. First, comparing workers offered vocational train-
ing with controls, trainees revise upward their expectations about the job offer
arrival rate and expected earnings conditional on being employed in a study
sector. Comparedwith actual outcomes, their beliefs about the job offer arrival
rate become increasingly optimistic,while their beliefs about expected earnings
move more in line with the skills premium offered for trained youth.Workers
offered only vocational training search more intensively relative to controls
and direct their search toward higher-quality firms.
Second,workers offered vocational training andmatching alsohave sustained

changes in beliefs about their own prospects a full year after training is com-
pleted and/or match offers provided. However, relative to those only offered
training, they revise down their expectations about the job offer arrival rate
and distribution of earnings conditional on employment in a job in a good sec-
tor. This is consistent with those additionally provided match offers becoming
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discouraged and reacting to the lower than expected callback rate by revising
down their beliefs about their job prospects. Such discouragement is reflected
in search behavior: relative to those offered only vocational training, those
additionally offered matching search less intensively and search over lower-
quality firms. Finally, workers offered only matching—relative to controls—
do not adjust their expectations, as their callback rate is in line with their prior
expectations.
Our second batch of results examines whether the labor market interven-

tions, through experimentally induced changes in skills, expectations, and
search behaviors, translate into differences in outcomes up to 5 years after
training is completed and/or match offers provided. We find that relative to
controls, those offered vocational training (withorwithoutmatching) aremore
likely to be employed, to transition into regular work, to be employed in good
sectors, and end up in better jobs and in higher-quality firms. However, con-
trasting workers offered vocational training with and without the additional
offer of matching, we find that those with match offers do significantly worse
on labor market outcomes up to 6 years later: On the extensive margin, they
are less likely to work in regular jobs. On the intensive margin, they work sig-
nificantly fewer months in regular jobs. In terms of sectoral allocation, they
work less time in one of the eight good study sectors. Relative to those offered
only vocational training, they endup sorting to lower-qualityfirms and lower-
quality jobs, have lower earnings, experience longer unemployment spells, and
experience shorter employment spells.
In short, while those offered only vocational training transition up the job

ladder from casual to regular work, this transition is significantly slower for
those also providedmatch offers. This is despite both groups ofworkers grad-
uating from vocational training with identical sector-specific skills: the fact
that they sort to different firms, jobs, and sectors represents a misallocation
of talent. This misallocation is caused by the revised expectations workers
with match offers have, because they initially misattribute the lack of call-
backs from a standard labor market intervention and become discouraged
in their search for good jobs.
To quantify these long-run differences, we construct an index of labor

market success combining information on employment in good jobs, earn-
ings, employment spells, and characteristics of jobs and firms workers end
up being employed at. This index significantly increases by 0.115j for those
offered vocational training relative to controls. For those additionally offered
matching, the index increases by less than half (0.051j), and the two estimates
are different (p 5 :001). In short, becausematch offers to those offered voca-
tional training cause youth to become discouraged, this undoes half of what is
achieved through vocational training alone. This result quantifies the founda-
tional role expectations play in the long-run job search process.
Finally, workers offered only match offers (that confirm their job market

prospects) are significantly more likely to enter self-employment. However,
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on the overall index of labor market success, we find that, in line with earlier
meta-analyses (Card, Kluve, and Weber 2017; McKenzie 2017), the impact
of match offers is not significantly different from controls.
We decompose the impact on the long-run index of labor market outcomes

into partsmediated by skills, expectations, and search behaviors. Amongwork-
ers offered vocational training, certifiable sector-specific skills are the most
important mediator: 20% of the long-run impact is mediated by them. Ex-
pectations explain a further 18%. Among workers offered both vocational
training and matching, sector-specific skills play the most important role in
mediating long-run outcomes. These skills explain the same increase in the in-
dex for both groups. The role of expectations inmediating long-run outcomes
is, however,more prominent for those offered only vocational training, because
workers additionally offeredmatching become discouraged and end upwith
expectations closer to controls.
Job search is a classic question in labor economics, with seminal papers by

McCall (1970) and Mortensen (1970). We make two contributions to this
body of work.
First, we shed light on the fundamentals of the job search process for youth

by experimentally identifying the role that prominent labor market policies—
training and matching—play in determining expectations, search behaviors,
and how these map onto long-run outcomes. We build on existing work by
providing a granular analysis of individual labor market trajectories that com-
bines experimental variation in policies young workers are exposed to, data
on beliefs, and multiple dimensions of search behavior, with a set of long-run
labor market outcomes shedding light on employment, earnings, and sorting.
Second, we build on a nascent experimental literature evaluating training

andmatching interventions in low-income countries (Beam 2016;Groh et al.
2016; Acevedo et al. 2020; Abebe et al. 2021, 2025; Carranza et al. 2022; Ba-
nerjee and Sequeira 2023). We bridge between this work and a recent litera-
ture on behavioral job search that shows that job seekers tend to be optimistic
about job-finding rates, which delays exit from unemployment (Spinnewijn
2015; Krueger and Mueller 2016; Conlon et al. 2018; Mueller, Spinnewijn,
and Topa 2021; Potter 2021).
Our intent was that combining vocational training with match offers would

improve long-run outcomes relative to either intervention alone. This did not
occur. The reason is that light-touch match offers can backfire if workers mis-
interpret the lack of callbacks from potentially good employers and become
discouraged. This implication stems beyondmatching to a broader set of inter-
ventions providing information to job seekers (Abebe et al. 2020; Chakravorty
et al. 2024).1
1 For example, Abebe et al. (2020) show that attending a job fair with many poten-
tial employers leads optimistic job seekers to revise downward their labor market ex-
pectations without creating discouragement, so that search effort and labor market
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This paper is part of a larger project encompassingmultiplefield experiments
studying urban labor markets in Uganda. Our earlier work focused on the
labor market returns to certified vocational training versus noncertified firm-
sponsored apprenticeships (Alfonsi et al. 2020). We showed that the returns
to vocational training are higher because certified skills aid labormarket mo-
bility. The current paper focuses on a different question: how do standard
labor market interventions impact expectations and search behavior? Given
that job search is redundant for firm-sponsored training because workers
are assigned to firms from the start, we focus on the job search process among
vocational trainees.
This paper reconfirms the main mechanisms identified in our earlier work.

We layer on the matching intervention that was not the focus of our earlier
work. We study the link between interventions and job search by providing
granular evidence on the job search process, utilizing survey modules on ex-
pectations and search behaviors that were not previously exploited, and we
add an additional survey wave of data to pin down long-run effects. We show
the near-equal importance of expectations and skills in determining long-run
sorting of youth in labor markets and their outcomes, because standard labor
market interventions cause them to become optimistic, discouraged, or con-
firm their job prospects.
Section II describes our context, design, and data. Section III describes

the evolution of beliefs and search behavior among controls. Section IV pre-
sents treatment effects on expectations and search behaviors. Section V exam-
ines long-run differences in labor market outcomes. Section VI examines the
relative importance of skills, expectations, and search behaviors for long-run
outcomes. SectionVII concludes by reexaminingAlfonsi et al. (2020), discuss-
ing external validity, implications, and future work. Additional design details,
results, and research ethics are given in the appendix (available online).

II. Context, Design, and Data

A. Context

Our study covers 15 urban labor markets in Uganda, including Kampala.
Multiple imperfections characterize the job search process: (i) youth enter
labor markets lacking skills demanded by firms, (ii) workers cannot finance
outcomes increase as a result. In the case of job fairs and other undirected interven-
tions not tailored to the individual, signals are likely to be more informative of the
status of the labor market as whole rather than individual job prospects. Hence, there
is less scope for workers to misattribute signals as being informative of their own job
prospects. Our contribution is to highlight the risks of directed interventions that
provide information tailored to the individual, which can be easily misattributed.
Our result on discouragement is consistent with Banerjee and Sequeira (2023), who
find that providing subsidies for job search leads to discouragement and worse labor
market outcomes asworkers expand the geographical scope of their job search but fail
to find better jobs.
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human capital investments after labormarket entry, and (iii)firms lack infor-
mation on worker histories or skills (Abebe et al. 2020; Alfonsi et al. 2020).
The additional imperfections we document are that youth hold optimistic
beliefs about their job prospects and can misattribute information generated
from matching interventions.
We use theUgandaNationalHousehold Survey (UNHS) from 2012–13 to

describe features of our context. We first derive the share of young people in
casual and regular jobs. We classify casual work as jobs in which workers are
typically hired on a daily basis, in line with a standard definition of casual jobs
being those where neither workers nor firms are obligated to supply/demand
labor regularly. Figure A1A (figs. A1–A4 are available online) shows that at
all ages of young workers rely on casual work. Figure A1B shows how skills
vary by age. By age 25, fewer than 6%of youthmake any investment in skills
after labormarket entry. FigureA1C shows how skills raise the likelihood of
being in regular work, yet the majority of skilled youth still do not find reg-
ular work. Hence, the labor market fails to clear even for high-skilled youth,
and a mass of talent remains underutilized.
Vocational training institutes.—Our study is a collaborationwith theNGO

BRAC, who implemented all treatments, and five reputable vocational train-
ing institutes (VTIs). Each VTI could offer standard 6-month training courses
in our eight sectors:welding,motormechanics, electrical wiring, construction,
plumbing, hairdressing, tailoring, and catering.
Workers.—Individuals were recruited into our experiment using an adver-

tised offer to potentially receive 6 months of sector-specific vocational train-
ing at one of our partner VTIs. The eligibility criteria targeted disadvantaged
youth. The first row of table A1 (tables A1–A14 are available online) shows
applicant characteristics: 57% aremen, they are age 20, and almost none have
vocational training.2

Table 1 shows labor market histories at baseline. Employment rates for
controls are 40%,with casual work being themost prevalent activity. Uncon-
ditionally, averagemonthly earnings from regularwork are $5, corresponding
to around 10%of theUgandan per capita income.Conditional onwork, earn-
ings are $13 per month. Hence, these individuals remain unlikely to be able to
self-finance vocational training (that costs more than $400).
2 The eligibility criteria were (i) being aged 18–25, (ii) having completed at least
(most) aP7 (S4) level of education (corresponding to7–11years), (iii) not being in full-time
schooling, and (iv) having a poverty score, based on family size, assets, type of building
lived in, village location, fuel used, number of household members attending school,
monthly wage, and education of the household head. Applicants were ranked 1–5 on
each dimension, and a total score was computed. A geographic-specific threshold score
was used to select eligibles. Table A1 shows that the program is well targeted toward
disadvantaged youth by comparing our sample with those aged 18–25 in the 2012–13
UNHS data. This remains so when we compare with youth in the UNHS who report
being labor market active.
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PanelAof table 2 describes characteristics of casual and regular jobs. Thefirst
row reiterates that, at baseline, workers are reliant on casual work, especially
including forms of subsistence self-employment. Regular jobs offer longer
hours per day, similar days perweek ofwork, and earnings that are almost three
times higher.
Firms.—For the matching intervention, to draw a sample of employers of-

fering good jobs,we conducted a census in the 15urban labormarkets selecting
firms that (i) operated in the eight study sectors and (ii) had 1–15 employees
(plus afirmowner).Our sample comprises 1,281firms, employing 3,735work-
ers in total at baseline.3 Firms are not selected on the basis of having a vacancy,
but at baseline, 92% of them report being willing to expand, with 52% stating
that they would do so by hiring workers. Firms report being size constrained
because they are unable to find skilled workers (67%), trustworthy workers
(57%), or unskilled workers (28%).
Job search and recruitment.—Panels B–Dof table 2 describe howour con-

trol groupnormally searches for jobs andfirm recruitment processes. Panel B
shows methods of job search: the majority of youth rely on informal con-
tacts through friends/family, especially for regular jobs. They are more likely
to use direct walk-ins tofirmswhen searching for regular jobs. Fewer than 2%
of workers report finding work through posted advertisements. The informal
nature of labor markets is reiterated in panel C on firm recruitment strategies.
As this information is obtained via our firm-side surveys, we can provide this
only for regular jobs. PanelD showshow interviews, references, and skills tests
aremore common for regular jobs, although even there, theminority ofwork-
ers report being screened using such methods.4

B. Design

Figure 1 showsour oversubscriptiondesign.Applicantswerefirst randomly
assigned to receive vocational training. Within those assigned to training, a
further randomassignment tookplace. Thefirst groupwas assigned to 6months
of training at one of our partner VTIs and, upon graduation, transitioned into
the labor market to search for jobs unassisted (T1). This is the business-as-
usual trainingmodel, where VTIs are paid to train workers but not tofind them
jobs. The second group of trained workers were, upon graduation from the
VTI, provided light-touch offers tomatchwith firms in ourfirm-side survey
sample (T2). Workers randomized out of the offer of training were also ran-
domly assigned into two groups. At the same time as vocational trainees were
3 On average these firms have been in operation for almost 7 years, have monthly
profits of $217, and have a capital stock valued at $1,209. Among firm owners, 53% are
women, and they are on average age 35 and have 11 years of education (far higher than
our worker sample).

4 Distinguishing regular jobs in the eight study sectors from those in other sectors,
jobs in our sectors offer higher hourly wages and are more likely to be found via fam-
ily members and to require a skills test.
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graduating, these unskilled workers were either (i) offered the same kind of
light-touch match offer (T3) or (ii) held as controls (C).We assigned workers
to each treatment arm using a stratified randomization where strata are region
of residence, gender, and education.
The pairwise intent to treat comparisons we focus on are (i) T1 versus C

(the offer of vocational training), (ii) T2 versus T1 (match offers to those previ-
ously offered training), and (iii) T3 versus C (match offers to those randomized
out of training). Although workers were randomly assigned to each treatment
armwith their initial application, they were informed about potential matching
Table 2
Jobs, Search, and Recruitment

Casual Jobs Regular Jobs

A. Job Characteristics

Worked in this activity in past month .256 .179
Self-employed .661 .202
Number of months involved in activity in past year 1.95 1.57
Hours worked in a typical day (employed) 5.08 8.32
Days worked in a typical week (employed) 5.13 5.43
Earnings in past month (employed) 9.76 24.5

B. Worker Job Search Methods

Through friends/family member .193 .472
Direct walk-in .067 .250
Immediate family owns the business .161 .060
Read job ad .008 .016

C. Firm Recruitment Strategies

Direct walk-in .424
Through friends/family member .396
Worker is a family member .135
Posted job ad .013

D. Screening

Had to interview .013 .188
Had to provide references .020 .185
Had to take a skills test .028 .261
NOTE.—The data used are from the baseline and the first follow-up surveys of workers (panels A and B)
and the baseline survey of firms (panels C andD). The sample includes only workers and firms in the control
groups. Casual work includes any work conducted in the following occupations where workers are hired on a
daily basis: loading and unloading trucks, transporting goods on bicycles, fetchingwater, land fencing, and slash-
ing compounds.Casualwork also includes any type of agricultural labor, such as farming, animal rearing,fishing,
and agricultural day labor. For casual work, the list of activities indicated is exhaustive. Regular jobs include all
other jobs that are not in the list of casual jobs, so the list is not exhaustive. In panel A, the sample includes all
workers for the following outcomes: involved in this activity in the pastmonth, self-employed, and number of
months involved in the activity in the past year. The remaining outcomes in panel A are conditional on the
worker being involved in casual or regular work. Panel B shows the share of workers who have used the corre-
sponding method to look for work in the year before the survey. The list of methods is not exhaustive, as it ex-
cludes self-employed individuals who started theirfirm from scratch. Panels C andD show the share of employ-
ees hired through the correspondingmethod. The top 1%of earnings values are excluded.Allmonetary variables
are deflated and expressed in terms of August 2012 prices, using themonthly consumer price index published by
the Uganda Bureau of Statistics. Deflated monetary amounts are then converted into August 2012 US dollars.
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only after vocational trainees had completed their courses. This ensures that
match offers for those randomized into and out of the offer of training take
place simultaneously.Those randomizedout of the offer of vocational training,
however, might have found work before the match offer. A 6-month tracker
survey fielded just before match offers being announced sheds light on this:
16% of controls are in some work activity, most remain reliant on casual jobs,
and more than 90% remain interested in a matching opportunity.
Vocational training.—The vocational training intervention provides workers

6 months of sector-specific training in one of eight sectors. Our intervention
partner, BRAC, covered costs at $470 per trainee. Courses were held Monday
toFriday for 6hours per day; 30%of contentwasdedicated to theory, and70%
was dedicated to practical work providing sector-specific skills. VTIs signed
contracts with BRAC to deliver these standard training courses. They were
monitored by regular and unannounced visits by BRAC staff to ensure that
workers were present and being trained. For eachworker, VTIs were paid half
the training fee up front and the remainder when the worker graduated. This
staggered timing of payments ensured that workers nearly always completed
training conditional on enrollment. Upon graduation, trainees receive a certif-
icate. As documented in Alfonsi et al. (2020), there are high returns to having
certifiable skills from reputable VTIs in these urban labor markets.
Matching.—The match offer is a light-touch and one-off intervention

replicating common labor market interventions in high- and low-income
FIG. 1.—Experimental design. The numbers in parentheses refer to the number
f eligible applicants originally assigned to each treatment and the number of firms
ssigned to each treatment.
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settings. The intervention was designed to help workers and firms overcome
search frictions.5

Workerswerefirst askedwhether theywanted their details to be passed onto
potential employers in our firm-side survey: nearly all agreed (among those
offered training and those randomized out of that offer). Firmswere presented
short lists of workers that were either (i) all vocationally trained or (ii) all un-
skilled but had demonstrated labor market attachment in the sense they had
been willing to undertake 6 months of training. There were a maximum of two
workers randomly assigned to firms on each list. In the first case, firms knew
what sector the worker had been trained in but not that training had been paid
for by BRAC.We presented stylized curriculum vitae of workers to firms (fit-
ting a common template). Thefirm could call back for interviewneither, one,
or both workers (and remained free to recruit from outside the evaluation
sample). The median worker was matched to a single firm.
Worker-firmmatch assignmentswere restricted to take place betweenfirms

in the same sector the worker had been trained in (T2) or had desired to be
trained in (T3). Both had to be in the same region to increasematch feasibility.
Thematching intervention is highly salient to young job seekers: it provides

them a unique opportunity tomatch with good firms, and there are nomarket
substitutes for it. As young workers are transitioning into the labor market,
signals of job prospects are likely to receive a highweight.Moreover, the inter-
vention was implemented by BRAC, a reputable NGO, further increasing
the salience of the intervention and credibility of signals generated from it.6

The appendix details how worker-firm match offers were implemented,
including the exact (fixed) scripts used to communicate the process to workers
and firms. This wording ensured that ex ante workers were aware that their
details were being handed over to a few firms. No offer of employment was
given—BRACofficersmade clear that theywere actingonlybyproviding cur-
riculum vitae to firms, and they were not searching for jobs on the worker’s
behalf. Workers were not told the likelihood of being called back or ex post
any reason why firms did not call them back. Firms were not provided
worker contact details—they had to come through BRAC officers, so we can
rule out our results being due to firms recalling workers or storable offers.
5 Meta-analyses of job assistance programs (Card,Kluve, andWeber 2017;McKenzie
2017) emphasize that worker-firm matches can be either directed (as in our match
offer treatments that are directed toward firms in sectors where workers were orig-
inally offered training) or undirected, such as through the use of job fairs (Beam2016;
Abebe et al. 2020).

6 To further understand the salience of the matching intervention to workers, we
use data from controls on the frequency of job applications made. We collected this
only at the final follow-up, 6 years after baseline. The average number of job applica-
tionsmade in the preceding year is 4.7, rising to 8.1 applications among thosewhowere
nonemployed for that entire period. In short, job seekers make fewer than one appli-
cation per month.
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The matching intervention involves only BRAC officers, with VTIs playing
no role. As VTIs do not normally match workers to firms, there are no pre-
existing ties between VTIs and firms.
The entire match offer process—fromwhenworkers arefirst informed of

the possibility to when firms might call back—is typically around 2 weeks.
We measure short-run search behavior a year after the match offers are first
announced, so impacts are not driven by any substitution of search effort
between workers and BRAC.

C. Data

Timeline and surveys.—Figure 2 shows the study timeline. The baseline
worker survey took place from June to September 2012, just after applications
for vocational training were received. This is when initial beliefs about labor
market prospects are measured. Among those taking up the training offer,
they were next surveyed at the end of their 6-month course. We use this to
measure posterior beliefs about labor market prospects just as workers com-
plete training but before they have knowledge of match offers. Among those
randomized out of training, we next surveyed them just as trainees were grad-
uating and measure the opportunity cost of attending the training courses.
These two rounds of data collection are under phase 1 of the timeline.7

For workers involved in matching treatments, we record key outcomes
(callbacks, job offers, offer refusals, etc.). Workers were tracked 24, 36, 48,
and 68 months after baseline (12, 24, 36, and 56 months after the end of train-
ing/matching)—corresponding to phases 2 and 3 of the timeline.
This allows us—perhaps uniquely—to track a panel of young labor market

entrants over 6 years, measuring their short-run expectations about job offer
arrival rates and expected earnings in good jobs, linking these to underlying
dimensions of search behavior, such as search intensity and directed search,
and mapping expectations and search behaviors onto long-run labor market
outcomes related to employment, earnings, hours, wages, bargaining, spells,
and actual job and firm characteristics.
7 A second, smaller round of applications and baseline surveys (17%of the overall
sample) were conducted inMay and June 2013. The majority of trainees from the first
round of applicants started training in January 2013, as shown in the timeline. For lo-
gistical reasons, a smaller group received training betweenApril andOctober 2013.The
trainees from the second round of applications received vocational training between
October 2013 and March 2014. VTI surveys were collected toward the end of the
training periodwhile traineeswere still enrolled at theVTIs.Workers from the second
roundof applicantswere not included in the tracker survey. Therewere two rounds of
matching and vocational training plus matching interventions, in line with the two
batches of first round trainees from the VTIs. The first round took place in August
and September 2013. The second round took place fromDecember 2013 to February
2014. Our specifications control for implementation round dummies, and the results
are robust to dropping workers in the second round.
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Balance, compliance, and attrition.—Table 1 shows baseline labor market
characteristics of workers by treatment arm. Table A2 shows other character-
istics. The samples are well balanced, and normalized differences in observ-
ables are small.
On compliance with the offer of training, 68% of individuals take up the

offer, withmore than 95%of them completing training conditional on enroll-
ment. Table A3 shows correlates of training completion: 65% of individuals
comply with vocational training; this is no different between those offered
only vocational training and those later also offeredmatching. This is expected
because match offers are only announced later, so compliance with training
is independent of the expected returns frommatchoffers; women and themore
educated are less likely to comply; and the correlates of compliance do not
differ between those offered only vocational training and those later also of-
fered matching.8

Only 15%of workers attrit by the 68-month endline. Table A4 describes
correlates of attrition. It is uncorrelated to treatment, and there is no evidence
of differential attrition across treatments based on observables.
FIG. 2.—Study timeline. The timeline highlights the relevant dates for the main
batch of workers and worker surveys. A second, smaller round of applications and
baseline surveys (17% of the overall sample) was conducted in May and June 2013.
The majority of trainees from the first round of applicants started training in January
2013, as shown in the timeline. For logistical reasons, a smaller group received training
between April and October 2013. The trainees from the second round of applications
received vocational training betweenOctober 2013 andMarch 2014. VTI surveyswere
collected toward the end of the training period while trainees were still enrolled at
the VTIs. Workers from the second round of applicants were not included in the
tracker survey. Therewere two rounds of untrained, matching, and vocational train-
ing plus matching interventions, in line with the two batches of first-round trainees
from the VTIs. The first round of the untrained, matching, and vocational training
plus matching interventions took place in August–September 2013 (with each match-
ing intervention taking around 2 weeks from start to finish for a given worker). The
second round took place in December 2013–February 2014.
8 The main reason for not taking up the training offer was family (35%), followed
by distance to the VTI (15%). Only 13% reported not taking up the offer because
they had found a job.
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III. Expectations

Worker expectations about their job prospects are the foundation of our
analysis.Wefirst detail expectations among controls at baseline.We thenzoom
in on the evolution of beliefs across treatment arms between baseline and the
eve of match offers being announced. Finally, we consider workers reaction
to callbacks (or lack thereof) from the match offers.

A. Expectations and Reality among Controls

Expected job offer arrival rate.—The first margin of beliefs relevant for job
search is the expected job offer arrival rate from firms in good sectors—de-
fined to be the eight sectors inwhichwe offered training. At baselinewe asked
controls their expected probability of finding a job in our study sectors in the
next month, 6 months, and year (where job offer acceptance rates are more
than 90%). The distribution of beliefs is shown in the three left-hand boxplots
in figure 3A. Reassuringly, these right shift as we increase the time horizon.
The median belief among controls is that they have a 20% chance of receiving
a job offer in good sectors within a month, a 40% chance within six months,
and a 60% chance within a year.9

We assess the accuracy of beliefs by comparing them with actual youth
employment rates in regular wage jobs. As figureA1C shows using theUNHS
data, for unskilled youth, employment rates in regular jobs are 20%, rise by
10% for workers 2 years older, and plateau thereafter. This is far lower than
the baseline belief held by the median control worker of a 60% job offer ar-
rival rate from firms in good sectors in the next year.10
9 The expectation questions were introduced to respondents as follows: “For some
of these questions I will ask you to estimate the possibility out of 10 that some events
would occur. This means that on a scale of 0–10, 0 will mean surely not possible and
10 will mean it will definitely happen. Let’s practice this to be sure you have the idea.
On a scale of 0–10, what do you think is the possibility that it will rain tomorrow?
On a scale of 0–10, what do you think is the possibility that it will rain at any time
in the next year? The score for the possibility of ‘rain tomorrow’ should be lower
than the score for ‘in the next year.’ If it is not, review the 0–10-point scale until
it is clear the respondent understands before proceeding.”As probabilities were elic-
ited on a 0–10 scale, a concern is that workers might not have been able to express
probabilities for rare events. To check for this, we note that at baseline, 22%of youth
report having a zero probability of finding a job in the next month, and 57% report a
probability less than 20%. Reassuringly, individuals report higher probabilities of
finding a job over longer horizons—only 11% and 9% report a zero probability of
finding a job in the next 6 and 12 months, respectively.

10 In making a comparison to the UNHS, we are of course contrasting the stock of
young workers in the economy with regular jobs to the flow probability our evalu-
ation sample workers express about entry into regular jobs. The economy-wide flow
of young workers into regular jobs might be even lower than the stock measured in
the UNHS or potentially higher if the rate of job separations is also very high.



FIG. 3.—Expectations among controls. A shows the distribution of expected
probabilities of finding a job at various horizons at baseline and first follow-up. The
right-hand set of bars are for the actual probabilities of finding employment in these
good sectors among control workers at second follow-up. The sample used to con-
structA includes only individualswhowere not employed in any of the eight study sec-
tors at first follow-up.B shows boxplots for actual and expectedmonthly earnings con-
ditional on wage employment from three different samples. Each plot shows the 10th,
25th, 50th, 75th, and 90th percentiles of actual/expected earnings distributions The first
worker baseline sample shows actual earnings in casual and regular employment at base-
line. Casual work includes any of the following jobswhereworkers are usually hired on
a daily basis: loading and unloading trucks, transporting goods on bicycles, fetching
water, land fencing, and slashing compounds. Casual work also includes any type of ag-
ricultural labor, such as farming, animal rearing, fishing, and agricultural day labor. The
second worker baseline sample shows minimum, maximum, and expected monthly
earnings from employment in the respondents’ preferred sector among the eight study
sectors. The expected earnings are calculated by taking the reported likelihood earnings
above the midpoint of the minimum and maximum and then fitting a triangular distri-
bution. The third sample—the firm baseline—is taken from the firm-side baseline sur-
vey. This covers individuals employed in the firms that were selected to be part of the
experiment at baseline and towhich theworkers in the vocational trainingplusmatching
andmatching treatmentswere latermatched to.We consider the actual distributionof
earnings among unskilled, recently hired, and skilled workers in these firms.
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The three middle boxplots in figure 3A show the distribution of revised
expectations about job offer arrival rates at first follow-up. Beliefs are revised
downward: the median expectation among controls is that they have a 10%
chance of receiving a job offer from a firm in a good sector within a month,
a 20% chance within six months, and a 40% chance within a year. Controls
therefore become gradually more realistic as they search.
To see how quickly expectations converge to reality, we calculate the ac-

tual likelihood of finding a good job over those horizons using our second
survey, fielded a year later. As shown in the three right-hand boxplots in fig-
ure 3A, these likelihoods are still far lower than worker expectations about
the job arrival rate, with the divergence increasing with the time horizon con-
sidered: only 7% of workers actually find a job within a month, 10% within
six months, and 13% within a year.11

These results complement a growing literature on the persistence of op-
timistic beliefs (Bénabou and Tirole 2002; Compte and Postlewaite 2004; Van
den Steen 2004). We add to evidence that displaced workers are optimistic
about job offer arrival rates both in the United States (Spinnewijn 2015;
Mueller, Spinnewijn, and Topa 2021; Potter 2021; Mueller and Spinnewijn
2023) and in lower-income labor markets (Abebe et al. 2020; Banerjee and
Sequeira 2023; Kelley et al. 2024).
Expected earnings.—The second margin of beliefs is worker’s expected

earnings conditional on employment in a job in a good sector (Wright 1986;
Burdett and Vishwanath 1988). The two left-hand boxplots in figure 3B show
the entire distribution of actual monthly earnings of controls at baseline,
from casual and regular work. As expected, the distribution of earnings from
regular employment is right shifted relative to earnings in casual employment
(where the majority of workers report being unpaid).
Tomeasure worker’s expected earnings if theywere employed in good sec-

tors, we elicit beliefs for the worker’s most preferred sector (for those in T1
andT2, this typically corresponds to the sector inwhich they receive training).
These beliefs are derived for all controls, irrespective of their search effort or
employment status and hence are not driven by compositional changes.12
11 The correlation between the expected probability of finding a job in the next
12months andwhether theworker engages in job search is low: for the control group,
it is .120 at baseline. If we regress the two against each other at baseline, we obtain a
partial coefficient of .021 ( p 5 :07).Of course, this cross-sectional correlation is likely
attenuated because of omitted-variable bias. For example, worker ability can be pos-
itively correlated with job expectations and negatively correlated with search.

12 Only individuals who report a zero probability of finding a job in their most
preferred good sector in the next 12months are excluded from the sample. For employed
workers (who might already be working in their most preferred study sector), we
ask them to consider a scenario where their firm shut down and they were to transi-
tion to a job in their most preferred study sector. These beliefs are elicited at baseline,
pretreatment but after individuals have been recruited into the evaluation sample
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We asked individuals their minimum and maximum expected earnings if
offered a job in their preferred study sector.We asked them the likelihood that
their earnings would lie above the midpoint of the two and fitted a triangular
distribution to construct their expected earnings. The three middle boxplots
in figure 3B show the distribution of minimum, maximum, and average ex-
pected earnings.Average expected earnings are higher than actual earnings from
the kinds of regular work that controls engage in at baseline—indeed, me-
dian earnings in actual regular work lie below the 25th percentile of expected
average earnings if the worker could move into their most preferred good
job. Hence, these youth recognize that jobs in our study sectors are better
than the kinds of work they have previously experienced.13

To assess the accuracy of beliefs, the three left-hand boxplots takes earnings
data fromworkers actually employed in the study sectors, using our firm sam-
ple.We showearnings for (i) unskilledworkers, (ii) recent hires, and (iii) skilled
workers. We observe a high overlap between the distribution of expected
and actual earnings of unskilled and newly hired workers in these sectors.
The distribution of entry-level earnings in these good sectors is almost com-
mon knowledge among labor market entrants.
Search intensity.—How do these expectations translate into the intensity

of job search relative to unemployment spells? We define individuals as un-
employed if they are not involved in any work activity. Those engaged in ca-
sualworkor unpaidwork in family businesses are considered employed. Fig-
ure A2A shows that over the 4 years from first follow-up, the share of youth
unemployed at some point in the year falls from 90% to 60%. However, the
share reporting looking for a job never reaches 60%. Figure A2B shows the
intensive margin of search intensity: in the year before baseline, workers
spend around 9 months unemployed yet spend less than 1 month looking
for work. While the days spent searching rise over time, they never get close
tomatching the time actually spent unemployed. This apparentmisallocation
of time can be due toworkers either being discouraged—with their poor labor
market outcomes being a self-fulfilling prophecy—or as a result of them be-
ing optimistic about the returns to search effort. The results above showed
that controls have reasonably accurate beliefs about the wage offer distribu-
tion in goodfirms. In contrast, optimism about the job offer arrival rate from
goodfirms can reduce search intensity and slow exit out of nonemployment.
This is key to our analysis because this margin of belief can be directly im-
pacted by the match offer intervention.
through the oversubscription design. Theymight then reflect an element of expecting
to be trained.

13 The questions are as follows: “With your current skill set, what is the possibility
out of 10 that you could get a job in<occupation> in the <time period>?” “With your
current skill set, what do you think is the minimum/maximummonthly amount that
you could earn in<occupation>?” “What doyou think is the possibility out of 10 that
you could receive <(max – min)/2> monthly with your current skill set?”
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B. How Vocational Training Changes Expectations

Wenext consider the evolution of beliefs until match offers are announced.
For those completing training, we measure their expectations just as they
graduate but before match offers are announced. For controls, we measure
beliefs at baseline and first follow-up and assume beliefs evolve linearly over
time. Nothing hinges on this assumption; it is made only to interpolate a belief
at the time match offers are announced.14

Expected job offer arrival rate.—The left-hand set of bars in figure 4A
shows beliefs of controls at baseline about the arrival of job offers from good
sectors for each time horizon. The middle set of bars shows the same beliefs
for controls 6months later, whenmatch offers are about to be announced. As
described earlier, although controls hold optimistic beliefs at baseline, they
gradually become more realistic as they search. The right-hand set of bars
shows that on the eve of match offers being announced, beliefs of vocational
trainees have moved sharply in the opposite direction to controls: they revise
upward their belief about the job offer arrival rate at each horizon, with the
gap inbeliefs between trainees and controls opening up considerably at 6- and
12-monthhorizons.Over thosehorizons, there is nooverlap in the interquartile
range of beliefs among the two groups. At graduation, the median trainee be-
lieves that they will receive a job offer in their most preferred good sector with
a probability of .9 in the next year; 25% of trainees believe this will occur
with a probability of 1.15

To test differences in beliefs across treatment arms over time, column 1 in
table 3 shows the expected job offer arrival rate, pooling those assigned to
vocational training (T1, T2) and those assigned out of training (T3, C).
Rows R1 and R2 show baseline expectations, and rows R3 and R4 show ex-
pectations on the eve of match offers being announced. At the bottom of the
table, we report p-values on tests of equality of expectations, between
groups at the samemoment in time (R15R2, R35R4) andwithinworkers
in a given treatment over time (R1 5 R3, R2 5 R4). Column 1 shows that
beliefs about the joboffer arrival rate (i) significantly rise among those assigned
to vocational training (R15 R3) and (ii) significantly fall among those ran-
domized out of vocational training (R2 5 R4). On the eve of match offers
being announced, beliefs about job offer arrival rates thus significantly differ
between workers offered training and those not offered training (R35 R4).
14 For example, very similar results are generated if we assumeworkers update at a
decreasing speed (namely, they update their beliefs faster at first and then slow
down) or if we assume the opposite (that workers update at an increasing speed over
time).

15 This upward revision in beliefs is in linewith trainees’ reported satisfactionwith
their course: 76%were extremely happy/very happywith the experience, 86%were
extremely happy/very happy with the skills gained, 96% reported skills acquisition
as being better than or as expected, and 56% reported that 6 months of training was
sufficient for them to learn the desired skills.



FIG. 4.—Evolution of expectations until match offers are announced. The data
used are from baseline VTI surveys conducted toward the end of the training period
while trainees were still enrolled at the VTIs, and we extrapolate back from the first
worker follow-up survey assuming a linear evolution of beliefs to what would have
beenbeliefs among controls at the same time theVTI surveywas beingfielded.A shows
boxplots for the expectedprobability offinding a job inone of the eight study sectors in
the next 1, 6, and 12 months. B shows boxplots for the minimum and maximum ex-
pected monthly earnings conditional on employment in the workers’ preferred sector
among the eight study sectors. The plot shows 10th, 25th, 50th, 75th, and 90th percen-
tiles of the distribution.
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Tobenchmark the realismof theseupdatedbeliefs,we consider the actual rate
at which vocational trainees work in one of the study sectors in the 12 months
from graduation, as measured at second follow-up. As discussed in detail later,
30% of vocational trainees end up working in one of the eight study sectors
over this time frame. We see from the right-hand set of bars in figure 5A that
this is far below even the 10th percentile of beliefs held by these workers as
they completed training. It is because of this wedge between expectations and
reality that we consider trained workers as remaining optimistic about the job
offer arrival rate from good sectors at graduation.
Expected earnings.—We next consider the evolution of expectations about

the earnings distribution in our study sectors. Figure 4B shows the distribution
of beliefs youth hold about the minimum and maximum expected earnings
able 3
volution of Expectations

Job Offer Arrival Rate (Ex-
pected Probability of Finding a
Job in theNext Year, 0–10 Scale)

(1)

Expected Earnings
Conditional on

Employment (USD)

Minimum
(2)

Maximum
(3)

t baseline:
R1: assigned to vocational

training (T1, T2) 5.59 40.0 71.5
(2.83) (35.0) (58.6)

R2: not assigned to
vocational training (C, T3) 5.71 42.1 74.6

(2.90) (36.8) (62.1)
n eve of announcement of

matching:
R3: assigned to vocational

training (T1, T2) 8.32 82.8 209
(1.61) (55.4) (250)

R4: not assigned to
vocational training (C) 5.04 43.0 75.5

(2.06) (26.7) (45.0)
-value on tests of equality across

rows:
R1 5 R2 [.435] [.307] [.363]
R1 5 R3 [.000] [.000] [.000]
R2 5 R4 [.000] [.672] [.780]
R3 5 R4 [.000] [.000] [.000]
NOTE.—Shown are means with standard deviations in parentheses. The data used are from baseline VTI
rveys conducted toward the end of the training periodwhile traineeswere still enrolled at the VTIs, andwe
trapolate back from thefirst worker follow-up survey assuming a linear evolution of beliefs towhat would
ave been beliefs among controls at the same time the VTI survey was being fielded. At the bottom of the
ble, we report p-values on the tests of equality of means: (i) between individuals assigned and not assigned
vocational training at baseline, (ii) between individuals assigned to vocational training at baseline and on
e eve of matching being announced, (iii) between individuals not assigned to vocational training at baseline
d on the eve of matching being announced, and (iv) between individuals assigned and not assigned to vo-
tional training at the eve of matching being announced.
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from being employed in their most preferred sector among: (i) all workers at
baseline, (ii) controls on the eve of match offers being announced, and (iii) vo-
cational trainees on the eve ofmatch offers being announced. Comparing the
two left-hand sets of bars, we see that for controls, beliefs about the earnings
distribution hardly change. This is as expected—controls have relatively ac-
curate beliefs at baseline, and little new information is gained over 6 months
of job search.
The third set of bars shows that for training graduates, distributions of

minimum and maximum expected earnings shift rightward, with an especially
pronounced upward shift in the distribution of maximum earnings. Workers
thus recognize the high returns to their acquired skills. How realistic are these
upward revisions? Expected mean earnings rise by 41% (with similar per-
centage increases in expected minimum and maximum expected earnings).
InAlfonsi et al. (2020), we show that the actual returns to certified vocational
training are between 20% and 30%, so workers are optimistic about the re-
turns to skills.
Columns 2 and 3 in table 3 formally test differences in these distributions.

We see that (i) at baseline there are no significant differences in expected min-
imumormaximum earnings across workers assigned to vocational training or
FIG. 5.—Dynamics: labor market index. This graph shows coefficients and 95%
confidence intervals for the ITT effect on the labor market index at each follow-up.
All coefficients reported in each panel are estimated from the same dynamic treatment
effects regression, where the treatment indicators are interacted with dummies for
each survey wave, with robust standard errors. All regressions include strata dum-
mies, survey wave dummies, and a dummy for the implementation round. The labor
market index takes (i) all components of the employment index, (ii) total earnings,
(iii) the length of the last employment spell, and (iv) all components of the indexes
of realized jobs and realized firms. The index is constructed following Anderson’s
(2008) approach.
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not (R1 5 R2), (ii) there are no significant changes in expected minimum or
maximum earnings over time among workers randomized out of vocational
training (R2 5 R4), (iii) there are significant changes in expected minimum
andmaximumearnings over time amongworkers assigned to vocational train-
ing (R15R3), and (iv) hence on the eve ofmatch offers beingmade, there is a
significant bifurcation of beliefs between those offered vocational training
and those randomized out of it (R3 5 R4).
C. Callbacks and Their Determinants

For workers offered matching, the key outcome is whether they receive a
callback (i.e., an invitation to interviewwith the firm owner).Whenmatch of-
fers are announced, workers’ expected job offer arrival in the next month is
our best proxy of what workers might expect callback rates from the match
intervention to be. This is a margin of belief over which vocational trainees
are increasingly optimistic, while those not assigned to training are slowly be-
coming more realistic. As figure 4A shows, on the eve of match offers being
announced, the median trained worker believed that there was a 30% chance
theywould receive a joboffer fromagoodfirm in the nextmonth. In actuality,
in the 2weeks frommatch offers being announced andfirms responding, only
16%of skilledworkers in T2 received a callback. Among controls, themedian
worker had a prior belief of there being a 20%chance theywould receive a job
offer from a firm in a good sector in the next month. For unskilled workers in
T3, 18% actually receive a callback, confirming their prior expectations.
To understand how workers might react, we need to consider the actual

correlates of callbacks. Recall that eachfirm is pairedwith twoworkers who
are either both unskilled or both skilled. Columns 1 and 2 of table A5 show
correlates of callbacks to compliers to the offer of vocational training, and
columns 3 and 4 present analogous specifications for callbacks to those ran-
domized out of training. The specifications control for (i) worker and firm
characteristics and (ii) worker characteristics and firm fixed effects. At the bot-
tomof each column,we report p-values on the joint significance ofworker and
firm covariates.
Two results emerge. First, worker characteristics do not predict callbacks.

The p-values on the joint test of significance of worker covariates vary from
.450 to .631 across specifications. This is unsurprising: firms are presented
with two workers that are, by construction, similar on observables. Hence,
the design of the matching intervention almost fully removes the possibility
that worker characteristics determine callbacks.
Second, callbacks are predicted by firm characteristics. In particular,

trained workers are more likely to be called back if they are matched to firms
that would like to expand and where owners report being constrained by an
inability to find trustworthy workers. Hence, the limiting factor on worker-
firmmatches actually taking place isfirms’willingness tomeetworkers rather
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than reservation prestige driving worker refusals to meet firms (Groh et al.
2016).
Reaction to callbacks.—We used fixed scripts to communicate match offers

to workers. They were aware that their details were being handed to only a
few firms. They were not given ex ante information on the expected callback
rate or ex post reasons why they were not called back.
Our null hypothesis is that workers have perfect information about the re-

turns to skills and labor market conditions. They rationally infer there to be
zero information fromany given callback (or lack thereof) because (i) they do
not learn anything about their own labormarket prospects (as workers’ char-
acteristics do not determine callbacks) and (ii) they do not learn anything
about the labor market (as this is one or two draws frommany potential em-
ployers). Under this null hypothesis, the expectations and search strategies of
workers—irrespective of whether they have been trained—are unaffected by
actual callback rates.
The alternative hypothesis is that workers are imperfectly informed and

misattribute what drives callbacks. Such misattribution can occur because
(i) labor market entrants are imperfectly informed about their job prospects
to beginwith, being optimistic about job offer rates from goodfirms; (ii) there
are nomarket substitutes for thematch offer, so the intervention is viewed as
a highly salient opportunity for them to find good jobs; and (iii) a reputable
NGO such as BRAC is involved (this may be a cause of misattribution es-
pecially for those workers completing BRAC-sponsored vocational training).
Under this alternative, the low callback rates frommatch offers generate bad
news for trained workers, causing them to revise down their beliefs about
their job prospects.
While we do not attempt to microfound such misattribution, it is consis-

tent with job seekers being subject to the gambler’s fallacy, in which they be-
comediscouraged as theyoverinfer their jobprospects fromonebaddraw (Ra-
bin and Vayanos 2010), and with a literature studying why individuals hold
unrealistically positive views of their own prospects (Carrillo and Mariotti
2000; Bénabou and Tirole 2002; Santos-Pinto and Sobel 2005; Koszegi,
Loewenstein, and Murooka 2022).
Under this alternative, a key distinction is that trained workers with match

offers receive badnewson their own jobprospects, just at a timewhen they are
transitioning into the labor market and meeting potential employers. Trained
workers without match offers are insulated from this news, so they begin
their job search with the increasingly optimistic beliefs shown in figure 4.
For workers randomized out of the offer of training, their prior expecta-

tions are in line with callback rates (20% vs. 18%). Hence, even under the al-
ternative hypothesis, there is no reason why they should alter expectations
and search behavior.However, because callbacks generated in the experiment
are not the kind of signal they receive during regular job search, the low rate of
callbacks can provide credible confirmation to them of their true labormarket
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prospects. How they respond to this is an empirical question, which we now
turn to.

IV. Skills, Expectations, and Search Behaviors

A. Empirical Method

We analyze how the offer of vocational training with and without match
offers impacts skills, expectations, and search behaviors. Expectations and
search behaviors are measured at first follow-up, 24 months after baseline,
and a year after trainees have graduated and any callbacks have been made
(so during phase 2 of the timeline in fig. 3). For worker i assigned to treatment
group j in strata s, we estimate intention-to-treat (ITT) effects using the fol-
lowing specification:

yis1 5 ojbjTij 1 gyi0 1 ls 1 uist, (1)

where yis1 is the search behavior of interest at first follow-up (t 5 1), Tij is a
dummy for the treatment arm that worker i is assigned to, yi0 is the baseline
value of that outcome (where available), and ls are strata fixed effects. All re-
gressions control for the implementation round and dummies for month
of interview. We present robust standard errors, as randomization is at the
individual level, and report p-values adjusted for randomization inference
(Young 2019) and multiple hypothesis testing to account for the three treat-
ment effects estimated in (eq. [1]), using the step-down procedure of Romano
and Wolf (2016). The ITT coefficients of interest are (i) b1 (T1 vs. C; the
impact of the offer of training), (ii) b2 2 b1 (T2 vs. T1; the differential impact
of matching on those offered training relative to those offered only training),
and (iii) b3 (T3 vs. C; the impact of match offers on those randomized out of
training).

B. Preliminaries

Sector-specific skills.—Our earlier work showed how the offer of vocational
training translates into human capital accumulation (Alfonsi et al. 2020). Here
we briefly reiterate those findings and extend them to show impacts on those
offered matching. We measure individual skills using a sector-specific skills
test we developed in conjunction with skills assessors and modulators of oc-
cupational tests in Uganda. The test was conducted on all workers (including
controls) at second and third follow-ups,withnodifferential attrition by treat-
ment into the test. The main results (reported in table A6) are that (i) workers
offered vocational training significantly increase their skills by 21% (or 0.29j)
and (ii) skills accumulation increases by 28% over controls (or 0.37j) among
those that take up training. Table A6 further shows that (i) workers offered
training andmatching have no skills accumulationdifferent from those offered
only training and (ii) there are no differences in skills between those with and
withoutmatch offers among those randomized out of training.As exposure to
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matchoffers does not change skills accumulation,whenwe later compare long-
run labor market outcomes between trainees with andwithout match offers,
those results do not reflect skills differences between treatment arms.
Other dimensions of human capital.—Table A7 shows that offers of voca-

tional training ormatching do not impact other dimensions of human capital
or worker traits: (i) among youth offered training, there are no differences in
the big five personality traits, cognitive ability, and other psychological traits
between those with andwithout matching; (ii) among those randomized out
of training, there are also no differences in these outcomes between those with
andwithoutmatching. This helps rule out our findings on long-run outcomes
are mediated through these margins. We later exploit the time invariance of
these traits to probe the external validity of our findings if they were to be ex-
tended to alternative samples of job seekers.16

C. Expectations

We examine how the interventions impact expectations a year later. We
do so irrespective of worker’s employment status, ensuring that results are not
driven by composition effects. Table 4 shows these results. Starting with be-
liefs about the joboffer arrival rate, column1 shows that a full year after training
is completed and workers have been searching for jobs, those offered train-
ing retain upward-revised beliefs about this margin (by 1.84 on a 0–10 scale).
Columns 2–4 show treatment effects on expected earnings if workers were
able to transition into their most preferred study sector job. Among those
offered training, their minimum expected earnings from such wage employ-
ment are significantly revised upward, their maximum expected earnings are
revised upward by a greater extent, and their expected earnings shift forward
by $25.4 per month, corresponding to a 44% rise over controls. Column 5
shows that there is no overall change in the dispersion of expectations of av-
erage earnings.
The second row shows impacts on the expectations of those offered vo-

cational training but who were, a year earlier, additionally provided match of-
fers.We report the p-values on the equality of treatment effects on those offered
training with and without matching. Workers additionally offered matching
significantly revise down their beliefs about the job offer arrival rate in good
sectors, despite being as skilled as those without match offers (p 5 :082).
They also have lower expected earnings from wage employment in these
16 The interventions do not changeworkers’ perceived locus of control differentially
for those assigned to training relative to those also assigned matching (p 5 :233);
although for those assigned to training and matching, their locus of control is signif-
icantly lower than controls at the 10% level. This is consistent with discouragement
effects arising from reduced expectations about their own ability to find good jobs
rather than whether finding good jobs depends on their own effort vs. external fac-
tors, such as the state of the economy.
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good sectors—this difference is most pronounced at the minimum expected
earnings (p 5 :095).Workers additionally offeredmatching also hold signif-
icantly less precise beliefs about earnings relative to those offered only voca-
tional training (p 5 :036).
The evidence suggests that youth offered training andmatching arediscour-

aged relative to youth offered only training, as measured by these expecta-
tions about their ownprospects. This is in linewith the alternative hypothesis
able 4
xpectations about Own Job Prospects

JobOffer Arrival Rate
(Expected Probability
of Finding a Job in the
Next Year, 0–10 scale)

(1)

Expected Earnings Conditional on Employment
(USD)

Minimum
(2)

Maximum
(3)

Mean
(4)

Coefficient
of Variation

(5)

ocational
training 1.84*** 17.7*** 31.8*** 25.4*** 2.002

(.205) (3.06) (4.85) (4.37) (.005)
{.000, .001} {.000, .001} {.000, .001} {.000, .001} {.652, 645}

ocational
training 1
matching 1.45*** 12.0*** 23.6*** 17.9*** .009

(.217) (3.28) (5.37) (4.67) (.006)
{.000, .001} {.000, .002} {.000, .001} {.001, .001} {.095, .104}

atching .242 3.21 6.04 3.47 2.000
(.216) (3.05) (4.97) (4.44) (.007)

{.276, .270} {.317, .276} {.248, .229} {.462, .435} {.993, .990}
-value:
vocational
training 5
vocational
training 1
matching [.082] [.095] [.129] [.105] [.036]
ean in control
group 4.19 42.9 72.5 57.8 .107
umber of
observations 1,171 952 946 801 797
NOTE.—Shown are ordinary least squares regression coefficients with robust standard errors in parentheses.
he data used are from the baseline and the first worker follow-up survey. All regressions control for the value
f the outcome at baseline, as well as strata dummies, survey wave dummies, a dummy for the implementation
und, and dummies for themonthof interview. Randomization inference andRomano-Wolf adjusted p-values
e given in braces. Randomization inference p-values are computed following Young (2019), and p-values
justed for multiple testing within the same regression (i.e., for testing multiple treatments) are computed
sing the Romano andWolf (2016) step-down procedure. These are both reported in braces. Minimum, max-
um, mean, and coefficient of variation of expected monthly earnings in cols. 2–5 refer to the workers’ ex-

ected earnings in their preferred sector among the eight study sectors. In cols. 4 and 5, we assume a triangular
istribution to calculate average and coefficient of variationof expectedmonthly earnings. Individualswho report
probability of finding a job in the next 12 months equal to zero are excluded from the sample in cols. 2–5.
ll monetary variables are deflated and expressed in terms of August 2012 prices, using the monthly con-
mer price index published by the Uganda Bureau of Statistics. Deflated monetary amounts are then con-
erted into August 2012 US dollars. We report p-values on the tests of equality of treatment effects between
ocational training and vocational training plus matching in brackets.
*** Significant at the 1% level.
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that low callback rates from match offers are misinterpreted as bad news for
them relative to their prior expectation at the time they completed training.
This is in contrast to those offered onlymatching. The third rowof table 4

shows ITT estimates on the expectations of this group (relative to controls).
Their beliefs about the job offer arrival rate and expected earnings are unaf-
fected. This is in line with the rate of callbacks among this group being in line
with their prior expectations.
Is this really misattribution?—While we have no direct way to measure

workers misattributing information from the lack of callbacks, we can still
probe the issue in three ways. First, we consider reported satisfaction over
job prospects, also measured for the full sample irrespective of employment
status at first follow-up. The result is shown in column 1 of table A8: workers
offered vocational training and matching are significantly less likely to report
being satisfied about their job situation relative to those assigned only voca-
tional training (p 5 :004). This is consistent with them being discouraged
by the outcomes of the matching intervention.
Second,we examine the idea that signals from thematch intervention cause

workers to become more uncertain about the value of skills. At first follow-
up, we asked workers their expected returns from additional training. Col-
umn 2 of table A8 shows the impact on the dispersion of expectations of the
average earnings returns to additional training. Relative to controls, workers
offered training andmatching become significantlymore uncertain about re-
turns to additional training, and their uncertainty about future skills acqui-
sition is higher than for those offered training alone (p 5 :054).17

Third, we rule out that low callback rates cause workers to revise beliefs
about the state of aggregate labor demand rather than their own prospects. To
do so, we elicited beliefs about the following aggregate conditions: (i) whether
a lack offirms is a problem for job search, (ii) whether a lack of advertised jobs
is a problem, (iii) whether workers have difficulties demonstrating their prac-
tical skills to employers, and (iv) whether workers have difficulty demon-
strating their soft skills to employers. The remaining columns of table A8
show how the treatments impact each dimension, as well as an overall index
of labor market beliefs. For no treatment arm do we find significant changes
in beliefs for any dimension of labor market conditions.

D. Search Behaviors

1. Search Intensity

Expectations closely link to search behaviors. For example, an explanation
for why those offered training revise up their beliefs about the job offer arrival
17 The expected returns from additional vocational training are calculated as the
percentage difference between theworker’s reported expectationswith additional vo-
cational training and the worker’s expectations with his/her current skills set (where
under both scenarios we asked the minimum and maximum expected earnings).
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rate is that their expected returns to search have increased. If so, this should
map onto changes in search intensity. However, whether greater optimism
on the job offer arrival rate leads to more or less search intensity is a priori
ambiguous because of countervailing forces.18 While these issues have been
explored among US job seekers (Spinnewijn 2015; Faberman and Kudlyak
2019; Mueller, Spinnewijn, and Topa 2021), we provide among the first ev-
idence for job seekers in a low-income country.
Wefirst consider the extensivemargin of search. The result in column 1 of

table 5 shows that workers offered vocational training are, relative to con-
trols, significantly more likely to actively search for work. These workers in-
crease the likelihood of searching by 17.5 percentage points, a 36% increase
over controls. On the intensive margin, vocational trainees report spending
no more days searching for work (consistent with them experiencing shorter
unemployment spells, as we later document), but they become significantly
more geographically mobile in their search (col. 3). Those offered training are
also significantly more likely to report using direct walk-ins to firms (with no
crowdingout of their reliance on informal information from friends and fam-
ily). Themagnitude of this effect corresponds to a 63% increase in the use of
this search channel relative to controls.
For allmeasures of search intensity,wefindno evidence thatworkers search

less. The results are consistentwith the offer of vocational training, andhence
acquired skills and increasingly optimistic expectations, being complemen-
tary to search effort.
We combine all of thesemargins into an index using the approach ofAnder-

son (2008). This uses the data covariancematrix to construct aweighted sumof
indicators, giving less weight to items more correlated with each other. The
index is standardized to have a mean of 0 and a variance of 1 in the control
group at baseline, so estimates are interpretable as effect sizes.Column6 shows
that this index of search behaviors rises significantly for those offered voca-
tional training by 0.089j. Workers additionally offered matching have more
muted responses on these dimensions of search: their index rises by 0.019j,
18 Following Faberman and Kudlyak (2019), we present the intuition as follows.
With endogenous search effort, the optimal effort (s) equates the marginal costs
and benefits of an additional unit of effort. Denote the cost of search as f(s), assumed
increasing and convex in s. The marginal benefit is the product of the increase in job-
finding probability with the expected surplus from finding a job. The job-finding
probability can be denoted l (s, v,Ti), which depends on search effort, aggregate labor
market conditions (v), and treatment assignmentTi ∈ fVT ,VT 1 M,Mg, which can
shift a worker’s underlying skills or beliefs. The expected surplus from finding a job
is E½V 2 UjTi�, where V (U) is the value of employment (unemployment) and gen-
erally also depends on treatment. Hence, the optimal search effort is given by
f0(s) 5 ls(s, v, Ti)E½V 2 UjTi�. Whether treated workers exert more search effort
than controls then depends on the sign of lsTi

, namely, whether the offer of vocational
training and/ormatching (through its effects on skills and beliefs) is complementary or
substitutable for search effort.
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and this is not different fromzero.Hence, the complementarity between search
effort andvocational training isweaker for those additionally offeredmatching.
As both groups have the same skills, the lower returns to search are because
of discouragement among youth additionally offeredmatching. The discour-
agement effect on search is concentrated on onemargin: the extensivemargin
of search intensity (p 5 :053).
Finally, workers offered only matching do not change search behavior

along most margins except reporting spending fewer days actively searching.
This is in line with the earlier results because for these youth, there was no
change in the expected job offer arrival rate, suggesting no change in the ex-
pected returns to search and hence search intensity.
2. Directed Search

The other dimension of search behavior relates to directed search, whereby
workers focus their search on particular firms or jobs. Expectations again link
to directed search, and the evidence already hints at such behavior being im-
pacted. For example, inmany job searchmodels, theminimum expectedwage
helps pin down reservation wages (because a potential employer would not
make an offer she knows will be rejected). The fact that this shifts upward
with the offer of training is consistent with workers searching over higher-
wage firms/jobs, as is the fact that the average skilled worker revises up their
beliefs about earnings conditional on obtaining a job in a good sector relative
to those offered training and matching.
To explore the issue, we first examine whether workers report wages being

an important determinant of the firms they search over. The treatment effects
on this outcome are shown in column1of table 6:while 34%of controls report
wages being a determining factor, this rises by a further 11 percentage points
for those youth offered vocational training. This is significantly different from
those offered vocational training and matching (p 5 :050), in line with these
two groups of equally skilled workers searching over different parts of the
wage offer distribution (Moen 1997;Acemoglu and Shimer 1999; Shimer 2005).
To establish holistic measures of directed search, we askedworkers about

characteristics of the ideal firm and ideal job theywere searching for.We con-
struct the ideal firm index so that higher values correspond to more produc-
tive firms because they (i) have more employees, (ii) are formally registered,
(iii) provide training, and (iv) provide other material benefits to employees.
The index is scaled so that treatment effects are interpreted as effect sizes. The
treatment effects on the ideal firm index are shown in column 2 of table 6:
workers offered vocational training significantly change the kinds of firm
they direct their search toward. Their ideal firm index rises by 0.103j (a re-
sult robust to p-value adjustments). Table A9 shows the firm characteristics
driving this: these workers search for firms that can provide training and
other material benefits.
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Workers additionally offered matching search for firms that are no differ-
ent from those targeted by controls. Their ideal firm index is borderline sig-
nificantly different from firms targeted by those offered only vocational
training (p 5 :102). Examining more closely the components of the ideal
firm index, we see that relative to workers offered only vocational training,
those additionally offered matching search for significantly smaller firms
(p 5 :040) and are significantly more likely to search over informal firms
(p 5 :058). This is all despite these two groups of worker having identical
sector-specific skills.19
Table 6
Desired Sorting and Directed Search

Firm Wages
(1)

Ideal Firm
Searched For

(2)

Ideal Job
Searched For

(3)

Vocational training .110*** .103*** 2.051
(.036) (.036) (.040)

{.001, .002} {.007, .012} {.204, .199}
Vocational training 1 matching .030 .030 2.010

(.039) (.039) (.041)
{.417, .444} {.449, .411} {.809, .791}

Matching 2.048 .042 2.065
(.037) (.039) (.042)

{.212, .217} {.279, .274} {.122, .124}
p-value: vocational training 5
vocational training 1 matching [.050] [.102] [.351]

Mean in control group .338 2.047 .017
Number of observations 1,213 1,215 1,231
19 If beliefs are a function of the t
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We see no differences across treatment arms in the ideal job sought. Ta-
ble A10 shows no component of the ideal job searched for index shifts for
workers offered vocational training (with or without matching).20

3. Credit

In the appendix, we examine a final dimension of search behavior, build-
ing on the idea that labor and credit markets are interlinked. The results in
table A11 show that workers offered only matching are significantly more
likely to borrow than controls. They do so not tofinance job search but rather
to finance business expenditures, as in starting up in self-employment. The
rate of borrowing for self-employment is double that of controls, and the
average loan size among this treated group is $32 (so far below the $400 value
of vocational training offered). This suggests that the lack of callbacks from the
BRAC-implemented matching intervention serves to concretize and crystal-
lize unskilled workers’ low expectations of finding a wage job of the type
VTIs prepare individuals for. As we assess labor market outcomes below,
we can examine whether these intentions—measured a year after matching
is offered—actually translate into higher rates of self-employment in the long
run.21

V. Long-Run Outcomes

The 6-year study period allows us to map out how offers of training and
matching translate into long-run labormarket outcomes.We do so using out-
comes measured during phase 3 of the timeline in figure 3 (so 36–55 months
afterworkers graduate and/or are givenmatch offers).We estimate the follow-
ing ITT specification for worker i assigned to treatment group j in strata s in
survey wave t:

yist 5 ojjbjTij 1 gyi0 1 ls 1 ϑt 1 uist, (2)

where yist is the labor market outcome of interest in survey wave t 5 2, 3, 4; ϑt
is a surveywavefixed effect; and all other controls are as previously described.
We use robust standard errors as randomization at theworker level and report
p-values adjusted for randomization inference andmultiple hypothesis testing
as before. We later summarize outcomes in an index of overall labor market
success. For this index, we show dynamic impacts by survey wave.
20 We construct the ideal job index so that higher values correspond to jobs higher
up the job ladder because they (i) entail supervisingothers, (ii) have a high social status
associated with them, (iii) enable workers to learn new job-specific skills, (iv) entail
working with others (as opposed to working alone), or (v) have a flexible schedule.
The index is scaled so that treatment effects are interpreted as effect sizes.

21 This stated intent to move into self-employment is consistent with character-
istics of the ideal job reported for those in the match-only arm: in table A10 we see
that they are significantly less likely than controls to report searching for jobs in-
volving supervising others.
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A. First Job

We start by considering thefirst job obtained after intervention.Column1
of table 7 shows that controlsfind theirfirst wage job almost 14months after
the interventions have completed—it takes a long time for unskilled youth
to get a foot on the job ladder. Vocational trainees (with and without match
offers) find their first job 1–2 months earlier. Both groups are equally likely
to find their first job in one of the eight good study sectors (col. 2), which is
22 percentage points higher than for controls.22

The remaining columns showmargins along which first jobs differ between
vocational trainees with and without match offers. Those offered only voca-
tional training are significantly more likely to have a formal contract (p 5
:022), and their monthly earnings are significantly higher despite the two
groups ofworker having identical sector-specific skills (p 5 :001). This is pre-
cisely in linewith thefindings on directed searchwhere these groups ofworker
diverged in the quality of firms they directed the search toward. For those
offered only matching, we see no short-run difference from controls in the
timing of their first job, whether it is in a good sector or with a formal firm,
or earnings.

B. Employment

Table 8 uses specification (2) to establish long-run impacts on employ-
ment and transitions into regular work. Mirroring results in Alfonsi et al.
(2020), (i) thoseofferedvocational training are significantlymore likely towork,
with employment rates rising by 9.4 percentage points or 15% over the long-
run average for controls (col. 1); (ii) this is driven by a transition toward regular
employment, both on the extensive margin where regular employment rates
rise by 11.3 percentage points or 22% (col. 4) and on the intensive margin
where these individuals spend 23%moremonths of the year in regular work
(col. 4). In terms of sectoral allocation, they double the months they work in
a study sector that offers good jobs (col. 5).
We summarize employment effects by combining outcomes from col-

umns 3–5 into an index, using the Anderson (2008) approach and normaliz-
ing the index to zero for controls at baseline so impacts can be interpreted as
effect sizes. This index outcome is given in column 6. Relative to controls, for
workers offered vocational training, the employment index rises significantly
by 0.347j. Strikingly, in the second row,we see thatworkers offered vocational
training but also offered matching up to 5 years earlier have a significantly
22 The results help ameliorate the concern that workers offered vocational train-
ing and match offers assume that BRAC searches entirely on their behalf. The fact
that even those offered training take around a year after intervention to find their
first job also removes the concern that any of the results on expectations and search
behaviors are driven by feedback effects from short-run labor market outcomes or
on-the-job search.
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smaller improvement in their employment index of 0.248j (p 5 :030). The
reasonwhy the index is lower relative to those offered only vocational train-
ing is that (i) they are less likely towork in regular jobs (p 5 :043); (ii) on the
intensive margin, they work significantly fewer months in regular jobs
(p 5 :011); and (iii) they work less time in one of the good sectors in which
we offered training (p 5 :104).23

*** Significant at the 1% level.
able 7
irst Jobs

Months between
Intervention and

First Job
(1)

First Job in One
of Eight Good

Sectors
(2)

Formal
Contract in
First Job

(3)

Monthly
Earnings in
First Job

(4)

ocational training 21.74*** .227*** .059* 8.32**
(.605) (.039) (.034) (3.88)

{.004, .006} {.000, .001} {.089, .193} {.036, .028}
ocational training 1
matching 21.61** .222*** 2.020 24.88

(.696) (.044) (.033) (3.99)
{.022, .017} {.000, .001} {.543, .553} {.224, .231}

atching 2.719 .013 2.030 23.40
(.702) (.043) (.034) (3.80)

{.306, .306} {.759, .760} {.376, .553} {.374, .383}
-value: vocational training5
vocational training 1
matching [.847] [.916] [.022] [.002]
ean in control group 13.6 .312 .118 60.2
umber of observations 1,037 1,051 722 974
23 On other intensivemar
ers with and without job as
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ll regressions control for the value of the outcome at baseline when available, strata dummies, survey wave
ummies, a dummy for the implementation round, and dummies for the month of interview. Randomiza-
on inference and Romano-Wolf adjusted p-values are given in braces. Randomization inference p-values
e computed following Young (2019), and p-values adjusted for multiple testing within the same regression
.e., for testingmultiple treatments) are computed using theRomano andWolf (2016) step-down procedure.
hese are both reported in braces. Outcomes in cols. 1–4 are conditional on the worker finding a job starting
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terms of August 2012 prices, using the monthly consumer price index published by the Uganda Bureau of

tatistics. Deflatedmonetary amounts are then converted into August 2012US dollars.We report p-values on
e tests of equality of treatment effects between vocational training and vocational training plus matching in
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* Significant at the 10% level.
** Significant at the 5% level.
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000 Bandiera et al.
Linking these results back to those on expectations highlights that opti-
mistic beliefs can drive the search for good jobs. Specifically, we note that the
difference in expected job offer arrival rates between those offered training
with and without match offers (and accounting for the fact that this is on a
0–10 scale)was (1:84 – 1:45)=10 5 0:039 (table 4, col. 1).Contrasting thiswith
the actual differential likelihood of these two groups finding a good job (ta-
ble 8, col. 3) is 0:113 – 0:066 5 0:047, which is the same order of magnitude.
The third rowof table 8 shows outcomes for those offered onlymatching.

Relative to controls, their employment outcomes improve significantly along
both extensive and intensive margins. Naturally, the magnitudes of impact
are smaller than for those offered training. Their employment index rises by
0.117j, so around one-third that of those offered training only.
C. Earnings

Column 1 of table 9 shows that for those offered vocational training, long-
run earnings rise by 26% over controls. Columns 2 and 3 show that the bulk
of this rise comes from earnings from regular jobs. Examining earnings im-
pacts for workers offered training and matching, we see that (i) total and reg-
ular earnings rise significantly over controls and (ii) the point estimates on
both are smaller than for workers offered only training, but these differences
are only marginally significant.
To understand why the additional match offer has more negative impacts

on employment than earnings for those offered training,we consider the extent
to which workers engage in ex post bargaining with firms they receive job of-
fers from. We consider bargaining over wages, hours, location, and additional
benefits, combining these into a bargaining index. Column 4 of table 9 shows
treatment effects on this bargaining index. Only those offered both training
andmatching are impacted, being significantlymore likely to engage in ex post
bargaining than those offered only vocational training (p 5 :001). Table A12
shows that these workers bargain over locations and additional benefits.
Why would only those offered training and matching years earlier bargain

harderwith potential employers?One intuition is thatworkers bargain as their
nonemployment outside option improves.Our experiment rules this out be-
cause workers offered only training do not bargain in the sameway.We also
rule out that such workers are differentially skilled to those offered only voca-
tional training (tableA6).Rather, our results offer the novel possibility that the
search process itself influences how hard workers bargain ex post with firms.
In particular, the frequency of job offers from good firms might determine
bargaining behavior. To check this, column 5 shows that unemployment
spells for those offered only vocational training are half the length of those
additionally given match offers, and this difference is significant (p 5 :023).
Hence, those offered training and matching meet good employers less often—
but when they domatch with potential employers, they bargain harder. This
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000 Bandiera et al.
can help explain how they close the earnings gap to those offered only
training.

D. Realized Sorting

We next consider impacts on sorting, by examining the characteristics of
firms and jobs that workers end up at in their last employment spell in each
survey wave and the extent to which they engage in self-employment. We col-
lected information on firm and job characteristics to allow a direct compari-
son to the ideal firm and job characteristics workers expressed directing their
search toward (table 6).We construct indexes of realizedfirm and job quality,
where higher indexes correspond tomore productive firms or jobs higher up
the ladder.
Column 1 of table 10 shows that for those offered vocational training, re-

alized firm quality is significantly lower for those also offered matching
(p 5 :035). Indeed, vocational traineeswithmatching endup atfirms of lower
quality than controls. The effects on each component of the index in table A13
reveal that firm quality is lower for this group because they are significantly
more likely to end up in informal firms and firms less likely to provide other
benefits.24 Among those offered only matching, they also end up in firms of
lower quality than controls because they aremore likely to end up employed
in informal firms.
Column 2 shows that among those offered training, realized job quality is

also significantly lower among those additionally offered matching (p 5
:077). The treatment effects on each component of the job quality index
are shown in table A14: this reveals that the key distinction between the two
is that those offered only training are significantlymore likely to end up in jobs
that enable them to supervise others. In contrast, for youth offered both train-
ing andmatching up to 5 years earlier, they end up in jobs not significantly dif-
ferent from those for controls.
Ameasure of worker-firmmatch quality is the length of the employment

spell. Column 3 in table 10 reveals that (i) those offered training have signifi-
cantly longer employment spells than controls (the magnitude of the effect is
1.24 months, corresponding to a 22% increase over controls) and (ii) em-
ployment spells are about half themagnitude for trainees additionally offered
matching, and this is significantly different from those offered only training
(p 5 :015).
The results all point to positive assortative matching between workers,

jobs, and firms: those offered training end up higher up the job ladder. This
progression is slower for those additionally offered matching. This is despite
both groups graduating with identical sector-specific skills. The fact that they
sort to different firms, jobs, and sectors represents a misallocation of talent.
24 Individuals who do not have a job are excluded from cols. 1 and 2. All of our
indexes allow formissing values on some outcomes, with outcomes being reweighted
to account for this.
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Thismisallocation is caused by the revised expectationsworkers withmatch
offers have, because they misattribute the lack of callbacks and become dis-
couraged in their search, exerting lower search effort and directing it to lower-
quality firms. These results represent novel experimental findings on how
sorting patterns between workers, firms, and jobs are shaped by labor market
interventions in a low-income setting.
Self-employment.—It is natural to consider the extent to which the inter-

ventions impact career progression via self-employment.Column4of table 10
shows that workers in all treatment arms are more likely to engage in self-
employment. Increases in self-employment occur entirely within the study
sectors, and we observe significant reductions in workers assigned to voca-
tional training being engaged in self-employment in other sectors (col. 5).We
saw earlier that long-run nonemployment rates even for skilledworkers remain
around 30%, so labor markets do not clear even for them (Banerjee and
Sequeira 2023).Hence, themovement into self-employmentmight represent
push factors arising froma lackof labor demand rather thanworkers preferring
self-employment over other jobs. Indeed, wefind no short-run treatment ef-
fect on those offered vocational training on their stated desire to move into
self-employment.
For workers offered onlymatching, the impact on self-employment (4 per-

centage points) corresponds to a near 66% increase over controls. This aligns
with their stated intent to borrow to start up in self-employment. Entry into
the labormarket via self-employmentmight be key because they are untrained,
so it is difficult for them to find wage employment in good sectors.

E. Dynamics

To summarize long-run impacts and estimate dynamic treatment effects,
we construct a holistic index of labor market success combining (i) all compo-
nents of the employment index, (ii) total earnings, (iii) the length of the last em-
ployment spell, and (iv) all components of the indexes of realized firms and
realized jobs. The ITT treatment effects on this index are given in column 6
of table 10. On this measure of long-run labor market success, there is a sig-
nificant increase of 0.115j for vocational trainees. This increase is signifi-
cantly larger than for those additionally offered matching (p 5 :001), for
whom the index rises by less than half (0.051j). In short, the impacts of
matching on those offered training undo half of what is achieved through
training alone. The overall long-run impact of matching is not significantly
different from controls.
Figure 5 presents dynamic treatment effect estimates on this index of labor

market success by survey wave. This shows the gradual improvement in out-
comes for those offered training, diverging away from the slight decline in
outcomes for those additionally offered matching. Within each treatment arm,
we cannot reject the null hypothesis that impacts are equal across periods.
Within survey wave, our overall index implies that vocational trainees have
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significantly greater labor market success at waves 2 and 3 than those addi-
tionally offered matching (p 5 :042, .014). This hints at the possibility that
by the final survey wave—some 55 months after training has completed—
traineeswithmatch offersfinally start to catch up to those offered only training.
The cumulative losses to them, in terms of earnings and labor market attach-
ment, however, remain substantial.25

Our findings contribute to an ongoing debate about the persistence of in-
tervention impacts in low-income contexts. They emphasize that initial con-
ditions upon labor market entry have persistent impacts on the outcomes of
young job seekers: the skills and expectations these individuals have when
entering the labor market matter up to 6 years later. Among those offered vo-
cational training and matching, the discouragement caused by a lack of call-
backs effectively scars these youth as they transition into the labor market.
The opposite is the case for workers offered onlymatching: for them, the lack
of callbacks confirms their labormarket prospects and causes them to success-
fully borrow to start up in self-employment.

VI. Outcomes, Expectations, and Search

We use mediation analysis to link our two sets of results—mapping how
labormarket interventions translate into long-run labormarket outcomes via
experimentally induced changes in skills, expectations, and search behavior.
Following Gelbach (2016), the treatment effect of intervention T on labor
market outcomeY can be decomposed as operating through a set ofKmedi-
ators each denoted mk:

dY
dT

5 o
K

k51

∂Y
∂mk

∂mk

∂T
1 R, (3)

where R is the part left unexplained. The outcome we focus on is the index of
labormarket success, andwe consider the following asmediators: sector-specific
skills, the expected job offer arrival rate of a job in their preferred good sector in
the next year, the minimum expected earnings conditional on employment in a
job in a good sector, whether they have actively searched for a job in the past
year, the ideal job and firm indexes, and whether the individual is borrowing.
The result is shown in figure 6. The x-axis shows the ITT estimate on the

labor outcomes index for each treatment arm. The solid black bar shows the
same ITT effect (table 10, col. 6), and within each, we show the contribution
of each mediator. Among workers offered training, certified sector-specific
skills are the most important mediator: 20% of the long-run impact on labor
25 Our results are reminiscent of the scarring literature that shows persistent effects
of graduating in a recession or other differences in initial conditions (von Watcher
2020).Our results offer potentialmechanisms driving such dynamics through changes
in workers expectations and search behaviors.
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market outcomes is mediated through skills. This reinforces the findings
from Alfonsi et al. (2020). Expectations explain a further 18% of the long-
run impact, so they are almost as important as skills. Specifically, the ex-
pected job offer arrival rate explains 8% of the long-run impact, and the
minimum expected earnings from employment in a study sector explains a
further 10%. Other mediators have relatively muted roles.
Amongworkers additionally offeredmatching, sector-specific skills and ex-

pectations explain 41% and 17% of the labor outcomes index, respectively.
However, given that the overall ITT effect to be explained is half the size
(0.115j vs. 0.051j), the absolute importance of skills is the same for those of-
fered training, with or without matching. This is as expected given that the
accumulation of sector-specific skills does not differ between them. Expecta-
tions and search behaviors play less of a role in determining the long-run labor
market success of those offered both training and matching—because these
workers are discouraged, so they end upwith expectations and search behav-
iors closer to controls overall. For workers offered only matching, no single
mediator is prominent, although borrowing has a positive effect.
FIG. 6.—Mediation analysis. We show a decomposition of the ITT effects on the
bor market index, following the approach of Gelbach (2016). We show the decom-
osition of the difference between the ITT effects in the full (with mediators) and re-
tricted (without mediators) models. The black lines show the magnitude of the ITT
oefficient from the restrictedmodel. The percentages on the bars show the percentage
f the ITT effect in the restrictedmodel that is explained by eachmediator. All regres-
ions include strata dummies, survey wave dummies, a dummy for the implementa-
on round, and dummies for the month of interview. The analysis uses the following
ariables as mediators: the sector-specific skills test score, the expected probability of
nding a job in a good sector in the next 12months, the reservationwagemeasured by
e minimum expected earnings in a study sector firm, a dummy for whether the in-
ividual searched for a job in the previous year, the ideal job index, the ideal firm in-
ex, and a dummy for whether the individual is borrowing.
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VII. Discussion

A. Revisiting Alfonsi et al. (2020)

It is useful to bridge the insights of this analysis to our earlierwork,Alfonsi
et al. (2020), using data from this project. There, we contrasted labor market
returns to certified vocational training versus noncertified firm-sponsored
apprenticeships. In the comparison between these supply- and demand-side
policies to train workers, we showed that the returns to vocational training
are higher because certified skills aid labormarketmobility. The current anal-
ysis reaffirms that certifiable skills still play a driving role in the labor market
success of those offered vocational training relative to controls, irrespective
ofwhether they are also offeredmatching. In contrast to our earlierwork,we
have not considered firm-sponsored training in the current analysis because
job search is not relevant for firm-sponsored apprenticeships.26

Our earlier work largely combined the vocational training arms (with and
without match offers). The justification for doing so was that the low rate of
callbacks suggested that search frictions do not play a large role for firms.
What the current analysis brings to the fore is that in the match offer treat-
ments, the lack of callbacks to workers still shapes the expectations and search
behavior of young workers, and this in turn determines their long-run labor
market outcomes over and above the direct effects of acquiring certified skills
thatwe focused on inAlfonsi et al. (2020). The current analysis shows the near-
equal importance of skills and expectations in determining long-run labor
market outcomes for youth offered training. Here we find that despite the in-
creased mobility due to certifiable skills, trainees with match offers do signif-
icantly worse than those offered only training. The reason is novel: they are
imperfectly informed andmisattribute the lack of callbacks frommatch offers,
causing them to revise down their expectations about their own prospects and
search differently as they transition into the labor market. This leads to differ-
ential patterns of sorting for them: they end up at worse firms and in worse
jobs, progressing less far on the job ladder from casual work toward good jobs.
The two sets of analyses are complementary and together provide a detailed
picture of the determinants of labor market outcomes for youth in a low-
income context.

B. External Validity

Scalability and alternative informational interventions.—The vocational
training courses in our study sectors are normally offered byVTIs throughout
26 In the current analysis, we have not considered those workers assigned to firm-
sponsored training, because their search behaviors will be endogenously determined
by their experience as apprentices withinfirms. It remains an open question to under-
stand how apprenticeships shape expectations and search behaviors of youth once
they leave the firm they originally receive training from.
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Uganda. This treatment thus represents a scalable market-based interven-
tion.Ourmatch offer is relatively light touch and scalable.We highlight that
young job seekers can misattribute information provided to assist them in
job search. This lesson applies more broadly, emphasizing the need to con-
sider the framing of job assistance, careers advice, or counseling.
Purely informational interventions link back to a long-standing discus-

sion on what exactly individuals learn about during job search—aggregate
demand conditions, as captured by learning the wage offer distribution
(Wright 1986; Burdett and Vishwanath 1988), or returns to their own abil-
ities (Gonzalez and Shi 2010). One way to therefore distinguish between
informational interventions is whether they offer directed or undirected sig-
nals to workers. For example, in job fair–style job assistance or assistance that
provides aggregate information (Abebe et al. 2020; Chakravorty et al. 2024;
Kelley et al. 2024), signals conveyed to workers are relatively more infor-
mative of the status of the labor market as whole rather than individual job
prospects. Hence, there is less scope for workers to misattribute signals as
being informative of their own job prospects. Such interventions reduce over-
optimism but do less to discourage workers. At the other extreme are highly
directed job assistance interventions that tailor feedback specific to the indi-
vidual (Altmann et al. 2018; Belot, Kircher, andMueller 2019). Our matching
intervention is closer to this second type. Moreover, in our intervention,
workers interact with one BRAC placement officer, who simply tells them
that the matched firms are not interested inmeeting with them, without pro-
viding reasons why. One way to potentially avoid risks of misattribution
from directed informational interventions is by using mentors to provide
continuous feedback to workers, as in Alfonsi, Namubiru, and Spaziani
(2024).
Workers.—Individuals in our evaluation are the kind of disadvantaged

youth that many job-training programs target. We consider whether our re-
sultswould apply if other job seekerswere targeted.To shed light on this dimen-
sion of external validity, we consider heterogeneous treatment responses with
regard to cognitive ability and the psychological trait of self-evaluation—
an appraisal of one’s worthiness, effectiveness, and capability ( Judge et al.
2002). We discuss these in more detail in the appendix and here describe
the main findings.
Figure A3A shows that within each treatment arm, the ITT impact on the

long-run labor outcome index is not different between those with high and
low cognitive ability. This reconfirms the notion that workers likely under-
stood the nature of match offers. Figure A3B shows the analysis split between
workers of high and low self-evaluation. A similar pattern of homogeneous
results emerge, again suggesting that our resultsmight extend to other samples
of young job seeker. This also implies that misattribution of information gen-
erated from callbacks is a phenomena applying toworkers irrespective of their
underlying appraisal of their own worthiness, effectiveness, and capability.
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Firms.—A lack of labor demand is a key constraint in matching workers to
firms. Even though firms in our study normally recruit young job seekers,
low callback rates are driven by a lack of vacancies. The constraint is logistical
in that betweenwhen thefirmsamplewas drawnandwhenvocational training
was completed and match offers were made changes in demand mean that
even iffirms report binding hiring constraints at baseline, this might no longer
be the case by the time match offers are implemented. Alternative approaches
to raise callback rates in matching interventions would be to usemore sophis-
ticated algorithms to assignworkers tofirms (Horton 2017) or providemore
information to firms (Pallais 2014; Groh et al. 2016; Bassi and Nansamba
2022; Carranza et al. 2022).

C. Policy Implications

Our study has three implications for the design of labor market inter-
ventions. First, the value of vocational training operates through givingwork-
ers valued and certified skills but alsoby changing their expectations—making
them optimistic with regard to their job prospects. This drives them to search
more intensively, approach firms directly, and target higher-quality firms.
Such beliefs might be motivated or help overcome biases such as procrastina-
tion (DellaVigna and Paserman 2005), but overall, it is not obvious that there
are always positive returns in job search from holding optimistic beliefs—it
can also lead to frustration (Genicot and Ray 2017; Banerjee and Sequeira
2023). Job search is a difficult and complex process requiring prolonged mo-
tivation. As vanHooft (2016) describes, the complexity arises from job search
being a nonroutine activity in which individuals have limited experience, it
involves utilizing awide array of strategies andmethods, it occurs in an ambig-
uous and competitive environment, and it can be a lengthy process involving
multiple rejections. Throughout, job seekers have to avoid their motivation
being undermined. Understanding intervention design features that can aid
optimism rather than discouragement remains an issue for future work.
Second, an important feature of our study is that match offers are imple-

mented asworkers graduate from training.Aswe show, the process of train-
ing leads to a rapid change inworker beliefs—putting them onto trajectories
of beliefs diverging from realistic outcomes. It is exactly then when match
offers are implemented. It remains an open question whether match offers’
likelihood to discourage workers would have differed had they been imple-
mented after trained workers had searched for good jobs by themselves.
Finally, our findings relate to policy discussions about how to incentivize

providers of vocational training to train and find workers employment. Our
results suggest that incentive provisionmight not be enough: trying tomatch
workers to firms is hard and requires additional information to be gained on
both demand and supply conditions. This complements emerging findings
that VTIs face severe information frictions when trying to find their own
graduates employment (Banerjee and Chiplunkar 2024).
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D. Future Agenda

Labormarkets play a critical role in the process of economic development.
The efficient matching of workers to firms is key for individual welfare, but
it also has macroeconomic consequences in determining labor productivity,
thefirm size distribution, the nature ofmacroeconomic cycles, and aggregate
growth. In the context of a low-income economy,we showhow individual ex-
pectations are critical for understanding how youth search for good jobs and
are able to transition away from a reliance on casual labor towardmore regular
wage employment. Our analysis points to the need to incorporate the role of
skills, worker expectations, and multiple margins of search behavior into job
search models. Important recent contributions have considered the evolution
of expectations with job search (Conlon et al. 2018; Mueller, Spinnewijn, and
Topa 2021; Potter 2021; Mueller and Spinnewijn 2023). Our results point to
the expectations formation process depending on the skills of workers, (misin-
terpreted) signals about job prospects, and endogenous search effort. Incorpo-
rating such features would advance our understanding of what are likely to be
the most effective labor market policies to help youth find good jobs in urban
labor markets in the developing world.
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