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Abstract

Worker sorting into tasks and occupations has long been recognized as an impor-
tant feature of labor markets. But this sorting may be inefficient if jobseekers have
imperfect information about their skills and therefore apply to jobs that poorly match
their skills. To test this idea, we study two field experiments that give young South
African jobseekers information on their results from standardized assessments of job-
relevant skills. Information redirects jobseekers’ search toward jobs that value skills
where they score relatively highly, without raising their search effort. Information
also substantially raises earnings, consistent with inefficient sorting due to imperfect
information.
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1 Introduction

Worker sorting into tasks and occupations has long been recognized as an important fea-
ture of labor markets (Roy, 1951). Efficiently matching workers with the tasks where their
skills are most productive offers the prospect of large output gains (Lise & Postel-Vinay,
2020). The efficiency of matching depends crucially on job search, particularly how job-
seekers direct their search effort across different types of jobs.

In this paper, we use one new and one pre-existing field experiment to show that job-
seekers can have imperfect information about their skills and that getting new informa-
tion can update their beliefs, redirect their search toward jobs that better match their skills,
and substantially raise their earnings. Existing research, reviewed by Mueller & Spin-
newijn (2023), has documented imperfect information about many aspects of job search
but has not studied jobseekers” beliefs about their skill match with different job types.
The idea that key labor market decisions may depend on imperfect information about
skill match has broad applications ranging from job search to education to migration.

We begin by proposing a simple model in which jobseekers with multidimensional
skills have beliefs about their skill comparative advantage (CA): their ranks in different
skill dimensions, relative to other jobseekers from similar backgrounds. These beliefs
influence their skill-directed job search: how they allocate effort across searching for
jobs with different skill demands. In this model, imperfect information about skill CA
can distort skill-directed job search and worsen labor market outcomes.

To empirically study the consequences of imperfect information about skill CA, we
recruit young jobseekers from disadvantaged backgrounds in Johannesburg. We invite
them to day-long workshops run with a South African government job search assistance
agency. In the workshops, we measure their communication and numeracy skills using
established psychometric assessments. We verify that these skills are valued by firms
hiring for non-specialist, entry-level jobs — the same types of jobs that jobseekers in our
sample are searching for. We define each jobseeker’s CA as the skill dimension in which
they rank highest relative to other jobseekers from similar backgrounds who take the
same assessments at this agency.! We also measure jobseekers’ beliefs about their levels
of these skills and their CA over these skills. We find that jobseekers” beliefs about their
CA (1) are only slightly closer to their assessment results than random guesses, (2) persist
over time, and (3) predict the skill demand of jobs where they apply. These descriptive
patterns are consistent with the model and help to motivate our experimental analysis.

In two field experiments, we randomize half the workshops to give participants their

skill assessment results, shown as rankings relative to the assessment results of a large

! This definition follows work in both labor (e.g. Guvenen et al. 2020; Papageorgiou 2014) and education
(Altonji et al., 2016). We discuss alternative definitions and the link to absolute advantage in Section 2.
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group of jobseekers from similar backgrounds. Participants in control workshops take
the same assessments but do not learn their assessment results. The two experiments
have the same treatments, comparable groups of jobseekers recruited in the same way
but at different times, and complementary but not identical outcome measures.’

Our first experiment shows that receiving information about one’s skills facilitates
skill-directed job search, using a unique combination of belief and novel search measures
for 278 jobseekers. No existing data sources measure all variables necessary to study
how jobseekers’ beliefs influence how they direct search effort over jobs with different
skill demands. To achieve this, we measure jobseekers” multidimensional skills, beliefs
about these skills, jobseeker x vacancy-level data on whether jobseekers apply to specific
vacancies, and these vacancies’ skill demands.® Relative to the control group, treated par-
ticipants’ skill beliefs move substantially closer to their measured skills, including beliefs
about their CA. Treated participants are more likely to apply to jobs with skill demands
that match their CA, using multiple prespecified measures of skill-directed job search:
applications on a job search platform, survey data, and a novel incentivized task in which
participants choose between applying to jobs with different skill requirements. These re-
sults are driven by a prespecified subset of jobseekers: those whose baseline CA beliefs
differ from their assessment results. These are the jobseekers who get more information
from treatment and, to the extent that our assessments are accurate, have inaccurate base-
line beliefs. Treatment closes roughly 80% of the gap in skill-directed job search between
jobseekers with accurate and inaccurate baseline beliefs.

Our second experiment shows that receiving information about one’s skills improves
labor market outcomes, using survey data for 4,389 jobseekers collected 3.5 months after
the workshops. Treated jobseekers have weekly earnings and hourly wages roughly 25%
higher than control group jobseekers, with suggestive evidence that they move onto dif-
ferent short-run job ladders. These effects are driven by the subset of jobseekers whose
baseline CA beliefs differ from their assessment results, as in the first experiment. Treat-
ment effects on jobseekers” CA beliefs and skill-directed job search are similar across the
two experiments, although the second experiment relies on simpler survey measures.
This experiment has already been studied by Carranza et al. (2022), although we extend
their analysis in several ways that we explain below.

We call the two experiments “tight” and “big” to emphasize their respective strengths:

detailed, novel measures of beliefs and skill-directed search in the first experiment versus

2 We interpret the treatments as providing information only to jobseekers because it is difficult for par-
ticipants to credibly share assessment results with firms and we show that they rarely share these results.

3 Survey datasets typically record aggregated search measures such as total applications submitted, not
jobseeker*vacancy-level measures. Job search platforms seldom measure skills, beliefs, or labor market
outcomes. Government administrative data do not measure beliefs and seldom measure skills or search.



a larger sample and longer timeframe to study labor market outcomes in the second.* We
ran the tight experiment after the big experiment to better measure the belief and search
effects that might explain the strikingly large earnings effects in the big experiment.

The two experiments show a consistent picture of this labor market: getting more in-
formation about their skills moves jobseekers’ CA beliefs toward their measured CA, redi-
rects their search toward jobs aligned with their measured CA, and raises their earnings.
In contrast, we find evidence against a plausible alternative mechanism: that treatment
changes beliefs about absolute skill levels and therefore shifts search effort and labor mar-
ket outcomes. We see the first part of this mechanism in our data: treatment lowers the
average jobseeker’s belief about her skill level, because untreated jobseekers are on aver-
age overconfident about their skill levels relative to other jobseekers. But we do not see
the second part of this mechanism: treatment has negligible effects on multiple measures
of job search effort in both experiments. Our model shows that this can occur because the
sign of the effect of beliefs about skill levels on search effort is theoretically ambiguous.
We find little evidence that treatment changes jobseekers’ skill investment decisions.

We contribute to a broad and long-standing research program studying barriers to ef-
ticient matching between workers and jobs. Our contribution is to provide the first direct
evidence that jobseekers’ beliefs about their skill CA influence their job search, in partic-
ular how they direct search over different job types, and therefore influence their labor
market outcomes. We collect for the first time the unique combination of data needed to
observe this causal chain. This bridges and extends three existing literatures.

First, one literature studies the labor market consequences of (mis)match between work-
ers’ multidimensional skills and jobs” skill demands. This work uses longitudinal labor
market data and dynamic matching models to show that mismatch can lead to large

long-term earnings losses.’

But this literature typically infers the causes of mismatch
from model-based arguments or does not specify them, as it does not observe data on
beliefs, search, or sometimes even skills. We complement this work by designing exper-
iments and collecting unique measures to understand how skill mismatch can be caused
by beliefs about skills and job search choices, allowing us to to directly observe behavior

otherwise requiring assump’cions.6 And we highlight one way policy might address skill

* We use these light-hearted, nonstandard names because standard terms don’t capture the differences
between the experiments. Both are field experiments, not lab-in-the-field, because they study real jobseek-
ers’ real search. Both have parts of what Harrison & List (2004) call framed and natural field experiments.

5 See Sanders & Taber (2012) for a review of this literature. Bohm et al. (2023) use direct skills measures to
show that returns to skills vary substantially between firms, consistent with an important role for mismatch.
Baley et al. (2022), Fredriksson et al. (2018), Guvenen et al. (2020) and Lise & Postel-Vinay (2020) combine
direct skill measures with dynamic models to understand life-cycle earnings losses from mismatch.

6 Our tasks build on work using choices in controlled environments to study preferences over education
and jobs (e.g. Adams-Prassl & Andrew 2023; Cortés et al. 2023; Mas & Pallais 2017; Wiswall & Zafar 2015.)



mismatch: our skill information intervention raises the average treated participant’s earn-
ings by 1.8 times the average variable cost of the intervention, under plausible assump-
tions about the time path of earnings. This raises the possibility that similar interventions
might be cost-effective additions to active labor market programs or job search platforms.

A second literature studies imperfect information in education and hiring as poten-
tial causes of (mis)match. Education economists have shown that imperfect informa-
tion about students’ skills and skill match with specific occupations can influence edu-
cation investments.” Education research has focused on decisions during formal educa-
tion rather than decisions in the labor market, which depend on potentially very different
learning processes. Labor economists have studied the implications of firms” imperfect in-
formation about applicants’ skills for hiring and wage-setting decisions.® Labor research
has focused almost entirely on firms” information about jobseekers’ level of a single skill,
rather than the multidimensional skill match that we emphasize. And labor research has
focused almost entirely on firm-side decisions, although a few recent papers have noted
that job search decisions may also react when the market acquires new information about
jobseekers’ skills (Abebe et al., 2021b; Bassi & Nansamba, 2022; Carranza et al., 2022).

We use some of the same data as our companion paper, Carranza et al. (2022) hereafter
C22, but the two papers have substantially different goals and methods. C22’s goal is to
separately identify firm-side responses to new information about jobseekers” skills from jobseeker-
side responses. To achieve this, C22 uses multiple, mostly firm-facing experiments to show
that employment and earnings rise when firms learn more about jobseekers’ skills, hold-
ing constant jobseekers” information. C22 also reports average treatment effects from
the big experiment on employment and earnings, in order to show that these outcomes
change less when only jobseekers receive information than when firms also do. C22 men-
tions the possibility that jobseekers’ beliefs and search might affect their earnings but
never uses the idea of skill CA and relies on a single measure of beliefs about skill levels
and a single, self-reported, categorical measure of search direction. It acknowledges that
this evidence merely “suggests ... but does not prove” a link between jobseekers’ beliefs,
search, and labor market outcomes (p. 3549).

In contrast, this new paper’s goal is to show how jobseekers” imperfect information about

7 For example, beliefs about skills can influence education enrollment and expenditure (e.g. Arcidiacono
et al. 2016; Berry et al. 2022; Bobba & Frisancho 2022; Dizon-Ross 2019; Franco 2019) and beliefs about skill
CA can also influence subject and major choices (e.g. Altonji et al. 2012, 2016; Aucejo & James 2021; Delaney
& Devereux 2021; Saltiel 2022; Stinebrickner & Stinebrickner 2014).

8 Hiring and wage-setting can change when firms observe new information about workers’ skills from
job performance (Altonji & Pierret, 2001; Arcidiacono et al., 2010; Hardy & McCasland, 2023; Kahn & Lange,
2014), references and referrals (Abel et al., 2020; Heath, 2018; Ioannides & Loury, 2004; Pallais, 2014), edu-
cation qualifications (Alfonsi et al., 2020; Clark & Martorell, 2014; Jepsen et al., 2016; MacLeod et al., 2017),
and skill certification (Abebe et al., 2021b; Bassi & Nansamba, 2022; Groh et al., 2015).



their skill CA can distort their search direction and worsen their labor market outcomes. To
achieve this, we propose a simple model of job search with CA beliefs over multidimen-
sional skills. We test the model predictions using the entirely new tight experiment and,
in both the tight and big experiments, new model-motivated heterogeneous treatment ef-
fects on jobseekers with different baseline beliefs about their skill CA. We also test and
reject a different special case of the model where beliefs influence search effort and hence
labor market outcomes, in contrast to C22’s very limited analysis of search effort.

The third related literature studies relationships between beliefs and job search.” This
literature focuses on jobseekers’ beliefs about the level of their labor market prospects,
captured by job offer arrival rates or wage offer distributions. It has not studied beliefs
about skills or skill CA, despite the centrality of sorting on skill CA in labor economics
(Roy, 1951). And it typically studies levels of search effort, rather than how search is di-
rected across different job types and what this implies for job-worker matching. Recent
work has shed important light on search direction by studying the labor market conse-
quences of nudging jobseekers to consider alternative occupations.!’ Unlike this work,
we directly measure jobseekers’ skills and beliefs and use information about their skills
to help them to direct search over different types of jobs.

Section 2 describes our model, context, and sample characteristics. In Section 3 we
show the relationship between CA beliefs and skill-directed job search in the tight experi-
ment. In Section 4 we show the relationship between CA beliefs, skill-directed job search,
and labor market outcomes in the big experiment. We show that treatment has little ef-
fect on search effort in Section 5 and on other possible mechanisms in Section 6. Section
7 concludes with reflections — on general equilibrium, generalizability, and markets for

information about skills — that might inform future research.

2 Economic Environment

We begin with a conceptual framework and then describe our context, sample, and skill
assessments. We then report four key descriptive patterns: jobseekers’ skills vary across
multiple dimensions, different firms value different skill dimensions, jobseekers” beliefs

9 This includes research on the co-evolution of search and search-related beliefs in panel data (Adams-
Prassl et al., 2023; Conlon et al., 2018; He & Kircher, 2023; Mueller et al., 2021; Spinnewijn, 2015); on exper-
iments providing information about labor market conditions (Altmann et al., 2018; Jager et al., 2023; Jones
& Santos, 2022); on search subsidies, matching services and technologies, or mentoring programs that in-
fluence multiple outcomes including jobseekers’ beliefs (Abebe et al., 2022; Alfonsi et al., 2022; Bandiera
et al., 2023; Banerjee & Sequeira, 2023; Beam, 2016; Caria et al., 2024; Kelley et al., 2023; Kroft & Pope, 2014;
Vyborny @) al., 2023; Wheeler et al., 2022); and on jobseekers’ beliefs about attributes of specific jobs (Bazzi
et al. 2021; Boudreau et al. 2023; Chakravorty et al. 2023; Sockin & Sojourner 2023; Subramanian 2022). Be-
liefs about skills have also been studied in workplace decisions (e.g. Hoffman & Burks 2020; Huffman et al.
2022; Malmendier & Tate 2015) and in lab settings with tasks that mimic job search (e.g. Falk et al. 2006).

10 See Altmann et al. (2022), Behaghel et al. (2022) Belot et al. (2019, 2022) and Le Barbanchon et al. (2023).



about their skills persistently differ from results on assessments, and jobseekers’ beliefs
about their skills predict their search decisions. These four patterns motivate our concep-
tual framework, which shows how jobseekers” imperfect information about their CA over
multiple skills can “misdirect” job search and worsen their labor market outcomes.

In the conceptual framework, descriptive analysis, and tight experiment, we study
jobseekers’ beliefs about CA over two skills — communication and numeracy — and their
search over jobs demanding these skills. Two skill dimensions allow simplicity and are
the minimum needed to study CA and skill-directed search. These skills suit our re-
search: they are non-specialist skills used in many jobs in this economy, they are weakly
correlated with each other, and different firms value them differently. The big experiment
shows that results generalize to a less stylized setting where jobseekers receive informa-

tion about six skills and search over jobs requiring many different skills.
2.1 Conceptual Framework

Our conceptual framework combines elements from recent models of “partially directed
job search,” where jobseekers try to direct search to higher-wage vacancies but face uncer-
tainty about wages (Lentz et al., 2022; Wu, 2021) with models of subject choice in educa-
tion, reviewed by Altonji et al. (2012, 2016). We use a static partial equilibrium framework
focusing on jobseekers’ search and beliefs, and motivate this choice below.

We assume that each jobseeker has communication and numeracy skill levels S¢ and
Sn. Each job demands primarily communication or primarily numeracy skills.

Search over jobs demanding different skills: Jobseekers split fixed total search effort
E between search for communication jobs Ec and numeracy jobs Ey. We generalize the
framework later to allow endogenous choice of total effort. Searching for a type j job
yields outcome V;(Sc, S, E;), which captures the expected present value of a job offer
multiplied by the probability of an offer. We make three assumptions. First, V; is in-
creasing and concave in all three arguments and dV;/dS; > dV;/dS; > 0 for j # i. This
assumption allows both types of jobs to value both skills, but each job type to value one
skill more. Second, we assume that skill and search effort are technical complements and
are “more complementary” within than across dimensions. Intuitively, a jobseeker with
high communication skills will get a higher return to directing marginal search effort to
communication than numeracy jobs and vice versa. Formally,

>V, > PVi >
dS;0E; = dS;dE;

0 (1)

for j # i. Third, we assume that gross utility from job search U (Vc, Vy) is increasing and
concave in both arguments. This allows jobseekers to value the outcomes of searching for

both job types without fully specifying the offer acceptance decision or reservation wage.



Under the first and third assumptions, jobseekers direct search effort to equalize the
marginal utility of searching for each job type:

oU Ve _ dU _ dVy
Ve " 9Ec  aVy  OEN’

()

where au

v, captures the jobseeker’s preferences over nonpecuniary aspects of job type j.
Condltlonal on these preferences, marginal search effort will be directed based on the
relative magnitudes of aVC and aVN Under the second assumption, g% is more steeply
increasing in commumcatlon sk111 than agN This means that if a jobseeker’s communica-
tion skill rises, the left-hand side of the optimality condition in (2) will rise more than the
right-hand side. The jobseeker will then increase Ec and decrease Ey to restore equality
in condition (2), because of the first assumption that V; is a concave function of E;.

Jobseekers’ beliefs about their skills: We assume each jobseeker has beliefs about
their skill levels 5~C and S N- They allocate search effort based on these beliefs, not their ac-
tual skill levels. We do not model belief formation, including belief updating in response
to search outcomes, because we show in Section 2.5 that control group jobseekers learn
little about their skills from their search outcomes over the timeframe of our study.

Testable predictions: Our framework predicts two effects of a jobseeker receiving ac-
curate new information about her skill levels, for example, learning that her communica-
tion skill is higher than she previously thought. First, she will redirect search effort away
from numeracy-heavy jobs and toward communication-heavy jobs, because condition (1)
means that her expected relative return to search is now higher for communication-heavy
than for numeracy-heavy jobs. Second, her labor market outcomes will improve, because
more of her search effort is now directed to job types that will reward her skills more.
Note that these outcomes are driven by learning about her communication skill relative to
numeracy skill. Learning about her average skill level across the two dimensions is irrel-
evant in this framework because total search effort is fixed. In Section 5, we generalize
the framework to allow her belief about her average skill level to endogenously influence
total search effort but show empirically that this does not occur in our data.

Skill comparative advantage (CA): We define a jobseeker as having a CA in commu-
nication if she ranks higher in the distribution of communication than numeracy skills
and vice versa. This definition aligns with the spirit of standard definitions of CA in
trade. There, a country has a CA in the product it can produce at lowest opportunity cost.
Here, a jobseeker has a CA in the skill where she ranks higher, because she can supply it
to the market at a lower opportunity cost in terms of time spent supplying the other skill.

This definition aligns with our empirical measures, described in Section 2.2. We fo-

cus on relative ranks in each skill distribution rather than absolute scores on assessments



because absolute scores are sensitive to the difficulty of each assessment (Nielsen, 2023).
This means that “absolute advantage” is not a well-defined concept: scoring higher in a
communication than numeracy assessment does not necessarily show higher communi-
cation than numeracy skill. But ranking higher in a communication than numeracy assess-
ment does show higher communication than numeracy skill, relative to other test-takers.
This definition takes advantage of our multidimensional skill measures and follows
research using similar data in education (e.g. Altonji et al. 2016) and labor economics (e.g.
Guvenen et al. 2020).!! Readers could rename this measure from skill CA to “relative skill
rank” if they prefer it, without changing our theoretical predictions or empirical analysis.
Using this definition of CA, our framework’s predictions become that a jobseeker who
gets accurate new information about her skill CA will (1) redirect search effort toward jobs
that demand skills aligned with her CA and (2) have better labor market outcomes.
Before proceeding, we reflect on the framework’s goals and scope. The framework
motivates our experimental design by providing a precise definition of skill levels, skill
CA, and beliefs about them; and by generating testable predictions about how these in-
fluence search. We could add more structure and estimate the U(-) and V(-) functions to
quantify the sorting process or the welfare costs of imperfect information. However, this
would crowd out other parts of our analysis. We view this as best left for follow-up work.

2.2 Context, Sample, and Skill Assessments

Context: We work in the city of Johannesburg, part of the 14-million-person metropolitan
area of Gauteng. Wage labor is the primary income source, self-employment is low, entry-
level employment is mainly in services and manufacturing, and most employment is in
formal firms, not always with formal contracts (SSA, 2022). Unemployment in Johannes-
burg is high: 40.5% for ages 15-34 at the time of the tight experiment (SSA, 2022).1
Target population: We study active jobseekers who are likely to face imperfect infor-
mation about their skills because they have limited higher education and work experi-
ence that might provide this information. In Section 7.2, we informally discuss if and
how our results might generalize outside this context and target population, noting that
many countries face low-information, high-unemployment labor markets like the one we

11 Alternative approaches estimate occupation-specific wages by education and use this to define CA in
occupations based on education levels (e.g. Acemoglu & Autor 2011). These approaches provide slightly
more information: they can also price the value of different types of workers in different types of jobs. But
their wage estimates are conditional on the way workers currently sort into occupations. These may be
sensitive to a Lucas-style critique that wages might be different under a different type of sorting, which is
precisely the mechanism that we study. We show in Section 2.4 that demands for proxies of communication
and numeracy skills are roughly equal in this setting. This suggests that defining CA using relative skill
ranks and using skill prices might not produce different classifications in this setting.

12 We use Statistics South Africa’s definition of employment: engaging in any income-generating activity
during the reference week. Unemployment rates exclude those in full-time study or not in the labor force.



study.

Sample recruitment: We recruited from participant registries at the Harambee Youth
Employment Accelerator, a public-private partnership that provides job search assis-
tance. Harambee maintains a database of active jobseekers aged 18-34 with legal per-
mission to work in South Africa who graduated from schools in low-income areas. Firms
receive free access to the database for recruiting. The database captures a sizeable propor-
tion of the population of interest: in Gauteng in 2022, restricting to ages 18-34, there were
1,078,745 jobseekers in the database and 1,403,064 unemployed people (SSA, 2022). These
groups do not perfectly overlap because some jobseekers in the database are employed
and some unemployed people do not sign up on the database.

We recruited a sample of 4389 people for our big experiment in September 2016 — April
2017 and another sample of 278 people in July — October 2022 for our tight experiment,
using the same sampling frame and method. We contacted people from Harambee’s
database who lived within commuting distance of our field office in downtown Johan-
nesburg. We invited them to a day-long job search assistance workshop, stating that the
workshops would include receiving job search advice and taking assessments that could
be used to match them to suitable vacancies. Harambee often runs workshops like these.

Data collection: In both experiments, participants complete baseline surveys about
their demographics, beliefs about their skills and labor market prospects, recent job search
activities, current employment, and employment history. They also take skill assessments
in person. We discuss post-treatment measurement in sections 3 and 4.

For the tight experiment, we also observe participants’ search behavior on the online
job search and matching platform SAYouth.mobi. Harambee used its database of partic-
ipants to set up this platform in 2019. The platform aggregates job advertisements from
all online job boards in South Africa, allows jobseekers access without incurring mobile
phone data charges, and allows firms to post advertisements and set up interviews.

Sample characteristics: We focus here on descriptive statistics for the tight experi-
ment sample, shown in Table 1. Descriptive statistics for the big experiment sample are
similar (see Section 4.1). Jobseekers are young, with 90% aged 21-32. Two patterns sug-
gest that these jobseekers are likely to face imperfect information about their skills. First,
60% have no post-secondary education. There is little specialization by subject in sec-
ondary schools, limiting their scope to learn about their skills from specialized training.
Grades and grade progression are only weakly correlated with results on independent
skill assessments (Lam et al., 2011) and career counselling is rare (Pillay, 2020). There
is a national secondary school graduation exam but grades are not strongly informative:
they correlate weakly with results in post-secondary education and firms report that the
grades convey limited information about skills (Schoer et al., 2010). Second, most job-
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Table 1: Summary Statistics — Tight Experiment

Mean Median Min Max SD Obs.
@ ) 3) 4) ®) (6)

Panel A: Demographics

Black African 1.00 1.00 1.00 1.00 0.00 278
Male 0.33 0.00 0.00 1.00 047 278
Age 2641 2600 18.00 36.00 4.04 278
Completed secondary education only 0.60 1.00 0.00 1.00 049 278
University degree / diploma 0.22 0.00 0.00 1.00 041 278
Any other post-secondary qualification 0.15 0.00 0.00 1.00 036 278
Panel B: Labor market background
Any work in last 7 days 0.33 0.00 0.00  1.00 0.47 278
Has worked in permanent wage job before 0.25 0.00 0.00  1.00 0.43 278
Earnings in USD (last 7 days, winsorized) 44.90 0.00 0.00 69757 101.71 277
Written contract 0.13 0.00 0.00  1.00 033 278
Panel C: Search behavior
Any job search in last 30 days 0.96 1.00 0.00 1.00 020 278
# applications (last 7 days, winsorized) 10.00  5.00 0.00 100.00 14.93 278
Search expenditure in USD (last 7 days, winsorized) 22.72  14.00  0.00 126.00 23.72 278
Hours spent searching (last 7 days, winsorized) 13.82  9.00 0.00 7200 15.00 278
# job offers (last 30 days, winsorized) 0.17 0.00 0.00 400 056 278
Panel D: Skills beliefs
Aligned belief about CA 0.49 0.00 0.00 1.00 050 278
Fraction aligned belief domains 0.22 0.00 0.00 1.00 031 278

Notes: Table 1 shows baseline summary statistics for the tight experiment. ‘CA’ stands for comparative
advantage. Winsorization is at the 99" percentile. All monetary values are in 2021 USD PPP.

seekers have limited, mostly informal work experience: 33% were employed at baseline
but only 13% had a formal written contract and only 25% had ever held a long-term wage
job. This limits their scope to have learned about their skills from work experience, the
main mechanism in models of jobseeker learning in other contexts (e.g. Baley et al. 2022).

Their job search effort was high but met with limited success. 96% were actively
searching. In the week before baseline, the average jobseeker submitted 10 job applica-
tions, spent 14 hours searching, and spent 22.72 USD on search online and offline, includ-
ing transport to drop off CVs and attend interviews and mobile phone airtime and data.'?
This search cost is high: roughly 20% of what a full-time minimum wage job would pay.
This matches other work on job search costs in South Africa (Banerjee & Sequeira, 2023;
Kerr, 2017). High search costs limit scope for jobseekers to learn about their skills through
search and raise costs of misdirected job search. Under 1% of job applications yield offers.

Skill assessments: The numeracy assessment captures practical arithmetic. It was
developed by a large retail chain to assess potential cashiers. The communication assess-
ment captures English-language listening, reading, and comprehension skills at a high

13 All monetary values throughout the paper are in 2021 USD in purchasing power parity terms.
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school level. It was developed by an adult education provider (www.mediaworks.co.za).
Candidates also complete a “concept formation” assessment that captures fluid intelli-
gence: the ability to identify patterns across situations and to use logic in new situations
(Raven & Raven, 2003; Taylor, 1994). These assessments are also used in the big exper-
iment, along with three more assessments described in Section 4.2. Appendix A.l de-
scribes the assessment process and psychometric properties of the assessments, including
showing that scores are roughly normally distributed without ceiling or floor effects.

All our information treatments and measures of skill beliefs use assessment results
relative to a benchmark population: roughly 12,000 jobseekers from similar backgrounds
assessed by Harambee. We place jobseekers’ communication and numeracy skills in quin-
tiles relative to the distribution of assessment scores in this population. We define each
jobseeker’s CA as the skill in which they score in a higher quintile. This approach ap-
proximates each jobseeker’s CA relative to likely competitors for similar jobs, because
Harambee’s database consists of jobseekers from similar backgrounds, searching for sim-
ilar types of jobs, and likely covers the majority of young jobseekers in this province.

2.3 Skills Vary Substantially across Dimensions within Jobseeker

These two assessments differentiate jobseekers horizontally more than vertically because
communication and numeracy scores are only moderately correlated with each other (o =
0.31). Hence the assessments show which jobseekers are better suited for jobs where each
skill is more important, rather than identifying jobseekers who are likely to be better at
most jobs. Concept formation is equally correlated with both other skills (o = 0.33-0.38),

suggesting neither assessment captures fluid intelligence better.
2.4 Firms Value Different Skills for Different Jobs

We have already shown that the assessments mainly horizontally differentiate jobseekers:
they identify jobseekers’ relative strengths across different skills. Here we show that firms
value the skills that we measure and that there is variation in which firms value which
skills. Jointly, these patterns suggest scope for jobseekers to improve their labor market
outcomes by searching for jobs that value the skills in which they perform best.

Firms value communication and numeracy skills: In an incentivized resume-ranking
experiment, 91% of firms preferred job applicants with higher communication or numer-
acy assessment results to job applicants with lower assessment results and an extra one-
year post-secondary training qualification. See Appendix A.2 for details. Over 500 client
tirms have paid Harambee to screen over 1 million jobseekers using these assessments,
which we interpret as a revealed preference for using these skills in hiring. And firms pre-
fer job applications with certified communication and numeracy scores (Carranza et al.,

2022). We do not argue that communication and numeracy are the most important skills
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or the only relevant skills in this labor market, just that they are important.

These patterns are consistent with the national high school graduation exam not giv-
ing firms sufficient information on applicants” skills. The communication and numeracy
skill quintiles are positively but weakly associated with jobseekers” self-reported grades
on their graduation exams in English and mathematics, respectively (Table B.3, columns
1-2). The positive association suggests the Harambee assessments capture meaningful
variation in skills; the weak association highlights that jobseekers and firms both have
scope to learn from information on jobseekers’ ranks on Harambee’s assessments.

Different firms value different skills: In the same incentivized ranking experiment,
58% of the firms in our sample ranked a resume with high numeracy skills ahead of a
resume with high communication skills, and 42% of firms had the opposite ranking. This
cross-firm variation, combined with the fact that our assessments horizontally differenti-
ate jobseekers on communication versus numeracy skills, creates scope for jobseekers to
improve their labor market outcomes by searching for different types of jobs.

There is roughly equal demand for numeracy and communication skills in online job
postings. To show this, we compiled all 69,000 vacancies for entry-level jobs in Johan-
nesburg posted during our tight experiment on any South African job search platform.
We classified 13% as numeracy- and 14% as communication-heavy jobs, using a method
we describe in Section 3.4. We cannot construct wage-based measures of skill demand
because few postings specify wages, as in many economies (Batra et al., 2023).

Firms can at least partly observe skills. We embedded a measurement exercise in one
tirm’s hiring process, described in Appendix A.3. The firm substantially prefers appli-
cants for positions with skill requirements that match the applicants” assessed CA, relative
to positions that do not match their CA, even though the firm does not directly observe
the assessment results.*

Together, these patterns suggest that redirecting jobseekers” search towards jobs that

match their CA in skills has the potential to improve their labor market outcomes.
2.5 Jobseekers’ Perceived and Measured Comparative Advantage in Skills Differ

We have already shown scope for skill-directed job search to improve jobseekers” labor
market outcomes. Here we show that jobseekers’ beliefs about their skills do not match
their skill assessment results, which might distort search direction.

We measure jobseekers’ beliefs about their communication and numeracy skill quin-
tiles before they take assessments. We first define the skills, then explain the concept of
quintiles, define the reference group, and ask jobseekers which quintile they are in on

each skill, relative to the reference group. See Appendix B.1 for measurement details and

14 This shows firms can partly but not fully observe applicants’ skills, in line with Carranza et al. (2022).
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Figure 1 for the sequencing of belief measurement, assessments, and treatment. We do
not refer to jobseekers’ beliefs about skills as “accurate” or “inaccurate,” as no assessment
perfectly measures skills, even the well-established assessments we use. Instead, we refer
to beliefs about skills as “aligned” or “misaligned” with skill assessment results.

The joint distribution of jobseekers’ skills and beliefs is a multidimensional object that
can be described in many different ways. We focus here on two simple, binary measures
of belief (mis)alignment that are guided by our conceptual framework. We show robust-
ness checks later using other, continuous measures of belief (mis)alignment.

Jobseekers have misaligned beliefs about their CA between skills: We define a job-
seeker as having an aligned CA belief about her CA over communication and numeracy
if she believes she is in a higher quintile for the same skill in which she actually scores in a
higher quintile on our assessments. Using this definition, 49% of jobseekers have aligned
CA beliefs at baseline (Table 1, panel D)."

Assessment results are misaligned with jobseekers’ beliefs both about their skills and
about their assessment results. The measures above capture jobseekers’ beliefs about their
communication and numeracy skills. We also ask jobseekers which quintile they fall in on
our communication and numeracy assessments, after taking the assessments but before
we tell any jobseekers their assessment results. We show in Appendix B.1 that the two
measures are strongly positively related, suggesting that jobseekers view the assessments
as capturing relevant parts of their general skills.

Jobseekers have misaligned beliefs about their average level over the two skills:
For each of the two skills, we construct an indicator equal to one if the perceived and
assessed skill quintiles are equal. We average these and call this measure the fraction
of aligned beliefs, which can take values of 0, 0.5, and 1. Using this measure, 22% of
beliefs about skills are aligned (Table 1, panel D).!® Misalignment is explained more by
overconfidence than underconfidence: 63% of jobseekers’ beliefs about their skills are
above their assessed skills and only 19% are below. Similar patterns of overconfidence,
sometimes called “overplacement,” have been documented in other work, reviewed by
Santos-Pinto & de la Rosa (2020).

Jobseekers learn little about their skills while searching: To show this, we use the
big experiment’s baseline and follow-up surveys. The share of control group jobseek-

ers whose believed and assessed CA align hardly changes over 3.5 months, even for the

15 If jobseekers guessed randomly, 40% would have aligned CA beliefs. The benchmark is not 50% be-
cause tied CA beliefs are misaligned, as we explain in Section 3.1.

16 CA beliefs and the fraction of aligned beliefs are positively correlated by construction but have sub-
stantial separate variation (p = 0.21). To see the separate variation, consider a candidate who has measured
skills in quintile 2 in communication and 4 in numeracy and her beliefs match these quintiles. She scores 1
on both belief alignment measures. Raising her believed numeracy quintile without changing her commu-
nication belief will decrease the fraction of aligned beliefs to 0.5 without changing her aligned CA belief.
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employed and those with above-median search effort (Table B.6, columns 1-3). The frac-
tion of aligned beliefs is similarly persistent (columns 4-6). Slow learning might reflect
limited scope for feedback during search: only 3% of jobseekers report ever receiving
teedback about their skills during an unsuccessful job application. It may also reflect the
well-documented difficulty of Bayesian learning about a multi-input function, such as the
relationship between search outcomes andskills (Banerjee & Sequeira, 2023).

Jobseekers’ skill beliefs seem to draw on both school results and other information:
Even with good information from the schooling system, high school graduation exam
scores should not perfectly predict young adults’ beliefs about their skills: many jobseek-
ers took school exams multiple years ago, the exams and assessments do not test identical
skills, and jobseekers may not perfectly recall their exam scores. Indeed, jobseekers’ be-
liefs about their communication and numeracy skills are positively but weakly correlated
with their self-reported results on the graduation exams in English and mathematics (Ta-
ble B.3, columns 4-5). Beliefs about CA are positively associated with the difference in
scores between the two exam subjects (columns 6-7).

Skill beliefs do not substantially vary by gender: In both the tight and big experi-
ments, we find limited gender differences in baseline skill beliefs, with or without con-
trols for assessment results, demographics, and education (Appendix H, Tables H.1 and
H.2). This matches a recent metastudy showing limited gender differences in confidence

(Bandiera et al., 2022). This motivates our gender-pooled analysis in this section.
2.6 (Misaligned) Beliefs Predict Skill-Directed Job Search

We have already shown that there is scope for skill-directed job search to improve job-
seekers’ labor market outcomes but that jobseekers’ beliefs about their skills don’t match
their assessment results. Here we show that the gap between jobseekers’ beliefs about
their skills and assessment results might shift their skill-directed job search.

CA beliefs predict job search decisions: In the big experiment, we ask candidates
what skill is most valuable for the types of jobs for which they are applying. Control
group candidates” answers are strongly associated with their beliefs about their CA in
skills. They are 8-10pp (p < 0.01) more likely to state that they are applying for jobs that
value the skill in which they believe they have a CA, compared to jobs valuing other skills
(Table B.4, rows 1-2). The correlations are robust across skill domains and to controlling
for assessed CA and demographics. These results suggest jobseekers try to search for jobs
for which they believe they have a skill CA.

CA on assessments weakly predicts job search decisions: Jobseekers are only 2-5 pp
more likely to state that they are applying for jobs that value the skill in which they have a
CA on our assessments, compared to jobs valuing other skills (Table B.4, rows 3—4). These
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results suggest that jobseekers’ skill beliefs might direct their search away from jobs that
match their assessed skills.
Furthermore, jobseekers with higher skills expect better labor market outcomes, using

several different measures and econometrics approaches (Table B.5).

3 Tight Experiment: Effects on Beliefs and Directed Search

The previous section’s conceptual framework and descriptive evidence suggest that job-
seekers’ beliefs about their skills might influence their search direction and outcomes.
Here we use the tight experiment to study how jobseekers’ skill beliefs and search direc-
tion react to new information about their skills. We collect rich data on beliefs and unique

measures of skill-directed search using choices between jobs with different skill demands.
3.1 Experimental Design and Intervention

We ran the experiment during 34 day-long job search workshops attended by 373 job-
seekers. Our main analysis uses the 278 jobseekers who have a unique CA, i.e., who score
different quintiles for the communication and numeracy assessments. We impose this re-
striction because our measures of skill-directed job search, described in Section 3.4, can
only be neatly defined for jobseekers with a unique skill CA. However, including these
jobseekers in the sample and using an approximate definition of skill-directed job search
for them produces similar treatment effects on our main outcomes (Table D.2).

We randomized treatment at the workshop level to avoid spillovers between jobseek-
ers. We assigned 17 workshops to treatment and 17 to control; the sample restriction
discussed above does not drop any workshops. Treatment assignments are balanced on
baseline covariates, for both the 278 and the 373 jobseekers (Table C.1).

Jobseekers knew they were participating in a research study but not an experiment
and did not know the treatment assignment of their workshop. So treatment-control
differences in outcomes should not reflect experimenter demand effects and attendance
should not, and indeed does not, vary by treatment assignment. All jobseekers were re-
imbursed for transport and the time spent at the workshop, at above minimum wage.

The timeline of the day is shown in Figure 1. Jobseekers first completed a baseline
survey on demographics, education, employment, job search, and beliefs. To measure
beliefs about skills, we defined communication and numeracy skills and the concept of
quintiles. We then asked jobseekers their beliefs about which quintile their general com-
munication and numeracy skills are in, compared to the reference group. Jobseekers then
took assessments of their numeracy, communication, and concept formation skills and
completed another survey about their perceived performance on the assessments.

Jobseekers in treated workshops then received a report describing the assessments
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Figure 1: Timeline of Activities during Tight Experiment Workshops

Baseline survey
(demographic information, risk and time preferences, job search and employment history, current joh
search and employment information, skill definitions, baseline beliefs about general skills, baseline
labor market beliefs)

v

Assessments

(numeracy, communication, concept formation)

I Baseline beliefs about assessment results I
Treatment
(assigned at the day level)
+p=1/2 +p=1/2
I Assessment report on relative skills I I No assessment report on relative skills I

Video explaining skill assessments y s :
Video explaining skill assessments

and the assessment report

]
I Report understanding check I
+
I Beliefs about general skills and labor market outcomes, job search plans I
¢
I Incentivized job choice task I
+

Willingness-to-pay
(English texthook, numeracy textbook, skill demand report)
v
lob search workshop
(create CV and cover letter for a job chosen during the job choice task, job search resources)

¢

I lob search on platform for 30 days I

and their performance (Figure 2). For each skill, the report shows the quintile in which
the jobseeker ranked on each assessment, compared to other jobseekers in the reference
group. They watched a video that explained the skill assessments and how to interpret
the report, particularly the quintiles. The video encouraged them to think about what
jobs will value their skills. But it did not provide any information about which specific
jobs value which skills or encourage them to apply to any specific job titles or types.
Jobseekers in control workshops did not receive a report. They watched a control
video that was identical to the treatment video other than omitting the parts that ex-
plained how to interpret the report with assessment results. Both groups took the same
assessments and answered the same skill-focused survey questions. This holds constant

across groups any priming effects about the importance of skill levels and skill match and
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Figure 2: Sample Report

REPORT ON CANDIDATE COMPETENCIES
-Personal Copy-

This report contains results from the assessments you took today. These results can help you learn
about some of your strengths and weaknesses and inform your job search.

You completed assessments on English Communication (listening and reading comprehension) and
Numeracy today.
1. The Numeracy test measures various maths abilities.

2. The Communication test measures English language ability through listening and reading com-

prehension.

Your results have been compared to a large group of young South African job seekers
who have a matric certificate, have completed school in rural areas or townships around
Johannesburg and have completed the same assessments.

You scored in the FIRST GROUP of these candidates for Numeracy and the THIRD
GROUP for Communication.

100%
Highest Ggggp
80%
GROUP GROUP
TWO TWO
60%
. GROUP GROUP
Middle THREE THREE
40%
GROUP GROUP
FOUR FOUR
20%
Lowest GROUP GROUP
FIVE FIVE
0%
Numeracy Communication

Note: igure 2 shows an example of the reports given to treated jobseekers. Each report contains the
jobseeker’s assessment results but no identifying information (name, national identity number, etc.)
and does not include any Harambee branding. “Completed school in rural areas or townships” is a

common proxy in South Africa for attending school in a low-income area.

any learning from taking assessments.!”

To facilitate comprehension, we intensively piloted reports and videos and gave job-
seekers time to ask questions during and after the video. After the video, we asked treated
jobseekers three understanding checks: 99% and 96% correctly reported the quintiles they
scored for respectively numeracy and communication, and 98% correctly reported the

17 Taking the assessments does generate some learning: the share of control group jobseekers with
aligned CA beliefs about their skills increases by 10.1pp from the baseline to endline survey. This means that
our intervention might have larger effects relative to a counterfactual of jobseekers who were not assessed.
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skill in which they scored higher. Belief updating does not differ by concept formation
scores, suggesting fluid intelligence does not limit processing of this information.

After the videos, jobseekers completed another survey covering beliefs about their
skills, beliefs about their labor market prospects, and job search plans. Then they com-
pleted several job search tasks we describe later. Appendix C contains a detailed descrip-
tion of the workshops and hyperlinks to the videos.

The report is designed to provide information only to the jobseekers themselves, not
to prospective employers. The report does not include the jobseeker’s name or any identi-
tying information and has no Harambee branding. We show in Section 6 that information

acquisition by firms is unlikely to explain the results of the experiment.
3.2 Specification

We estimate the effects of receiving information about one’s relative skill ranking:
Yia = Ty - B+ Xig - 11 +€jg. €)

B, the average treatment effect, is the main object of interest. Yj; is the outcome for job-
seeker i assessed on date d, T; is a treatment indicator, and Xj; is a vector of prespeci-
fied baseline covariates.'® We use heteroskedasticity-robust standard errors clustered by
workshop date, the unit of treatment assignment.

We also test whether treatment effects are larger for jobseekers whose baseline beliefs
are misaligned with their CA, because these jobseekers receive more information from
treatment. We estimate prespecified models of the form:

Yig = Ty - a™soligned T, . Aligned;, - PR Aligned;z - « + Xjq - ¥ + €4. 4)

Aligned;; is an indicator for jobseekers whose baseline beliefs about their CA on the as-
sessments match their assessment results (measurement details in Appendix B.1). We
report the average treatment effect for jobseekers with misaligned baseline CA beliefs,
whom we expect to be most affected by treatment (as2//8"ed)
fect for jobseekers with aligned baseline CA beliefs (ocmi”lig”e‘i + ocdiﬂr) ; and the difference

between the treatment effects for the two subgroups (a?f). We control for baseline values

; the average treatment ef-

of the outcome, so our specifications capture the common belief updating models that
regress posterior belief alignment on prior belief alignment, treatment, and their interac-
tion (Haaland et al., 2023). We show later that our results are robust to using a continuous

measure of misalignment between baseline beliefs and assessment results.

18 X;; contains age; a dummy for being female; dummies for only high school education, having a post-
secondary certificate, and for having a post-secondary degree; dummies for each of the skill quintiles for
each of numeracy and communication skills; a pre-treatment value of the outcome Y;; where available; and
block fixed effects, to account for the fact that we randomize treatment within blocks of 4 sequential days.
Results are unchanged if we add non-prespecified controls for baseline and past employment.
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Table 2: Treatment Effects on Beliefs About Skills - Tight Experiment

% aligned beliefs Aligned CA belief
Implied Direct
(1) () 3) 4) &)
Treatment 0.078*** 0.135***  0.208*** 0.108** 0.261***
(0.026) (0.035)  (0.050) (0.048) (0.068)
Treatment x Aligned CA belief (bl) -0.137 -0.298***
(0.082) (0.093)
Aligned CA belief (bl) 0.586*** 0.461***
(0.079) (0.109)
Treatment effect: 0.072 -0.037
Aligned CA belief (bl) (0.058) (0.058)
Control mean 0.183 0.475 0.475 0.532 0.532
Observations 278 278 278 278 278

Notes: Table 2 shows that treatment aligns jobseekers’ beliefs about skills with their assessed skills in the
tight experiment. “CA” stands for comparative advantage and “bl” stands for baseline. Columns show
different outcomes: Col. 1 shows effects on the fraction of skills where the jobseekers’ believed and assessed
quintile are equal. Cols. 2-5 show effects on dummies indicating if a jobseeker’s belief about her CA in skills
is aligned with her assessed CA. Cols. 2-3 use beliefs about skill quintiles to indirectly construct CA beliefs.
Cols. 4-5 use a direct measure of CA beliefs. Cols. 1, 2, and 4 show estimates from equation (3) and cols.
3, and 5 show estimates from equation (4), with the treatment effect on jobseekers with aligned CA beliefs
shown in the fourth row (a™saligned 4 ydiffy - Control variables are defined in footnote 18. Standard errors
clustered at the treatment-day level shown in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Aligned,y is weakly correlated with other characteristics, so a®f likely captures het-
erogeneity by baseline CA beliefs, not other characteristics. Specifically, Table B.7 shows
using OLS, ridge, and lasso regressions that Aligned;; is only weakly related to the as-
sessment scores and is unrelated to gender, age, education, employment history, past
feedback from actual and prospective employers, and family members’ employment.

Both estimating equations, all baseline covariates, and most outcome measures are
prespecified at https://wuw.socialscienceregistry.org/trials/10000/. We describe
the relationship between the prespecified and final analysis in Appendix I.

We also estimate treatment effects on our main outcomes separately for jobseekers

with CA in each skill and find no strong evidence of differences.'

3.3 Information about Skills Aligns Beliefs with Assessed Comparative Advantage

In the control group, only 18.3% of jobseekers’ post-assessment beliefs about their general
skill quintile match their assessment results (Table 2, column 1). Treatment increases this

19 Of our 278 jobseekers, 172 and 106 have CA in respectively communication and numeracy. CA is
defined relative to a reference group of 12,000 jobseekers, so these 278 jobseekers need not have equal
shares with CA in each skill. We do not view the unequal shares as a central factor for understanding
our results for two reasons. First, treatment effect estimates are broadly similar for jobseekers with CA in
each skill. Second, roughly equal shares of the jobseekers in the big experiment have communication and
numeracy CA, and treatment effects are similar for outcomes measured in both experiments.
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share by 7.8 pp, a 43% increase (p = 0.005). It is unsurprising that treated jobseekers’
beliefs do not exactly match their assessment results: we ask their beliefs about their
general skills, not their assessment results, and these beliefs naturally depend on multiple
information sources. We discuss other information jobseekers use in Appendix B.3.

Treatment also shifts jobseekers” beliefs about their skill comparative advantage to-
ward their assessment results. In the control group, 47.5% of jobseekers have aligned CA
beliefs: they believe they rank in a higher quintile for the skill in which they score in a
higher quintile on our assessments. Treated jobseekers are on 13.5pp more likely to report
aligned beliefs, a 28% increase on the control group mean (Table 2, column 2, p < 0.001).

Most of this treatment effect is driven by jobseekers with misaligned CA beliefs at
baseline. Treatment increases the share of these jobseekers with aligned CA beliefs at
endline by 21pp (44% of the control mean, p < 0.001). This is the estimate of a™s#igned
from equation (4), shown in Table 2, column 3, row 1.

In contrast, treatment has modest effects on jobseekers with aligned beliefs at baseline.
The share of this group with aligned beliefs increases by only 7.2pp (p = 0.214). This
is the estimate of a™isaligned o diff from equation (4), shown in Table 2, column 3, row
4. The difference in treatment effects between jobseekers with aligned and misaligned
baseline beliefs is large — 13.7pp, or 28.8% of the control mean — but not quite statistically
significant (p = 0.105). This is the estimate of a%f  shown in Table 2, column 3, row 2.

These patterns are even stronger using an alternative measure of jobseekers’ beliefs
about their CA: directly asking in which skill they believe they have a CA. Using this mea-
sure, treatment increases the probability of holding aligned beliefs by 26pp (p < 0.001) for
jobseekers with misaligned beliefs at baseline and has a statistically significantly lower,
near-zero effect on jobseekers with aligned beliefs at baseline (Table 2, column 5).

3.4 Job Search with Better-Aligned Beliefs about Skills

We show here that treatment shifts jobseekers’ search toward jobs that align with their
assessed CA across four measures of skill-directed search.

1) Job choice task: We design a novel incentive-compatible job search task in which
participants make 11 choices between paired job adverts. In each pair, one job had been
coded by recruiters as requiring more numeracy skills and one as requiring more com-
munication skills. Participants were shown each pair of adverts, given time to read them,
and asked to select one to apply to. Figure 3 shows an example pair and Table 3 shows all
22 job titles. Participants viewed the 11 pairs of job adverts in random order.

The adverts in the task are based on real job adverts posted on SAYouth.mobi. All
jobseekers in the study used the platform, so choices between jobs represented real-life

choices they often made. We considered all adverts for entry-level jobs in Johannesburg
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Figure 3: Sample Pair of Jobs from Job Choice Task

VACANCY VACAMNCY
Receiving and Dispatching Clerk Sales Agent
(< Partner Opportunity (%5 Partner Opportunity
O Location: Johannesburg, Gauteng o- Location: Johannesburg, Gauteng
(7] Date posted: 05 June 2022 (7] Dateposted: 05 June 2022
REFERENCE NUMBER: 255672 REFERENCE NUMBER: 234585
The clerk wjll work in a supermarket, where they \jVi" The sales agent will work in an IT company where
be responsible for loading and unloading of vehicles. they will be responsible for selling IT products and
They will also record all collections and delivery of services to existing and prospective customers. They
parcels and goods, record parcel sizes and weights, will make sales in person and on the phone, through
and ensure that parcels are labelled and organized cold-cdlling. They will need to be persuasive and
ready for transport. personable in order to convince people to buy the
products and services. They must achieve agreed
upon sales targets and outcomes over set time

Read more >>> / el gﬁsbre >>>

with no specialized education requirements. Among these, we selected a subset of job ad-

verts with a clear numeracy or communication skill requirement, recognizing that not all
jobs on the platform have such requirements. We asked 13 recruitment professionals with
experience hiring for entry-level roles to rate each job on required communication and
numeracy skills, transparency of skill requirements, expected wage, and overall desir-
ability (reflecting expected non-wage attributes). We then created 11 pairs of jobs. Within
each pair, one job required more communication skill and one required more numeracy
skill: averaging across all pairs, recruiters scored the job we defined as numeracy-heavy
as needing 2.7 standard deviations higher numeracy skills.’’ But both jobs in each pair
were similar in other ways: the average within-pair difference in expected wages was
<5% of the mean wage and the average within-pair difference in desirability was even
smaller. We removed employer names and locations and standardized length and format.

The job pairs thus differed primarily in their skill demands, while treatment gave
information only on jobseekers’ relative ranks on communication and numeracy skills.
This allows us to measure how jobseekers’ skill-directed job search changes in response to
information about their skills, holding other job attributes constant. In non-experimental
datasets, jobs with different skill demands may also differ on unobserved characteristics
that drive observed search direction, making it difficult to study this question.

We incentivized jobseekers to respond truthfully in the job choice task in two ways.
First, one pair contained live advertisements for jobs at a partner firm. We told jobseekers

20 We obtain a similar result using classifications from O*NET, a US-based dataset that classifies job titles
based on their required English language and mathematics knowledge.
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Table 3: Job Titles Used in the Job Choice Task - Tight Experiment

Numeracy job title Communication job title
Receiving and dispatching clerk Sales agent
Sales teller Customer service agent
Stock controller General administrator
Laundry assistant Waiter / waitress
Cashier Host/hostess
Data capturer Front desk assistant
Restaurant till manager Receptionist
Store cashier Sales assistant
Cash teller Recruitment administrator
Banking call center agent Retail call center agent
Petrol attendant Maintenance assistant

Notes: Table 3 shows the job titles for numeracy and communication-heavy jobs in each job pair in the
job choice task in the tight experiment. Each job pair contains one relatively numeracy-heavy and one
communication-heavy job title. The pairs were created by matching jobs with different skill requirements
but similar wages and general appeal to workers to ensure sufficient variation in job choices. The pairs are
based on a list of 28 jobs rated by HR professionals for their skill requirements, expected wage, overall and
gender-specific desirability, and transparency of skill requirements.

we would submit their application to the job they chose from this pair but did not tell
them which pair it was. Second, we told jobseekers that after the workshop we would
send them recommendations for entry-level job titles matching their choices in the task.

Our main prespecified outcome is the share of the 11 pairs in which the jobseeker
chose the job that required the skill aligned with her measured CA. In the control group,
this share was 55%. Treatment raises this by 3.7pp (Table 4, column 1, p = 0.285). It is un-
surprising that even treated jobseekers choose some jobs not aligned with their CA: they
may have preferences over other job attributes or want a diversified application portfolio.

This average effect is driven by jobseekers with misaligned baseline CA beliefs, fol-
lowing the pattern we saw for treatment effects on aligned CA beliefs and matching the
predictions from our conceptual framework. Specifically, for jobseekers with misaligned
baseline beliefs about their CA, treatment increases the share of aligned choices by 8.8pp,
16% of the control mean (column 2, p = 0.028). Treatment does not change search direc-
tion for jobseekers with baseline aligned beliefs.

The search direction results suggest that jobseekers can interpret information in post-
ings about the relative skill demands of different jobs. We run two tests to confirm this.
First, we asked every jobseeker to score the communication and numeracy skills required
by both jobs in a subset of pairs. This identifies the jobseeker’s belief about which job is
more communication-heavy. For 73% of the jobseeker x pair data points, the jobseeker’s
belief matched the recruitment professionals’ classification. Second, we explicitly re-

vealed relative skill demand for the last two pairs of jobs (recall that the order in which the
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job pairs were shown was randomized). Jobseekers with initially misaligned beliefs align
their search for job choices both with and without revealed skill demands, but substan-
tially more when skill demands are revealed (Table D.7). This shows they have imperfect
information about job skill requirements but enough for some skill-directed job search.

2) Application data from online search platform: We linked each jobseeker to their
profile on SAYouth.mobi to observe their on-platform job search. There were 69,000 va-
cancies for Johannesburg posted online during our study period. Of these vacancies,
we classified 14% as communication-heavy and 13% as numeracy-heavy jobs, suggesting
roughly comparable demand for both skills among jobs posted online.”!

In the 30 days before the workshop, the average participant started 7 applications, of
which 11% and 5% were to respectively communication- and numeracy-heavy jobs (Table
C.2). The other applications were to jobs that emphasized neither skill. The platform does
not always record if applications are completed so we focus on started applications.

Treatment increased the share of applications sent to jobs demanding skills that matched
jobseekers” measured CA in the 30 days after the workshop. To show this, we calculate
each jobseeker’s number of applications to vacancies coded as requiring the skill aligned
with their CA, subtract the number of applications to vacancies coded as requiring the op-
posite skill, and divide this difference by the number of applications to vacancies coded
as requiring either skill. Treated jobseekers start 6.3pp more aligned than non-aligned
applications (Table 4, column 3, p = 0.010). Again, this effect is driven by jobseekers
with misaligned baseline CA beliefs, who have an effect of 8.9pp (column 4, p = 0.074).
We obtained these data directly from the platform after the experiment, so experimenter
demand effects are unlikely.

3) Clicks on links to real jobs: This measure captures whether jobseekers can conduct
skill-directed job search using only job titles. We sent jobseekers three text messages with
links to real job opportunities on SAYouth.mobi about a week after the workshop. We
sent, in random order, one numeracy job, one communication job, and one job aligned
with the skill demand of the majority of their choices in the job-choice task. The messages
contained a greeting linking the message to the workshop they attended, a note that we
found a job opportunity of interest within commuting distance of the workshop venue,
the job title, the link to apply, and the #SAYouth hashtag (which Harambee regularly uses
in messages to platform users). We tracked whether jobseekers clicked on these links.

Treatment increases this measure of skill-directed job search: the difference in click
rates between jobs that are aligned and misaligned with the jobseeker’s CA rises by 7pp

2l We classify a vacancy as numeracy-heavy if it contains one of 20 numeracy-heavy job titles, and simi-
larly for communication. The lists of skill-specific job titles were created by the recruitment staff who clas-
sified vacancies for the job choice task. Most job postings omit wage information so we cannot construct
wage-based measures of demand for communication and numeracy skills in this market.
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Table 4: Treatment Effects on Search Direction - Tight Experiment

% aligned (job choice) A % aligned platform apps A SMS click rate A planned apps (w) Aligned search index
@ @) ®) @) ®) (©) @) ®) ©) (10)

Treatment 0.037 0.088** 0.063** 0.089* 0.071 0.157 1.420 4.746** 0.269** 0.603***
(0.034) (0.038) (0.023) (0.048) (0.061) (0.096) (1.261) (1.763) (0.103) (0.140)
Treatment x Aligned CA belief (bl) -0.104** -0.048 -0.163 -6.629** -0.648***
(0.039) (0.080) (0.128) (2.651) (0.205)
Aligned CA belief (bl) 0.165*** 0.013 0.100 8.697*** 0.727***
(0.035) (0.049) (0.102) (2.412) (0.153)
Treatment effect: -0.016 0.041 -0.005 -1.883 -0.045
Aligned CA belief (bl) (0.034) (0.044) (0.081) (1.807) (0.131)
Control mean 0.550 0.550 0.007 0.007 -0.032  -0.032  4.331 4.331 -0.000 -0.000
Observations 278 278 278 278 278 278 278 278 278 278

Notes: Table 4 shows that informing jobseekers about their CA in skills aligns their search direction with their assessed CA in the tight experi-
ment. “CA” stands for comparative advantage and “bl” stands for baseline. Aligned job search is defined as directing search effort toward jobs
that mostly require the skill that aligns with jobseekers’ assessed CA. Columns indicate different outcomes: the percentage of 11 incentivized
job choices that are aligned with the measured CA of the jobseeker (cols. 1-2), the difference between the percentage of aligned and non-aligned
applications on the online job search platform SAYouth.mobi (cols. 3—4), the difference in link click rates between aligned and non-aligned jobs
sent to job seekers via text message (cols. 5-6), the difference between aligned and non-aligned planned applications for the 30 days after the
workshop (cols. 7-8), and an inverse-covariance weighted average of the search alignment measures displayed in cols. 1-8 following Anderson
(2008) (cols. 9-10). Even-numbered columns show heterogeneity by whether individuals have aligned CA beliefs at baseline. Control variables
are defined in footnote 18. All variables marked (w) are winsorized at the 99" percentile. Standard errors clustered at the treatment-day level
shown in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.



(Table 4, column 5, p = 0.254). This is again driven by jobseekers with misaligned beliefs
at baseline. However, estimates are less precise because this measure uses 3 choices per
jobseeker, fewer than in the job choice task or on-platform search.

4) Planned applications to numeracy and communication jobs: After the treatment,
before the job choice task, we surveyed participants about the number of applications they
planned to send to communication-heavy and numeracy-heavy jobs in the next 30 days.
We calculate the number of planned applications to jobs aligned with their assessed CA,
minus the number of planned applications to jobs focused on the other skill. Treatment
increases this by 1.42 applications, a 33% increase on the control mean (Table 4, column
7, p = 0.269). This average effect is driven by a 4.8 application effect for jobseekers
with misaligned baseline CA beliefs (column 8, p = 0.011). The result reflects plans for
both more aligned applications and fewer misaligned applications. This measure is more
susceptible to experimenter demand effects but results are consistent across measures.

Search direction index: We combine these four measures of skill-directed search into
an index to avoid multiple hypothesis testing and to increase power (Anderson, 2008).
We see a large, positive treatment effect of 0.27 standard deviations (Table 4, column 9,
p = 0.014). This is entirely driven by jobseekers with misaligned baseline CA beliefs, for
whom skill-directed search rises by 0.6 standard deviations (column 10, p < 0.001). Treat-
ment closes roughly 80% of the skill-directed search gap between jobseekers with aligned
versus misaligned baseline beliefs: control jobseekers with aligned baseline CA beliefs
have an average value of 0.73 standard deviations (column 10, row 3), while treated job-

seekers with misaligned baseline CA beliefs have an average of 0.60 (column 10, row 1).
3.5 Robustness Checks and Additional Results

We provide some additional results for readers interested in these specific topics.

Robustness checks for beliefs and search results: Hypothesis test results are robust
to using a wild cluster bootstrap to account for having only 34 clusters and to accounting
for multiple hypothesis testing (Table D.3). Treatment effect estimates are robust to re-
placing our binary measures of (mis)alignment between assessed skills and beliefs about
skills with more continuous measures, both for the outcome variables and for Aligned;;
(Table D.4). They are also robust to controlling for baseline “confidence” — believed quin-
tile minus assessed skill quintile, averaged over the two skills — and its interaction with
treatment (Table D.6). We discuss the role of confidence further in Section 5.

Additional beliefs results: Appendix B.3 shows that updating of CA beliefs is at least
partly explained by learning about the distribution of skills in the reference population,
not only learning about one’s own skills; that treatment updates under- more than over-

confident beliefs, matching findings in other work (e.g. Eil & Rao 2011); and that treat-
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ment reduces the individual-specific variances of skill beliefs, which we measure by ask-
ing respondents the probability they are in each quintile for each skill. Table H.3 shows
that belief updating does not differ by gender so we pool genders for the rest of the paper.

Beliefs about returns to directed search: The model predicts that new information
about jobseekers’ relative skill ranks will also change their expectations about the relative
returns to searching for jobs that require different skills. To test this, we measure job-
seekers’ expectations about the outcomes of applying to communication- and numeracy-
heavy jobs, both in the job choice task and in their planned post-workshop search. For ex-
ample, for a jobseeker with numeracy CA, we construct her expected wage for numeracy-
heavy jobs minus her expected wage for communication-heavy jobs.

Treatment increases expected returns to most measures of skill-directed search, al-
though some results are imprecisely estimated (Table E.1). Jobseekers’ expectations about
job-specific wages also predict choices in the job choice task (Table E.3). These results are
consistent with the model. Appendix E gives full details of the measurement and results.

Labor market outcomes: Six weeks after the workshop, we send jobseekers a short
text message survey about their labor market experiences. Treated jobseekers” weekly
earnings are 15% higher than control group jobseekers. This is driven by a large, statisti-
cally significant increase in earnings for jobseekers with misaligned baseline CA beliefs,
who are also more likely than control group jobseekers to have worked in the preced-
ing 30 days (Table D.1). This matches the pattern of treatment effects on CA beliefs and
search direction. But, given the tight experiment’s sample size, we do not view this con-
clusive evidence. To provide stronger evidence about the labor market outcomes of new

information about skills, we turn to the big experiment.

4 Big Experiment: Effects on Beliefs, Search & Labor Market Outcomes

The tight experiment provides strong evidence that information about skills can shift CA
beliefs and search direction and suggestive evidence this can raise earnings. For clearer
evidence on labor market impacts, we now analyze another experiment with 4,389 par-

ticipants and a follow-up period of 3.5 months.
4.1 Sample

The big experiment took place in the same city in 2016/17, five years before the tight
experiment. We recruited for both experiments in the same way: contacting active job-
seekers from the database of our partner Harambee, described in Section 2.2.

Table C.3 shows both samples have similar labor market participation. In the tight/big
experiment, 33/37% had done some work or income-generating activity in the past seven
days and 96/97% were actively searching for work. The average jobseeker submitted
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10/9 job applications and spent 14/17 hours searching for work in the last seven days.

The samples differ in some demographic characteristics. Jobseekers in the big experi-
ment, relative to the tight experiment, were younger (24 vs 26) and more were male (38 vs
33%). A similar share had finished high school, but slightly fewer in the big experiment
had university degrees (17 vs 22%) and slightly more had shorter tertiary qualifications
(22 vs 15%). Only 9% had ever held a permanent or long-term job (vs 25% in the tight
experiment), perhaps because they were younger. These demographic differences mirror
changes in Johannesburg’s demographics between 2016 and 2021 (SSA, 2016, 2022).

Our main results are robust to accounting for these differences. Table D.3 shows that
the main treatment effects in both experiments are robust to reweighting the two samples
to have the same distribution of baseline demographics, education, and employment. The
similar pattern of treatment effects between the two samples provides some evidence that

the economic mechanisms we study generalize outside a single experimental sample.
4.2 Experimental Design

We assigned 2,114 jobseekers in 27 workshops to the treatment group and 2,274 jobseekers
in another 27 workshops to the control group. Treatment was administered at the work-
shop (day) level to avoid spillovers. Treatment groups are balanced on covariates for both
the full sample and the 96% recontacted for the endline survey and endline response rates
are balanced across treatment groups (Table C.4).

The big and tight experiments have deliberately very similar designs. The big experi-
ment was also run during Harambee workshops that included skill assessments, surveys,
and basic job search advice. Jobseekers in treated workshops received a report about
their skill assessment results (Figure C.2); jobseekers in control workshops did not. Par-
ticipants knew they were participating in a study but not that treatment differed by day,
so treatment-control differences in outcomes should not reflect experimenter demand ef-
fects. Appendix C provides detailed descriptions of the workshops and interventions,
including a figure showing the sequence of events in the workshops.

The experiments differ in four ways. First, the big experiment was designed to mea-
sure effects on labor market outcomes, so we studied a larger sample and collected out-
come data later: on average 3.5 months after treatment.??

Second, in the big experiment we assessed and gave treated jobseekers information on
six skills, rather than two. This is more similar to real-world settings, where jobseekers
direct search across a broader range of job types with different skill demands. In settings
like schools or job centers, jobseekers receive and must process information about their

22 We used phone surveys lasting on average 25 minutes, compensating respondents with mobile phone
airtime. Phone and in-person surveys in this setting deliver similar labor market data (Garlick et al., 2020).
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relative rank on multiple skills. In contrast, the tight experiment used fewer skills to allow
simpler definitions of CA and clearer tests for skill-directed search.

We assessed communication, numeracy, concept formation, focus, grit, and planning.
(Details in Appendix A.1.) Due to time constraints, we only measured jobseekers’ beliefs
about their level of three skills: communication, numeracy, and concept formation. The
reports given to treated jobseekers showed results for all six assessments and information
on what traits they measure (Figure C.2).>> The six assessments differentiate jobseekers
horizontally more than vertically because assessment results are weakly correlated across
skills within candidate: 13 of the 15 pairwise correlations are <0.3 (Table A.3). Most
jobseekers’ reports showed substantial variation across skills: 85% had at least one top
tercile but only 1.7% had all six top terciles and 58% had both top and bottom terciles.

Third, we reported assessment results in terciles, not quintiles. The coarseness of ter-
ciles relative to quintiles and using six rather than two skills on the reports means that
only 23% of jobseekers have a unique skill CA, versus 75% in the tight experiment. In the
tight experiment, we excluded jobseekers without a unique skill CA from the main anal-
ysis and used them only in robustness checks because the skill-directed search measures
could not be sensibly defined for them. In the big experiment, we keep these jobseekers
in all analyses because our skill-directed search measures can be defined for them.

Fourth, there are small logistical differences that are unlikely to affect the core mech-
anism activated by the treatment. In the big experiment, each workshop had more can-
didates and the briefings after candidates received the report were delivered in person
instead of by video, but with a script to ensure consistency across sessions. The job search
assistance — advice about writing CVs and cover letters — was at the beginning of the day
in the big experiment and the end of the day in the tight experiment.

4.3 Specification

As in the tight experiment, we estimate treatment effects using:

Yid:Td'5+Xid'®+€i (5)

Y, = Ty - oseligned 4 T, Aligned,; - 4 Alignedj - v+ Xjg - P + €. (6)

Y;; is the outcome for jobseeker i assessed on date d and Xj; is a vector of prespecified
controls.”* As in the tight experiment, we cluster standard errors at the level of treatment

23 In piloting, jobseekers easily recognized the traits linked to the soft skills measures. For example, they
did not use the term “grit” but did refer to the persistence required for repetitive, boring jobs.

24 For the big experiment, the covariates and inference methods follow the preanalysis plan used by Car-
ranza et al. (2022) but the outcome variables and heterogeneity analysis are not prespecified. See Appendix I
for details. X;; contains baseline assessment results, skill beliefs, education, age, gender, employment, earn-
ings, job offers, time and risk preferences, self-esteem, baseline values for the outcome where available, and
fixed effects for the blocks of days within which treatment was randomized.
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(workshop date) and show that our main results are robust to using a wild cluster boot-
strap and to adjusting for multiple hypothesis testing, following Benjamini et al. (2006)
(Table D.3). The objects of interest are the average treatment effect, J; the average treat-
ment effect for jobseekers with misaligned CA beliefs at baseline, "5%i8"¢4; and the av-
erage treatment effect for jobseekers with aligned CA beliefs at baseline, "5/ gmed 4 o diff
We interpret the 7’s with caution because Aligned;; is a noisier proxy for the “dose” of
information delivered in the big than tight experiment because we observe beliefs about
only three of the six skills in the big experiment. Roughly 20% of jobseekers have aligned
CA beliefs at baseline, so J is naturally closer to 45418 than to isaligned 4 diff

4.4 Treatment Aligns Beliefs and Search with Assessed Comparative Advantage

Receiving information about skills substantially increases alignment between assessed
skills and skill beliefs. To show this, we ask candidates in which tercile they believe they
ranked for each of the communication, numeracy, and concept formation assessments.
Only 19.6% of control group jobseekers believe they ranked highest in the dimension
in which they actually ranked highest on the assessment, i.e., have aligned CA beliefs.
Treatment increases this by 13.9pp, a 70% increase from the control group mean (Table
D.8, column 1, p < 0.001). This is in line with the effects on beliefs observed straight after
treatment in the tight experiment.”> This shows that jobseekers’ updated beliefs persist
over 3.5 months and that jobseekers can process more complex information about assess-
ment results in multiple skills. See Appendix B.1 for measurement details and Appendix
D for robustness checks using other belief measures.

Treatment also increases the fraction of beliefs about skill levels that align with assess-
ment results by 14.2pp, a 37% increase from the control mean of 38.8pp (Table D.8, column
3, p < 0.001). As in the tight experiment, we report all analysis pooling genders because
we observe little gender heterogeneity in baseline beliefs or belief updating (Table H.4).

Receiving information about skills also substantially increases alignment between as-
sessed skills and search direction. To show this, we ask jobseekers to rank the importance
of communication, numeracy, and concept formation skills for the jobs for which they are
applying. Only 17% of control group jobseekers are searching for jobs that most value
the skill in which they have an assessed CA. Treatment increases this by 5pp (column 5,
p < 0.001). This result on self-reported skill-directed job search, measured 3.5 months

after treatment, is qualitatively consistent with the four measures of skill-directed search

25 The effects on aligned CA beliefs are almost identical across the tight and big experiments. But the
control group mean is higher in the tight than big experiment because the big experiment uses three skills,
creating more ways for believed and assessed CA to differ. In both experiments, the control group’s align-
ment rate is only slightly higher than random guessing, accounting for the possibility of ties: 20 versus 15%
in the big experiment and 48 versus 40% in the tight experiment.
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in the tight experiment, collected in the first month after treatment.?

As in the tight experiment, the search direction result is driven entirely by jobseek-
ers likely to get more information from treatment: those with misaligned CA beliefs at
baseline (Table D.8). This pattern is less clear for the effect on aligned CA beliefs.

4.5 Treatment Improves Jobseekers” Outcomes in the Labor Market

The two experiments show strong evidence that giving jobseekers their skill assessment
results better aligns their beliefs and search with their assessed skill CA. Here we show
that this raises their earnings, as our model suggests. We then use 13 other labor market
outcomes to explore mechanisms linking skill-directed job search to higher earnings.””
Treatment substantially increases earnings, by 6.5 USD PPP in the week preceding the
endline survey (Table 5, panel A, column 1, p = 0.020). This is equivalent to a 26% in-
crease from the control group mean or to moving from the 75 to 79" percentile of the
unconditional earnings distribution. Treatment also raises earnings by 24% of the con-
trol group mean when we restrict the estimation sample to only employed participants
(panel A, column 2, p = 0.030).?® The earnings effects are within the range of effect sizes
reported in related research, although toward the top of that range.”” There is enough
wage variation across entry-level jobs in this context that the magnitude of the effects on
earnings is plausible, at only 0.16 standard deviations of control group earnings.”’ Re-
call that treatment in the tight experiment raised weekly earnings by 15%. Even though
that was imprecisely estimated, due to the tight experiment’s sample size, the consistent

26 The big experiment effect converts to a 0.14 standard deviation increase in self-reported skill-directed
search, compared to a 0.27 standard deviation effect on the skill-directed search index in the tight exper-
iment (Table 4, column 1). The effect size on the index is larger because the index averages over four
measures, producing a smaller standard deviation and hence larger standardized effect size.

27 Our companion paper, Carranza et al. (2022), also reports 8 of the 45 treatment effects from this section:
only average treatment effects, not heterogeneous treatment effects; and only on earnings, current and past
employment, hours, hourly wages, job offers, and written contract.

28 We use two earnings measures with complementary goals. The first earnings measure assigns zero
values to the non-employed and the second assigns missing values to the non-employed. The first measure
has a point mass at zero and a continuous distribution above zero, so treatment effects on this measure
may be sensitive to scaling choices (Mullahy & Norton, 2022). The second measure may be sensitive to
sample selection problems when treatment affects the probability of employment, but this is not a major
factor in our application. We also show in Table D.5 that treatment effects on both earnings measures are
robust across a range of alternative scalings. Quantile treatment on earnings are non-negative throughout
the earnings distribution, although not always statistically significant (Figure D.1).

2 Interventions that combine learning about skills with the option to signal skills have raised earnings
by 11-34% (Abebe et al., 2021b; Bassi & Nansamba, 2022; Carranza et al., 2022). Bandiera et al. (2023) find
an 11% rise in earnings from a matching intervention that they attribute to effects on beliefs about labor
market prospects. Using a more model-based approach, Guvenen et al. (2020) estimate that moving from
the bottom to the top decile of skill match quality raises earnings by 11%. Bohm et al. (2023) show that
returns to skills vary by up to 35% log points between firms, showing scope for large returns to skill match.

30 As an additional check, we estimate the standard deviation of earnings for workers in South Africa’s
Labor Force Survey, from Johannesburg, with < 3 months tenure, reweighted to match our sample’s demo-
graphics and education. Our treatment effect on earnings is < 10% of this estimated standard deviation.
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Table 5: Treatment Effects on Labor Market Outcomes - Big Experiment

Earnings (w) Worked Earnings by source (w) Tenure Worked (timing) Offers (w) Formality
(©)) (03] (©) 4) () (6) (7) ®) ) (10) (11) (12) (13) (14) (15)
Uncond. Cond. Any  Hours (w) Perhour Wageemp. Selfemp. Newjob Sincebl Sincebl Month1 Month2 Wr. contract Reg. pay
Panel A: Average effects
Treatment 6.517**  20.393**  0.009 0.603 0.295** 6.758"* -0.410 4.523** 0.024  0.030**  0.023* 0.007 0.015 0.017* 0.016
(2.712) ~ (9.404) (0.013) (0.545) (0.130) (2.560) (0.708) (2.254)  (0.039) (0.014) (0.013) (0.015) (0.017) (0.010) (0.013)
Observations 4196 1280 4204 4142 4183 4174 4174 4176 4183 4205 4201 4204 4140 4184 4196
Panel B: Het. effects
Treatment 7467 22.783**  0.013 0.614 0.355** 7.276** 0.171 7.251** 0.050  0.039**  0.037** 0.009 0.020 0.018 0.011
(3.230)  (10.302) (0.014) (0.635) (0.149) (3.023) (0.903) (2.789)  (0.042) (0.015)  (0.015) (0.018) (0.017) (0.011) (0.014)
Treatment x Aligned -4.697  -10.017 -0.017 0.080 -0.304 -2.831 -2904  -11.489** -0.110  -0.033 -0.057 -0.015 -0.011 -0.002 0.026
comp adv belief (bl) (5.261)  (20.776) (0.031) (1.208) (0.251) (5.015) (2.528) (5.636)  (0.087) (0.032)  (0.042) (0.034) (0.035) (0.022) (0.027)
Aligned comp adv belief (bl)  2.796 14.738  -0.014 -0.942 0.244 0.054 1.262 6.363" -0.016 0.013 0.045 0.018 0.017 -0.023 -0.017
(3.577)  (13.183) (0.019) (0.785) (0.178) (3.596) (1.671) (3.546)  (0.049) (0.017)  (0.028) (0.024) (0.030) (0.015) (0.017)
Treatment effect: 2.770 12.766  -0.004 0.694 0.051 4.445 -2.733 -4.239 -0.059 0.006 -0.019 -0.006 0.009 0.016 0.037
Aligned comp adv belief (bl)  (4.140)  (19.098) (0.027) (1.025) (0.219) (4.074) (2.102) (4.484)  (0.079) (0.031)  (0.038) (0.029) (0.036) (0.018) (0.025)
Observations 4122 1248 4130 4071 4111 4101 4101 4103 4110 4131 4127 4130 4071 4111 4122
Control mean 25.424 85.826  0.309 8.794 1.267 18.463 4.184 21.095 0.582 0.671 0.465 0.437 0.182 0.120 0.219

Notes: Table 5 shows treatment effects on labor market outcomes in the big experiment. Panel A shows average treatment effects. Panel B
shows heterogeneous treatment effects for jobseekers with and without aligned CA beliefs at baseline. Columns indicate different outcomes:
unconditional and conditional earnings in the seven days before the endline survey (cols. 1 & 2), any work in the last seven days (col. 3), hours
worked in the last seven days (col. 4), hourly earnings in the last seven days (col. 5), earnings from wage employment (col. 6), earnings from
self employment (col. 7), earnings from jobs started after baseline (col. 8), tenure since baseline in current job (col. 9), worked at any point
since baseline (col. 10), worked in month 1 after baseline (col. 11), worked in month 2 after baseline (col. 12), job offers in the last 30 days (col.
13), has written contract (col. 14), has regular payment frequency (col. 15). Control variables are described in footnote 24. All monetary figures
are reported in 2021 USD in purchasing power parity terms. All variables marked (w) are winsorized at the 99 percentile. Standard errors
clustered at the treatment-day level shown in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.



positive effect across the two experiments is reassuring.

The earnings effects are substantially higher for jobseekers who can get more informa-
tion from treatment: those whose baseline CA beliefs are misaligned. Treatment increases
weekly earnings for these jobseekers by 7.5 USD PPP, or 22.8 USD PPP conditional on
employment (Table 5, panel B, columns 1 & 2, p = 0.021 & 0.027). These effects are al-
most three and two times as large, respectively, as the effects for jobseekers with baseline
aligned CA beliefs. However, the relatively high variance of earnings measures means
that the differences are not precisely estimated (p = 0.37 & 0.63). Recall from Section 4.2
that the baseline CA beliefs are a noisier proxy in the big than tight experiment, so some
imprecision in this analysis is not surprising.

How might a treatment-induced increase in skill-directed job search generate this
large rise in earnings? We answer this question in three steps. First, we show that the
earnings rise is largely explained by jobseekers earning higher hourly starting wages.
Treatment has a modest positive but not statistically significant effect on employment at
the time of the endline survey and no effect on hours worked, showing that the earnings
effect is entirely explained by a 25% increase in hourly earnings (Table 5, columns 3-5).
This increase in hourly earnings is explained entirely by higher wage earnings, not self-
employment earnings (columns 6-7). This increase in hourly wages occurs mainly in jobs
that start after treatment (column 8). This shows that effects are driven more by higher
hourly wages in new jobs than by renegotiation with existing employers. Higher hourly
wages in new jobs must be mechanically explained by higher starting wages and /or wage
growth with tenure. But treatment does not raise tenure (column 9) and the 3.5 month pe-
riod from baseline and endline provides limited scope to accumulate higher tenure. This
leaves higher hourly starting wages as a more likely explanation.

Second, we provide suggestive evidence that treated jobseekers follow a different
path in the labor market between baseline and endline, which might explain their higher
wages. These jobseekers are 3pp more likely to work at all between treatment and end-
line, largely due to a 2.3pp higher probability of employment in the first month after
treatment (Table 5, columns 10-12), which matches the positive effect on employment six
weeks after treatment in the tight experiment. This might arise if treatment helps jobseek-
ers apply to jobs that better match their skills, so firms are more willing to hire them or
offer higher wages, although we cannot directly test this because we do not observe the
skill demands of the jobs they apply to in the big experiment. They do not all keep these
jobs until the endline, as shown by the near-zero effect on tenure noted above. But they
do continue with on-the-job search: the share actively searching at endline is 69-70% for
all four combinations of employed X treated. On-the-job search, potentially from better-

matched jobs, might allow treated jobseekers to either attract higher starting wages in
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new jobs or accept only higher wage offers than their current job. They do not receive
more job offers (column 13), suggesting a role for higher wage offers or more selective ac-
ceptances.’! This pattern of earlier employment, on-the-job search, and rising earnings is
consistent with models of wage ladders with on-the-job search (e.g. Krolikowski 2017).3?

The idea that treatment allows different, better paid paths in the labor market is con-
sistent with two other findings. Treated jobseekers are 1.7pp more likely to have formal
written contracts and 1.6pp more likely to have a fixed payment frequency, such as a
weekly salary (Table 5, columns 14 & 15, p = 0.089 & 0.182). Both effects are substantial
increases relative to control group means of respectively 12 and 21%, both features are
reported as desirable by jobseekers in our sample, and both features are associated with
higher wages in national labor force survey data.

Third, we provide suggestive evidence that higher wages reflect match quality rather
than job quality effects. Higher match quality would occur if treated and control jobseek-
ers apply to the same job types on average but, within this pool of jobs, treated jobseekers
applied more to jobs that better match their skills and hence offer them better terms such
as higher wages. Higher job quality would occur if some job types offer better terms to
all workers conditional on their skill match, and treated jobseekers applied more to them.
We find limited scope for a job quality mechanism, as there is high overlap in the types of
jobs to which treated and control jobseekers apply: 96.7% of job titles on SAYouth.mobi
that received an application from any jobseeker in the tight experiment received appli-
cations from both treated and control jobseekers. Furthermore, treated jobseekers do not
apply to jobs with higher values of multiple job quality proxies. This pattern holds for
quality proxies of jobs in the job choice task — salary or offer probability, based on expert
assessments and control group beliefs — and quality proxies of jobs on SAYouth.mobi —
provision of training or non-wage amenities, based on job advert text (Table F.4). These
null results suggest that treatment does not induce jobseekers to apply to higher quality
jobs, leaving higher match quality as a more likely explanation for higher wages.

We conclude that treatment may raise earnings through more skill-directed search that
allows jobseekers to move onto better-matched job ladders. However, we acknowledge
that our evidence for more skill-directed search and higher earnings is stronger than our
evidence for the specific mechanisms linking skill-directed search and earnings.*

31 Treatment increases reservation wages but the effect is not precisely estimated. This imprecision may
reflect the substantial challenges to measuring reservation wages in surveys, discussed by Feld et al. (2022).

32 One extra month of work experience would not normally generate a 25% increase in earnings. How-
ever, strong job ladder effects might be possible from short-term work experience in a new job with better
skill match. For example, Godlonton (2020) experimentally estimates an even higher return to short-term
work experience in a new occupation for young jobseekers.

33 There may exist a feedback loop between beliefs and labor market experience: treatment — beliefs
about CA — skill-directed job search — labor market outcomes — beliefs about CA. Such a feedback loop
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5 Beliefs about Skill Levels and Choice of Search Effort

We do not find evidence consistent with an alternative model, in which jobseekers are on
average overconfident about the level of their skills, learn from treatment that they have
lower skills than they thought, increase their search effort, and hence raise their earnings.
We summarize this evidence and model here and provide details in Appendix F.

We find few treatment effects on search effort in either experiment, suggesting it does
not explain the relationship between treatment and labor market outcomes.> In the tight
experiment, treatment effects are small and not statistically significant on six different
measures of search effort: a survey question on post-workshop planned applications,
time spent on a job search task during the workshop, and four measures of job search on
the SAYouth.mobi platform after the workshop (Table F.1).*° In the big experiment, we
estimate precise near-zero effects three measures: self-reported number of applications
and time and money spent on search (Table F.2).

Treatment does lower jobseekers’ beliefs about their skill levels in both experiments
(Tables F.1 and E2, column 1). This occurs because treatment shifts jobseekers” beliefs
about their skill levels toward their assessed skill levels, and more jobseekers have base-
line skill beliefs above their assessed skills than below.

A generalized version of our conceptual framework shows how treatment can lower
average beliefs about skills without changing search effort. In this framework, jobseekers
endogenously choose their total search effort level based on their expected search out-
comes. When treatment lowers believed skill level, the framework predicts two search
effort responses. There is a substitution effect: jobseekers search less because the expected
return to each unit of search effort is lower. There is also an “income” effect: jobseekers
search more because more search is needed to achieve the same labor market outcome.
The net effect on search effort can be negative, zero, or positive.

We also see no evidence that jobseekers who receive negative news about their skill
levels respond by applying to jobs with worse attributes that they view as more attainable.
Treated and control jobseekers apply to jobs with similar values of quality proxies in both
the job choice task and on SAYouth.mobi (Table F.4).

would be relevant for interpreting the magnitudes of the treatment effects on labor market outcomes, which
would then reflect both direct effects and indirect effects through this feedback loop.

3% We merely argue shifts in search effort are unlikely to explain the treatment effects on labor market
outcomes in this study. We recognize search effort can play an important role in labor market outcomes in
other ways, covered in the review by Mueller & Spinnewijn (2023). As we note above, our treatment does
not lower reservation wages, a mechanism some papers in that review link to search beliefs and effort.

35 Treatment provides information both about skill levels and CA. To isolate the role of information about
skill levels, we repeat this analysis for a group of jobseekers who cannot get information about their CA
from treatment: those with tied communication and numeracy quintiles. Effects on search effort for these
jobseekers are similar to the effects for our main sample (Table E.3).
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6 Additional Mechanisms

In this section, we evaluate three other mechanisms that might account for treatment
effects on labor market outcomes. These are not mutually exclusive with the directed
search mechanism. We find little evidence for any of these three mechanisms.

Self-esteem: Treatment has near-zero effects on self-esteem in the big experiment,
in both a text message survey 2-3 days after treatment and the endline phone survey
3.5 months after treatment (Table G.1, columns 1-4), using questions from the Rosenberg
(1965) scale. This suggests general beliefs about self-worth do not respond to new skill
information and are unlikely to affect search behavior or labor market outcomes.

Human capital investment: We find that jobseekers might make skill investments in
response to new information about skills, but that this behavior is unlikely to explain the
labor market effects we find. In the big experiment, treatment has near-zero effects on
enrollment in both formal and vocational education, limiting scope for education invest-
ment to drive the labor market effects (Table G.1, columns 5-7). Education investment
might, of course, change over longer time horizons or at other margins.

We find suggestive evidence in the tight experiment that jobseekers might change
skill investments in response to new information about their skills. Treatment reduces
willingness-to-pay (WTP) for a numeracy workbook, mostly for people who learn that
they have numeracy CA, suggesting that jobseekers might prefer to invest in skills where
they are relatively weak. WTP for a communication workbook is unaffected by treatment.
See Appendix G for measurement details and results.

Skill information transmission to firms: If jobseekers share assessment results with
firms during job applications, this might lead to firm-side learning about jobseekers’
skills. We view this mechanism as unlikely to explain labor market outcomes. Labor
market effects are driven by the jobseekers who say they did not use the report in ap-
plications (Table G.2) , although we interpret this result cautiously because this analysis
conditions on report use, a post-treatment outcome. We have conflicting evidence from
the big experiment on how often jobseekers share results with firms: only 0.8% of treated
jobseekers included their assessment report when applying to vacancies we created for
another experiment but 29% of treated jobseekers self-report at endline that they ever
included a copy of their assessment results with any application.

The assessment results jobseekers receive are deliberately designed not to be credible
to firms. They do not show the jobseeker’s name or national identity number, so firms
cannot verify that the report is linked to that job applicant. They include no information
about Harambee, the source of the assessments, or the value of skills. They are printed in
black and white on low-quality paper. None of the 15 hiring managers we interviewed
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during piloting said they would view these reports as credible.*

7 Concluding Reflections

Our paper’s main contribution is providing evidence of a relatively understudied type
of job search friction: misdirected search due to imperfect information about skill CA.
To study this question, we run two field experiments that randomize jobseekers” access
to information about their skills in multiple dimensions and collect unique measures of
beliefs about skills, skill-directed job search, and labor market outcomes. We show that
new information about jobseekers’ skill CA can shift their beliefs, redirect search toward
jobs that better match their CA, and improve their labor market outcomes.

We end the paper by reflecting on three topics that audiences often press us to discuss
more, although we do not view as core parts of the paper. These reflections are deliber-

ately brief, tentative, and intended to point to directions for future research.
7.1 Scale and General Equilibrium Considerations

The effects of job search interventions can depend on their scale due to interactions be-
tween jobseekers or between jobseekers and firms. We present an informal framework
for thinking about scale and general equilibrium implications of skill-directed search. We
provide empirical evidence about parts of this framework, which suggests that the effects
of our intervention on jobseekers” labor market outcomes need not shrink with scale.

There are two obvious channels for general equilibrium effects of job search interven-
tions. First, more skill-directed job search might raise match quality or lower screening
costs for firms, as they receive better-matched applications. These mechanisms can in-
crease aggregate labor demand according to both classic matching models (e.g. Morten-
son & Pissarides 1994) and recent experiments (e.g. Algan et al. 2022). Section 4.5 pro-
vided indirect evidence our intervention raised match quality.

Second, changes in search might affect search congestion: the number of applications
sent in total or to some job types, affecting job offer probabilities and potentially wage
offers. Higher search congestion is unlikely for the type of intervention we study. Infor-
mation about skill CA is inherently differentiated and shifts different jobseekers to apply
for different job types, rather than shifting total applications toward one job type. We ob-
serve exactly this pattern in the tight experiment. In the job choice task, treatment spreads
applications more evenly between communication and numeracy jobs (Table G.3). And
treatment does not raise any search effort measure, including total on-platform applica-
tions to communication or numeracy jobs (Appendix F). Kircher (2022) proves that search
redirection of this type can actually reduce aggregate congestion and raise employment.

3 In contrast, Carranza et al. (2022) study effects of using certificates of assessment results designed to
be credible to firms. These are branded by Harambee and contain the jobseeker’s name and ID number.
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In contrast, research that has found search congestion effects has studied interventions
providing less differentiated information about high-demand sectors or locations, en-
couraging search effort, or providing job placement services (e.g. Altmann et al. 2022;
Crépon et al. 2013; Johnston & Mas 2018; LaLive et al. 2022).%7

We tentatively conclude that there is no clear evidence that the type of intervention we
study would generate smaller effects at larger scales. However, a more conclusive answer
would require research designed to evaluate general equilibrium effects.

General equilibrium effects are also unlikely to affect our experiments’ internal valid-
ity. The big experiment involved only 4,400 people in a city of roughly 8 million people
and 2 million employed workers (SSA, 2016); they were sampled from all around the
city, not one small geographic area; workshops were spread over seven months, not con-
centrated in time; and participants were not guided to apply to specific jobs or search in

specific areas. This limits the scope for competition between jobseekers in the experiment.
7.2 Generalizability

Several features of our sample and context may be important for understanding which
types of jobseekers in which types of labor markets might face imperfect information
about skill CA and misdirected job search.

Sample: We deliberately study a sample of active jobseekers, a policy-relevant pop-
ulation for job search assistance policies. Our sample contains people who (1) are aged
18-34, (2) are from disadvantaged backgrounds, (3) have registered for job search assis-
tance, and (4) have chosen to attend our workshops. The last two criteria screen out many
non-searchers, arguably a less relevant population for job search interventions. The first
two criteria are likely to, on average, screen out people with more education, more net-
work access, and more work experience. These people might have better information
about their skill CA and hence have smaller gains from treatment.

Within this sample, it's ambiguous whether jobseekers who chose not to attend the
workshops might have more or less information about their skill CA than jobseekers who
chose to attend, and hence whether their gains from treatment would be larger or smaller.
Roughly 50% of jobseekers we invite choose to attend the workshop and attendance is
weakly related to jobseeker characteristics: attendees are slightly older but are similar on
other demographics, education, and recent job search effort. It’s very unlikely that job-
seekers make attendance decisions based directly on their expected gains from treatment
because the workshop invitations don’t provide information about the treatment. How-
ever, jobseekers may make attendance decisions based on factors correlated with their

37 Information about skill CA as we define it may generate search congestion if communication-heavy
jobs are substantially more common than numeracy-heavy jobs or vice versa. However, we showed in
Section 3.4 that the two types of jobs are roughly equally common in online job postings.
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current information about their skill CA or gains from treatment. On the one hand, em-
ployed people might chose not to attend the workshop because their opportunity cost
of time is higher and might also have lower gains from treatment if their employment is
already providing information about their skill CA. On the other hand, people who did
not attend because they have become discouraged from searching intensively might have
higher gains from treatment if they have even less information about their skill CA.

Context: Many jobseekers in this context enter the labor market with imperfect in-
formation about their CA because schools give noisy feedback on their skills (Lam et al.,
2011). Similar conditions hold in many low- and middle-income countries (Gust et al.,
2024; Pritchett, 2013). Learning about CA may be slow because high unemployment lim-
its learning about skills through work experience in this context. This factor may also be
relevant in the 40 countries facing youth unemployment above 25% (ILO, 2022).

More broadly, jobseekers might struggle to evaluate their skill fit with different jobs
when navigating unfamiliar labor markets due to industrial displacement, migration, or
structural transformation (e.g. Huckfeldt 2022; Robinson 2018). Misdirected search may
be particularly important when search is costly for jobseekers or screening mismatched
applicants is costly to firms (Abebe et al., 2021a; Fernando et al., 2023; Hensel et al., 2022).

7.3 How to Provide Information about Skill Comparative Advantage?

Our results show private gains for jobseekers who acquire more information about their
skill CA. We show in Appendix | that the average treatment effect on earnings may exceed
the average variable cost of the assessment operation under plausible assumptions. Firms
may also gain from skill-directed job search if it raises match quality or lowers screening
costs, in line with work by Abebe et al. (2021a) and Algan et al. (2022).

Given these gains, could private actors profitably supply skill assessments to jobseek-
ers? Assessment allows substantial scale economies, particularly if run on online job
search and matching platforms. Many platforms, including SAYouth.mobi, already offer
skill assessments to jobseekers (LinkedIn, 2023). However, market failures are possible:
prospective private skill assessors might face large fixed costs of developing assessments
and building brand credibility, and jobseekers with firmly-held beliefs about their skills
might not pay for assessments, even if these beliefs are inaccurate.

Governments also have avenues for providing information about skill CA to jobseek-
ers. A strong education system can in principle provide graduates with reliable informa-
tion about their CA, reducing the need for market-based provision. But the accuracy of
information acquired during schooling may decrease over time, both as people age and as
the labor market evolves. Government-funded job search counseling services sometimes

include skill assessments but researchers have not yet studied the effects of this specific
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component of job search counseling (McCall et al., 2016).
Future work might examine the economics of both public- and private-sector actors

providing information about CA across different types of skills.
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Jobseekers’ Beliefs about Comparative Advantage & (Mis)Directed Search
— Online Appendices Not for Print Publication —

This online appendix contains eleven sections. Appendix A describes skill measurement
and shows that firms value the skills we study and are partly able to observe them. Ap-
pendix B describes how we measured the skill beliefs and provides further descriptive
statistics and treatment effects on these beliefs. Appendix C describes the experimental
protocols in detail. Appendix D shows robustness checks and heterogeneous treatment
effects extending the main results from Sections 3 and 4 of the paper. Appendix E pro-
vides analysis of the role of labor market beliefs in shaping search direction. Appendix F
shows that changes in search effort are unlikely to explain our results, as discussed in Sec-
tion 5 of the paper. Appendix G contains exhibits supporting the analyses of alternative
mechanisms from Section 6 of the paper. Appendix H shows gender heterogeneity re-
sults. Appendix I describes how our analysis relates to the pre-analysis plans. Appendix
] details the cost-benefit calculation.

A Skill Assessments and Firms’ Valuation of Skills

A.1 Skill Measurement

Tight Experiment: We measured three skills. The numeracy assessment is developed
and used by a South African retail chain to screen applicants for cashier roles. The com-
munication assessment is developed by a local adult education provider to measure job-
seekers’ English listening and reading comprehension at a high school level. The concept
formation assessment is adapted from Ravens’ matrices to measure jobseekers’ fluid in-
telligence: their conceptual reasoning and speed of learning (Raven & Raven, 2003).

The skill assessment results have bell-shaped distributions without floor or ceiling ef-
fects that might pose problems for quintile assignments (Figure A.1). Table A.1 shows
the joint distribution of numeracy skill quintiles and communication skill quintiles. Ta-
ble A.2 shows the correlations between skill measures in the tight experiment. All three
skill measures have pairwise correlations > 0.3 in the full sample. Communication and
numeracy have zero correlation in the restricted sample of 278 jobseekers with non-tied
communication and numeracy quintiles, because this restriction mechanically weakens
the relationship between the two skills.

Big Experiment: We measured six skills: communication, numeracy, concept forma-
tion, focus, grit, and planning. The communication assessment is equivalent to the as-
sessment used in the tight experiment. It measures listening and reading comprehension
skills. The numeracy assessment measures practical arithmetic skills and pattern recog-

nition. The first part of the assessment is the same as the numeracy assessment in the
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Figure A.1: Distribution of Standardized Assessment Scores - Tight Experiment

Panel A: Numeracy Panel B: Communication
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Notes: Figure A.1 shows the distribution of standardized assessment scores in the tight experiment.
Panel A displays the fraction of standardized numeracy scores in bins. Panel B displays the same for
communication scores.

Table A.1: Joint Distribution of Skill Quintiles - Tight Experiment

Numeracy quintile Communication quintile
Bottom Lower middle Middle Upper middle Top
Bottom 0.00% 7.19% 6.47% 4.68% 4.68%
Lower middle 11.51% 0.00% 7.19% 7.91% 9.35%
Middle 3.96% 2.52% 0.00% 4.68% 2.88%
Upper middle 2.52% 4.32% 3.96% 0.00% 7.19%
Top 0.72% 2.16% 0.72% 5.40% 0.00%

Notes: Table A.1 shows that there considerable variation in quintiles across numeracy and communica-
tion skills in the tight experiment. The sample is restricted to the 278 jobseekers with a unique CA in skills.
This forces entries on the main diagonal to be zero.

Table A.2: Correlation between Skill Quintiles - Tight Experiment

Numeracy Communication Concept formation

@ 2) ®3)

Panel A: Restricted sample

Numeracy 1.000 -0.004 0.284

Communication 1.000 0.216

Concept formation 1.000
Panel B: Full sample

Numeracy 1.000 0.306 0.375

Communication 1.000 0.326

Concept formation 1.000

Notes: Table A.2 shows that correlation coefficients between the skills in the tight experiment are mostly
moderate-sized and positive. Panel A shows results for the sample of 278 jobseekers with a unique CA
between numeracy and communication. Panel B shows results for the full sample of 373 jobseekers. The re-
striction in panel A mechanically weakens the relationships between communication and numeracy scores,
leading to the lower correlation in panel A than panel B.
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Table A.3: Correlation Between Skill Terciles - Big Experiment

Concept formation Communication Numeracy Grit Planning Focus

1) (2) ©3) (4) () (6)

Concept formation 1.000 0.298 0.435 0.098 0.214 0.189
Communication 1.000 0.331 0.095  0.213 0.173
Numeracy 1.000 0.139 0.266 0.159
Grit 1.000  0.090 0.047
Planning 1.000 0.173
Focus 1.000

Notes: Table A.3 shows that correlation coefficients between the skills in the big experiment are mostly
moderate-sized and positive.

tight experiment. This part assesses jobseekers’ skills needed for a cashier position. The
second part of the numeracy assessment was developed by an adult education provider
(www.mediaworks.co.za) and measures high school mathematics skills including calcu-
lations involving money, time, areas and quantities. For measuring concept formation
skills, we used a test that is very similar to Ravens’ matrices (Raven & Raven, 2003). The
focus measure is a computerized, color-based Stroop task (Stroop, 1935). It evaluates
jobseekers” inhibitory control, attention control and guidance of thought and action to
achieve a goal (Diamond, 2013; Posner & DiGirolamo, 1998). We assess jobseekers’ grit
using the self-reported 8-item scale from Duckworth (2016). It rates jobseekers’ willing-
ness to work on difficult tasks and persevere to achieve long-term goals. Finally, plan-
ning measures how jobseekers are able to search for relevant information and anticipate
the consequences of actions. The assessment adapts the Hit 15 task in Gneezy et al. (2010),
in which the computer and the participant take turns to add one, two, or three points to a
point basket. The party whose action leads to a score of 15 in the point basket wins.
Table A.3 shows correlations between terciles of skills in the big experiment. Scores are
weakly positively correlated across assessments, with pairwise correlations of 0.05-0.44.
Hence, the assessments horizontally differentiate candidates based on their relative skills
rather than only ranking or vertically differentiating them on a single skill dimension.

A.2 Firms’ Valuation of Skills

Here we provide evidence that the skills we measured are important in this labor market.

First, the communication, concept formation, and numeracy assessments have been
used to screen jobseekers by our partner, the Harambee Youth Employment Accelera-
tor. By 2020, Harambee had been contracted by firms in South Africa to screen roughly
160,000 prospective workers using these assessments. This suggests a revealed willing-
ness of firms to pay to learn the results of these assessments. However, this does not mean

that assessment results are the only or best information firms use in their hiring decisions.
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Table A.4: Firms’ Preference Ranking Over Communication Skills, Numeracy Skills, and
Formal Education

Top Middle Bottom Share (%) MostImportant Skill Share (%)
D ) (©) (4) ©) (6)

1 Num Comm Educ 52.24

2  Num Educ Comm 448 Numeracy 56.72
3 Comm Num Educ 28.36 ..

4 Comm FEduc Num 597 Communication 34.33
5 Educ Num Comm 1.49 .

6 Educ Comm Num 7.46 Education 8.96

Second, we used an incentivized choice experiment to show that firms vary in their
valuation of communication and numeracy skills and value both highly relative to some
forms of education. For this data collection, we recruited 67 firms soon after the big
experiment by going door-to-door in areas of Johannesburg where most of the jobseekers
in the big experiment lived. 81% of firms are in the retail or hospitality sectors, where
many jobseekers in both experiments applied for jobs. Recruited firms have a mean size
of 15 workers, half of whom are in entry-level roles, and planned to hire an average of 4
new entry-level workers in the next year.

Importantly for our current argument, we measured the preferences of these firms
over the six skills used in the big experiment, relative to each other and relative to addi-
tional education. Each firm was asked to rank multiple jobseeker profiles with different
levels of skills and with or without a one-year post-secondary educational qualification,
all with completed secondary school. To incentivize the choices, we used firms’ rankings
to match them with jobseekers with specific skill profiles from Harambee’s database, in a
similar spirit to Kessler et al. (2019).

Table A.4 shows the average ranking of numeracy, communication and education over
the 67 firms. There are six different possible rankings of these three elements, each shown
in a row. The shares of firms in these bins are shown in column 4. Column 6 collapses
these shares based on the most important skill. In this column, we see that 57% of firms
prefer a candidate with top-tercile numeracy skills, 34% prefer a candidate with top-
tercile communication skills and only 9% firms prefer a candidate with a relatively better
educational achievement, i.e. a candidate with a one-year post-secondary educational

qualification but with only middle-tercile communication and numeracy skills.
A.3 Observability of Skills and Firms” Valuation of Applicant Skill Match

As part of the tight experiment, we conducted a measurement exercise to show that firms

partially observe assessed skills and value applicants whose skill profile matches their job
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Table A.5: Employer Evaluation of Job Applicants Based on Skills

Mean Difference Obs
Aligned Non-aligned SD A A/SD p(A=0)
1 2) G @ 06 (6) )
Panel A: Skill levels

Skill (1-5) 2.93 2.79 0.66 0.15 0.22 0.01 277

Panel B: Job-related evaluation
Overall score (1-5) 3.00 2.84 0.86 0.16 0.18 0.05 277
Interview invitation (dummy) 0.43 0.34 049 0.09 0.18 0.07 277

Notes: Table A.5 shows that the HR team of an employer can observe jobseekers’ skills and evaluates
applicants more highly if their assessed CA in skills matches the job’s requirements. One pair of the
job choice task advertisements was from a firm that hires for a range of entry-level roles. We submitted
the jobseekers’ cover letter and resume to the firm based on which two members of the firm’s HR team
evaluated every applicant for both jobs. Evaluators rated the jobseekers’ skill levels (Panel A) as well as
their general suitability for the job (on a scale from 1 to 5) and whether they would invite the candidate for
an interview (Panel B). We show the mean outcomes across evaluators for the skill/ job that is aligned with
the jobseekers” CA in col. 1; and the outcomes for the misaligned skill / job in col. 2. The pooled standard
deviation of the measures in col. 1 and 2 are in col. 3. Col. 4 shows the difference between cols. 1 and 2.
Col. 5 shows this difference in terms of standard deviations. Col. 6 shows the p-value associated with a test
of equality across cols. 1 and 2. Col. 7 shows the number of observations.

requirements. During the job search workshop, we asked jobseekers to choose between
applying for a real communication- or numeracy-heavy job at a firm that hires for a range
of entry-level roles, including call center and data capture jobs. Jobseekers prepared a CV
and a cover letter during the workshop, both designed for general use rather than tailored
to these specific jobs. Two members of the firm’s HR team evaluated every applicant for
both jobs based on their CV and generic cover letter. Evaluators did not know which
applicant applied for which job and were not shown applicants” skill assessment results.
We received data on the evaluators’ assessments of each applicant’s communication skills,
numeracy skills, suitability for each type of job, and whether they were recommended for
an interview for each type of job.

This measurement exercise shows that the firm’s HR team can get some information
about jobseekers’ skill levels from their application materials. Table A.5, panel A, column
5 shows that the HR team’s assessments of skills are positively but not perfectly corre-
lated with our measures of skill: they assigned a 0.22 standard deviation higher score to
the skill dimension in which the jobseeker had a CA on our assessments (p = 0.01). The
HR team’s applicant ratings are also correlated with our measures of skill: they rate the
applicant as 0.18 standard deviations more suitable for the job aligned with that appli-
cant’s CA (panel B, row 1, column 5). HR managers were also 9 percentage points more
likely to recommend interviewing the candidate for the job aligned with that applicant’s
CA (panel B, row 2, column 4). This is a 21% increase relative to a 43% interview recom-
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mendation rate in the non-aligned job. These patterns show that skills are at least partly
observable to the firm even when jobseekers could not tailor their resumes or cover letters
to the specific role. Observability might be greater in natural job search where jobseekers
can tailor their applications.

The evidence that jobseekers have different skills, that firms value these skills but
differ in which skill they value more, and that firms can at least partly observe skills
suggests that redirecting jobseekers’ search towards jobs that match their CA in skills has
the potential to improve their labor market outcomes.

B Skill Beliefs

B.1 Skill Beliefs Measurement

We measure skill beliefs at the skill xindividual level in terms of quintiles (tight experi-
ment) or terciles (big experiment). In the tight experiment, we measure beliefs about nu-
meracy and communication skills. In the big experiment, we also measure beliefs about
concept formation skills. We measure two types of skill beliefs: beliefs about assessment
results and beliefs about general skills. Table B.1 contains the exact wording of each ques-
tion. The strong positive relationship between the two belief measures that we show
below suggests that jobseekers view the assessments as relevant to their general skills.

Before eliciting beliefs, we define skills as follows: “Numeracy means working with
numbers. It includes using addition, subtraction, multiplication, and division to solve
real problems involving money, time, and quantities. For example, if a box holds 18 cans
of tuna, can you calculate how many cans of tuna there are in 9 boxes? Communication
means reading, writing, and listening in English. It includes understanding your cowork-
ers and customers when they explain problems they have and explaining how to solve
these problems. These are not skills about how to treat other people, just English skills.”

Beliefs about general skills: We measure each jobseeker’s beliefs about their general
skills as their beliefs about their skills relative to the skills of the reference group in a
specific domain, abstracting from specific assessment results. We see these skill beliefs as
being most relevant for search decisions because they capture general, labor-market-relevant
skills that rather than performance on our specific assessments. Thus, we use these beliefs
to define our preferred outcome measure of aligned CA beliefs.

In the tight experiment, we measure beliefs about general skills twice: before assess-
ments and after treatment. (Figure 1 shows the experiment timeline.) We use general skill
beliefs for all descriptive statistics and to define our main belief outcome measures. In the
big experiment, we only measure beliefs about general skills once: in the endline survey,
for a random subsample of participants, only to use as a robustness check. Using this
measure, treatment raises aligned CA beliefs by 7.6 pp (p = 0.003) and fraction aligned
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beliefs by 10.8pp (p < 0.001). These are only slightly smaller than the effects on beliefs
about assessment results, our main belief outcomes in the big experiment (Table D.8).

Beliefs about assessment results: We also measure jobseekers’” beliefs about their
quintiles in the assessments they completed in both experiments. We follow Haaland
et al. (2023) in viewing these beliefs as a proxy for the information content of the intervention
for each individual. Jobseekers whose baseline beliefs differ from their assessment results
will learn that their actual performance differed from their beliefs and may respond more
to treatment. Hence, we estimate heterogeneous treatment effects in both the tight and
big experiments using a dummy variable for jobseekers whose baseline beliefs matched
their skill CA in the assessments. We also use a continuous version for robustness checks.

In the tight experiment, we asked about beliefs about assessment results once: after as-
sessments but before treatment (see Figure 1). We use these measures for all heterogeneity
analysis by baseline beliefs. We ask the same question again right after the treatment ad-
ministration for the treatment group only to check whether they understood the results on
the report. We report this understanding check on page 18. Our results are similar when
we estimate heterogeneous treatment effects using beliefs about general skills or beliefs
about assessment results because the two measures are highly correlated (0=0.68).%"

In the big experiment, we asked beliefs about assessment results twice: after the as-
sessments but before treatment, and at endline roughly 3.5 months later. We use these
beliefs both as outcomes and for heterogeneity analysis for the big experiment because
we only measured beliefs about general skills for a subsample of jobseekers. However,
treatment effects on beliefs about general skills are similar, as we note above.

B.2 Skill Belief Descriptive Statistics

Skill beliefs, assessment results, and high school graduation exam results: Table B.2
shows that baseline beliefs about skills are strongly correlated with assessment results for
numeracy but not for communication in the tight experiment. Table B.3 shows relation-
ships between jobseekers’ self-reported scores in English and mathematics in the high
school graduation exam (matric) and their assessment results and beliefs. The matric
results correlate with our assessments and the score differences between the respective
subjects on those exams positively correlate with the measured CA in the tight experi-
ment, although the latter relationship is imprecisely estimated (columns 1-3). The high
school graduation exam results also predict jobseekers’ beliefs (columns 4-7).

Skill beliefs, search activities, and expected search outcomes: Table B.4 shows that
jobseekers’ beliefs about their CA correlate strongly with search direction in the control

38 Similarly, regressing domain-specific general skill beliefs on beliefs about assessment results produces
coefficients of 0.39-0.52, with or without controls for assessment results, demographics, and education.
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Table B.1: Measurement of Beliefs about Comparative Advantage

Description

Survey question

Panel A: Tight experiment
Beliefs about general skills, pre-
treatment (most likely quintile)

Beliefs about general skills belief,
post treatment (most likely quintile)

Beliefs about assessment results,
pre- and post-treatment (most likely
quintile)

Panel B: Big experiment
Beliefs about general skills, post-
treatment (most likely tercile)

Beliefs about assessment results,
pre-treatment (most likely tercile)

Beliefs about assessment results,
post-treatment (most likely tercile)

Think about 100 people who are jobseekers from Johannesburg aged 18-34 with a matric from a township or rural school. Imagine that we
rank everyone according to their [numeracy/communication] skills, from lowest to highest. We create five equal size groups. The first group
are the 20 people with the strongest [numeracy/communication] skills. The second group are the 20 people with the next best skills — they are
less good than the top 20, but better than the other 60 people. The fifth group are the 20 people with less strong numeracy skills than the other
80.

Out of these five groups we just talked about, what group do you think you are most likely to be in based on your [numeracy/communication]
skills?

Think about 100 people who are jobseekers from Johannesburg aged 18-34 with a matric from a township or rural school. Imagine that
we rank everyone according to their [numeracy/communication] skills, from lowest to highest. This ranking is based on overall [numer-
acy/communication] skills, not only the numeracy skills that were tested in the Numeracy assessment you just took.

We create five equal size groups. The first group are the 20 people with the strongest [numeracy/communication] skills. The second group
are the 20 people with the next best skills — they are less good than the top 20, but better than the other 60 people. The fifth group are the 20
people with less strong [numeracy/communication] skills than the other 80.

Out of these five groups we just talked about, what group do you think you are most likely to be in based on your [numeracy/communication]
skills?

Think about 100 people who are jobseekers from Johannesburg aged 18-34 with a matric from a township or rural school. Imagine that we
rank everyone according to their results on the [numeracy/communication] assessment. We create five equal size groups. The first group are
the 20 people with the highest numeracy results. The second group are the 20 people with the next best results — they are less good than the
top 20, but better than the other 60 people. The fifth group are the 20 people with lower strong numeracy results than the other 80.

Out of these five groups we just talked about, what group do you think you are most likely to be in based on your [numeracy/communication]
assessment result?

Remember that people who come to Harambee are from Johannesburg, are aged 18-34 and have a matric from a township or rural school. So
that should be the group you're picturing.

If we ranked candidates by their [numeracy /communication/concept formation] skills, do you think you are in the top third, middle third or
bottom third of Harambee candidates?

Now think about all the people who are in the room with you. They are all jobseekers from Johannesburg aged 18-34 with a matric from a
township or rural school and have done the Harambee assessments. Imagine we line everyone up according to what score they got, from
lowest to highest. Then we divide the group into three. The lower third are the people who got the lowest scores. The top third are the people
who got the highest scores. The middle third are the rest of the people.

Would you be in the top third, middle third or bottom third of people on the [numeracy/communication/concept formation] test?

Do you remember the assessments you took at Harambee during Phases 1 and 2? [wait for yes]. Now I want you to imagine other Harambee
candidates who have also taken these assessments. Remember that people who come to Harambee are from Johannesburg, are aged 18-34
and have a matric from a township or rural school. So that should be the group you're picturing. Imagine we look at everyone’s assessment
scores, and we make three groups: One group for people with the lowest scores, one group for people with the highest scores, and one group
for people in the middle. Each group contains one third of the people who took the assessment. Keep this scenario in your mind, and answer
the following questions. Remember that this will not have any impact on your progress with Harambee. These answers are only for research
purposes and will be kept confidential.

Off the top of your head, do you think you are in the top third, middle third or bottom third of people on the [numer-
acy/communication/concept formation] test?

Notes: Table B.1 displays the exact wording of our questions to jobseekers about their beliefs about their skills. Note that we construct
beliefs about skill CA from the beliefs about terciles/quintiles of different skills.



group of the big experiment, with or without controls for demographics, education, work
experience, and measured CA. In contrast, the same table shows that measured CA is
weakly associated with search direction, with or without controls for demographics, ed-
ucation, work experience, and believed CA. These results suggest that jobseekers might
try to direct their search to jobs that match their skills but misdirect this search due to
imperfect information about their skills.

Table B.5 shows that jobseekers with higher beliefs about their skills expect shorter
search durations and higher wages. This might reflect unobserved jobseeker heterogene-
ity, so it does not necessarily show a causal relationship. As an additional check, we
asked jobseekers in the big experiment their expected search duration and earnings con-
ditional on finding a job and then their expectations for another jobseeker who had better
numeracy skills but was otherwise identical to themselves. Jobseekers expect that the
other hypothetical jobseeker will search for 0.74 fewer months than themselves (24% of
the mean, p = 0.02) and earn 118 USD more (13% of the mean, p < 0.001). We did not ask
this question about communication skills due to time constraints.

Dynamics of skill beliefs: Beliefs persist from baseline to endline in the big experi-
ment’s control group, even for active jobseekers, suggesting that jobseekers learn at best
slowly about their skills via search (Table B.6).

Other correlates of skill beliefs: In the tight experiment baseline, having aligned CA
beliefs is associated with assessment results but unrelated to demographics, education,
and labor market exposure (Table B.7).

Table B.2: Association between Assessed and Believed Skill Quintiles - Tight Experiment

Skill quintile beliefs

Numeracy Communication

1) 2

Numeracy quintile 0.188*** -0.011
(0.049) (0.034)
Communication quintile -0.061 0.018
(0.040) (0.032)
Dep var. mean 2.367 3.259
Observations 278 278

Notes: Table B.2 shows that jobseekers’ beliefs about their score quintiles correlate with their assessment
results for numeracy but not communication. No control variables are included. Heteroskedasticity-
robust standard errors in parenthesis. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B.3: Association between High School Graduation Exam Results and Assessed and
Believed Skills - Tight Experiment

Asessed skills Beliefs about skills
Skill quintile Comp. adv. Skill quintile Comp. adv.
Num. Com. Num. Num. Com. Num. Com.
1) () 3) 4 5) (6) 7)
Matric: Math score 1.451***  0.594 1.782***  -0.360
(0.506)  (0.609) (0.399)  (0.261)
Matric: English score 0.219  1.219** -0.355 1.016***
(0.400) (0.477) (0.335)  (0.223)
Matric: A Math score - English score 0.192 0.308*** -0.487***
(0.146) (0.108) (0.139)
Dep var. mean 1.540 2.173 0.378 2.367 3.259 0.137 0.579
Observations 263 263 263 263 263 263 263

Notes: Table B.3 shows that self-reported scores in English and mathematics in the high school grad-
uation exam (matric) correlate positively with jobseekers’ assessment results and their baseline beliefs
about skills. Cols. 1, 2, 4, and 5 show the relationship between math and English matric scores and assessed
skill quintiles (cols. 1 and 2) and beliefs about skill quintiles (cols. 4 and 5). Matric scores are rescaled to
range from 0 to 1. So, for example, the coefficient in column 4 row 1 shows that moving from the lowest to
highest possible matric grade in math is associated with a belief that numeracy is 1.78 quintiles higher. No
further control variables are included. The sample size is 263 because 15 jobseekers cannot recall their exam
results. Heteroskedasticity-robust standard errors in parenthesis. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table B.4: Association between Skill Beliefs and Search Direction - Big Experiment Control
Group

Target numeracy jobs Target communication jobs
1) (2) 3) 4) ) (6)
Believed numeracy CA 0.097*** 0.091***  -0.086"** -0.084***
(0.018) (0.018) (0.021) (0.022)
Believed communication CA -0.074*** -0.067***  0.082*** 0.088***
(0.021) (0.020) (0.024) (0.023)
Numeracy CA 0.029 0.021 -0.018  -0.012
(0.018) (0.018) (0.022)  (0.022)
Communication CA -0.068***  -0.060*** 0.054**  0.045**
(0.019) (0.019) (0.023)  (0.023)
Control mean 0.222 0.222 0.222 0471 0471 0.471
Observations 2179 2179 2179 2179 2179 2179

Notes: Table B.4 shows that jobseekers’ beliefs about CA correlate positively with skill-directed search
in the control group of the big experiment. “CA’ stands for comparative advantage. Dependent variables
are dummies indicating that jobseekers rate numeracy (columns 1-3) or communication (columns 4-6) as the
most important skill for the jobs that they applied to in the last 30 days, measured at endline. Independent
variables are dummies assessed and believed skill CA. All specifications include controls for age, gender,
having worked in a wage job, as well as dummies for three education categories. Heteroskedasticity-robust
standard errors are in parenthesis. * p < 0.10, ** p < 0.05, *** p < 0.01.

55



Table B.5: Association between Skill Beliefs and Beliefs About Search Outcomes - Big
Experiment Control Group

E[search duration] (months, w) E[wage] (w)
(1) ) (3) 4)
Average skill tercile belief (z-scored) -0.127*** -0.129*** 38.318*** 33.755***
(0.047) (0.046) (9.518)  (9.429)
Control mean 2.718 2.718 892.045 892.045
Observations 2148 2144 2183 2179
Controls No Yes No Yes

Notes: Table B.5 shows that jobseekers’ beliefs about their skills correlate positively with their beliefs
about the returns to search in the control group in the big experiment. All specifications control for aver-
age standardized skill levels. Columns 2 and 4 further include controls for age, gender, having worked in a
wage job, as well as dummies for three education categories. Winsorized variables (w) are winsorized at the
99*" percentile. All monetary values are in 2021 USD in purchasing power parity terms. Heteroskedasticity-
robust standard errors in parenthesis. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table B.6: Development of Skill Beliefs Over Time - Big Experiment Control Group

Aligned CA belief % aligned skill belief
1) () 3) 4) ®) (6)
Endline -0.004 -0.001 -0.015 0.009 0.009 0.004
(0.012)  (0.017) (0.014) (0.009)  (0.013)  (0.011)
Endline x Above median search effort -0.008 0.000
(0.024) (0.019)
Above median search effort 0.035** 0.003
(0.017) (0.013)
Endline x Worked last 7 days 0.034 0.015
(0.027) (0.020)
Worked last 7 days -0.005 0.013
(0.019) (0.014)
Constant 0.200***  0.183*** 0.202*** 0.379*** 0.377*** 0.375***
(0.008)  (0.012) (0.010) (0.006)  (0.009)  (0.008)
Observations 4405 4315 4315 4456 4365 4365

Notes: Table B.6 shows that the misalignment of skill beliefs persists over time in the control group of the
big experiment even for those who are employed or have above-median search activity. Estimation is at
the survey round times jobseeker level and is restricted to the control group. “CA” stands for comparative
advantage. Cols. 1 to 3 show results for aligned beliefs about CA. Cols. 4 to 6 show results for the fraction
of aligned skill beliefs. Heteroskedasticity-robust standard errors are in parenthesis. * p < 0.10, ** p < 0.05,
“*p <0.01.
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Table B.7: Association Between Baseline Aligned Comparative Advantage Belief and
Other Baseline Characteristics - Tight Experiment

Aligned CA belief
OLS  Ridge Lasso
m @ 0
Age -0.003  -0.003 0.000
(0.034)
Female 0.004  0.005 0.000
(0.028)
Has completed secondary education -0.008  0.005 0.000
(0.053)
Has post-secondary certificate -0.029  -0.011 0.000
(0.044)
Has post-secondary diploma 0.028 0.021  0.000
(0.040)
Has post-secondary degree -0.063  -0.034 -0.024
(0.040)
Employed in any form at baseline 0.013  0.009 0.000
(0.029)
Total work experience at baseline (years) 0.052 0.024 0.000
(0.036)
Ever held multiyear job -0.021  -0.009 0.000
(0.027)
Ever received feedback during job search 0.002  -0.002 0.000
(0.029)
Ever received feedback during employment  -0.036  -0.014 0.000
(0.030)
Any HH member employed 0.037  0.026 0.004
(0.029)
Has numeracy comparative advantage -0.164*** -0.093 -0.138
(0.049)
Numeracy assessment score (%) -0.002  -0.024 0.000
(0.040)
Communication assessment score (%) 0.067 0.071  0.053
(0.040)
Concept formation assessment score (%) 0.021 0.016  0.000
(0.030)
Constant 0.486***  0.486 0.486
(0.027)
# jobseekers 278 278 278
% of outcome variation explained 0.222 0.117 0.129
p: all coefficients = 0 0.000

Notes: Table B.7 shows that baseline CA beliefs are unrelated to most observed jobseeker char-
acteristics. It displays coefficients from regressions with baseline data of an indicator for aligned
CA belief on age, gender, education categories (omitting less than completed high school), mul-
tiple measures of work experience, multiple proxies for access to information about skills, and
assessment results. All variables are standardized to have mean zero and standard deviation one
to make effect sizes comparable. Cols. 1, 2, and 3 show the results from OLS, ridge, and LASSO
regressions respectively. Heteroskedasticity-robust standard errors shown in parentheses in col-
umn 1 but omitted in columns 2 and 3 because standard errors are not well defined for ridge and
lasso regressions. * p < 0.10, ** p < 0.05, *** p < 0.01.
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B.3 Skill Belief Treatment Effects

Treatment in the tight experiment reduces the jobseeker-level variance of beliefs about
skill levels, measured by asking jobseekers the probability that their assessment results
tall into each quintile (Table B.8, column 1).

Treatment in the tight and big experiments updates underconfident skill beliefs more
than overconfident skill beliefs. Treatment increases the share of skill beliefs that match
assessment results by reducing the shares of underconfident skill beliefs (columns 2 & 4)
and overconfident skill beliefs (columns 3 & 5). The relative reduction in underconfident
beliefs (31% and 28% of the control means in the tight and big experiment respectively)
is significantly larger than the relative reduction in overconfident beliefs (3.5% and 22%
of the control mean in the tight and big experiment respectively). This aligns with lab
evidence on asymmetric belief updating (Eil & Rao, 2011).

Jobseekers might update their beliefs about their skill CA through two channels: up-
dated beliefs about (1) their communication versus numeracy skills or (2) the distributions
of other jobseekers’ communication and numeracy skills. To evaluate these channels, we
ask jobseekers how many questions they answered correctly on each assessment, after
they took the assessments but before any treatment. We construct a dummy for accurate

Table B.8: Treatment Effects on Belief Variance and Over-/Underconfidence - Both Exper-
iments

Tight experiment (quintiles) Big experiment (terciles)

Variance Underconfident Overconfident Underconfident Overconfident

) ) ©) 4) )

Treatment -0.049 -0.057*** -0.022 -0.043*** -0.101***
(0.054) (0.016) (0.018) (0.005) (0.007)
Treatment effect/ control mean -0.306*** -0.035 -0.284*** -0.220%**
(0.087) (0.028) (0.033) (0.016)
plTreat/mean(uc)]=p[Treat/mean(oc)] 0.001 0.000
Control mean 0.644 0.187 0.629 0.150 0.461
Observations 278 278 278 4205 4205

Notes: Table B.8 shows that the variance of beliefs weakly decreases and that underconfident beliefs
update more than overconfident beliefs. Cols. 1-3 show results for the tight experiment. Cols. 4-5 show
results for the big experiment. Col. 1 shows the treatment effect on the variance of the deviation of skill
quintile beliefs from assessed quintiles, averaged across communication and numeracy skills. The variance
of skill beliefs is measured by asking probabilities that assessment results fall in each quintile. Cols. 24
show treatment effects on dummies for believing that one’s skills are lower than one’s assessment results
(cols. 2 & 4) or higher than one’s assessment results (cols. 3 & 5), averaged across skill domains. All
specifications include randomization block fixed effects and prespecified baseline covariates described in
footnotes 18 and 24. Standard errors clustered at the treatment-day level in parenthesis. * p < 0.10, **
p < 0.05, *** p < 0.01.
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score ranking, equal to one if and only if the jobseeker correctly identifies the assessment
on which she answered more questions correctly. We then identify jobseekers who have
an accurate score ranking and a misaligned CA belief. These jobseekers can only update
their CA beliefs due to channel (2); channel (1) is shut down for them. Treatment sub-
stantially updates CA beliefs for this subset of jobseekers (p = 0.001). This shows that
learning about the distribution of other jobseekers’ skills at least partially explains the
updating of CA beliefs.

Treatment also increases the weight that jobseekers’ beliefs place on assessment results
relative to other sources of information. To show this, we run a regression adapted from
the standard Bayesian learning specification. In the control group, we regress an indicator
for believing one has communication CA on two variables: the difference between one’s
communication and numeracy quintiles and the difference between one’s high school
graduation exam scores in English and mathematics, both transformed to have mean zero
and standard deviation one. The two coefficient estimates capture the relative weights
placed on these two information sources in jobseekers’ beliefs. We then repeat this exer-
cise for the treatment group. Treatment increases the weight on assessment results from
0.31 to 0.72, with standard errors 0.25 and 0.07 and p = 0.122 for the test of equality.”” Re-
sults are similar for numeracy CA beliefs and with controls for demographics, education,
and baseline work experience. We view this exercise as an interesting extension rather
than core result for two reasons. First, the scales of the assessment results and graduation
exam results are different and we cannot convert the latter into quintiles because the full
distribution of exam results is not public. Second, the regression approach we use cannot
be easily adapted for our main object of interest, aligned CA beliefs.

Finally, we note that treatment effects on our main outcomes in Tables 2 and 4 are
robust to conditioning on beliefs about CA in high school graduation exams and their
interaction with treatment. Adding these variables to the heterogeneous treatment effects
specification (4) has almost no impact on treatment effects on aligned CA beliefs for job-
seekers with baseline misaligned beliefs (20.8 versus 20.4pp) or baseline aligned beliefs
(7.1 versus 6.4pp) or treatment effects on the aligned search index for jobseekers with
baseline misaligned beliefs (0.603 versus 0.649 SDs) or baseline aligned beliefs (-0.045 ver-
sus 0.01 SDs). This shows that treatment effects are driven by new information provided

by assessment results conditional on the prior signal from high school.

39 Control group jobseekers’ beliefs are unsurprisingly correlated with their assessment results, reflecting
the many common factors that may influence their beliefs and assessment results. However, the relation-
ship varies substantially across jobseekers, so the control group belief weight has a large standard error.
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C Protocol and Intervention Details
This appendix summarizes the protocol and intervention details for both experiments.
C.1 Tight Experiment

The data collection for the tight experiment ran for August — October 2022 in downtown
Johannesburg. We recruited 373 participants using the user database of our implemen-
tation partner, the Harambee Youth Employment Accelerator. We contacted users who
were active on our partner’s platform SAYouth.mobi in the past month, lived within com-
muting distance of our field office, had completed at least high school, and were at most
34 years old. Using this contact list, surveyors called potential participants to establish
eligibility (currently searching for work and not a full-time student) and invite eligible
respondents to a day-long job search workshop. We offered 150 Rand (roughly 21 USD
PPP) mobile phone airtime for compensation, which is equivalent to 6.5 hours work at
the national minimum wage. The structure of data collection is shown in Figure 1.

When participants arrived at the venue, they received information about the schedule
of the day, had breakfast, and were matched to a surveyor. The surveyor sought informed
consent and started administering the surveys, programmed in Survey CTO, on a tablet.
The surveyors were instructed to provide further explanations and translate the questions
as needed, and to tailor the pace of the surveys to the needs of the participants.

The baseline survey collected participants” demographic information, their employ-
ment and job search history, baseline beliefs about their skills and their labor market
prospects, and their risk and time preferences. This survey was followed by three assess-
ments: communication, numeracy, and concept formation, in that order. Participants had
30 minutes for each of the communication assessment and numeracy assessment and 15
minutes to complete the concept formation test. After the assessments, the surveyor ad-
ministered a short survey about participants’ beliefs about their assessment performance.

On treatment days, the surveyors handed over the printed reports (Figure 2) to par-
ticipants who then watched a video on the tablet with headphones. The video explained
how participants should interpret the report, used several hypothetical examples for fur-
ther explanation and prompted participants to review their own report and ask the sur-
veyor any questions that they had. On control days, participants still viewed a minimally
modified version of the video that omitted the explanation of the results. The scripts and
the video were thoroughly piloted to ease participants” understanding. The treatment
video is available at https://bit.1ly/3EoVoNL and the control video is available at https:
//bit.1ly/3srulgj. The corresponding scripts are available at https://bit.1ly/45zthqu.
Baseline covariates are balanced across treatment arms (Table C.1).

After the treatment and a lunch break, the surveyors collected participants” beliefs
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Table C.1: Balance Table - Tight Experiment

Restricted sample Full sample

Control Treatment A p(A=0) N Control Treatment A p(A=0) N
1) (2 ©) 4 ®) (6) (7) (8) 9) (10)

Panel A: Demographics

Black African 1.00 1.00 0.00 . 278  0.99 0.99 0.01 0.41 372
Male 0.33 0.32 -0.01 0.74 278 028 0.29 0.00 0.92 372
Age 26.42 26.40 -0.02 0.84 278  26.89 26.79 -0.09 091 372
Completed secondary education only 0.61 0.60 -0.01 0.68 278  0.62 0.58 -0.04 0.31 372
University degree / diploma 0.19 0.24 0.04 0.16 278 019 0.21 0.02 0.60 372
Any other post-secondary qualification 0.16 0.14 -0.01 0.46 278 015 0.17 0.02 0.42 372
Panel B: Labor market background
Any work in last 7 days 0.35 0.31 -0.04 0.41 278 035 0.32 -0.03 0.49 372
Has worked in permanent wage job before ~ 0.23 0.27 0.04 0.50 278  0.24 0.27 0.03 0.44 372
Earnings in USD (last 7 days, w) 46.28 43.53 -2.75 0.85 277 4745 50.52 3.07 0.69 371
Written contract 0.09 0.16 0.06 0.04 278 011 0.18 0.07 0.03 372
Panel C: Search behavior
Any job search in last 30 days 0.96 0.96 -0.01 0.72 278  0.96 0.96 -0.00 0.90 372
# applications (last 7 days, w) 11.31 8.69 -2.62 0.10 278 1146 10.49 -097 054 372
Search expenditure in USD (last 7 days, w)  23.98 21.47 -2.51 0.25 278 2442 22.65 -1.77 0.28 372
Hours spent searching (last 7 days, w) 13.75 13.90 0.15 0.92 278  14.06 14.23 0.17 0.88 371
#job offers (last 30 days, w) 0.14 0.21 0.07 0.11 278 020 0.23 0.03 0.51 372
Panel D: Search alignment with CA
A planned apps (w, aligned - misaligned) 0.94 0.53 -0.41 0.55 278  0.57 0.40 -0.17 0.77 372
A % platform apps (aligned - misaligned) -0.00 -0.00 0.00 0.73 278  -0.00 -0.00 0.00 0.74 372
Panel E: Skills beliefs
Aligned belief about CA 0.47 0.50 0.04 0.68 278 043 0.46 0.03 0.69 369
Fraction aligned belief domains 0.18 0.26 0.08 0.12 278  0.18 0.24 0.06 0.17 369

Notes: Table C.1 shows that tight experiment covariates are balanced across treatment arms. “CA” stands
for comparative advantage. “(w)” denotes variables winsorized at the 99" percentile. All monetary values
are in 2021 USD in purchasing power parity terms. Cols. 1-5 show statistics for the restricted sample of 278
participants with unique CA. Cols. 6-10 show statistics for all 373 who attended the workshops. P-values
are from regressions of each covariate on treatment and randomization block fixed effects using standard
errors clustered by workshop day. Variables marked (w) are winsorized at the 99" percentile.

about their skills and future labor market outcomes, and they administered the job choice
task. In the job choice task, participants were asked to choose between two realistic jobs.
Each job pair contained jobs with opposite skill demand (one communication- and one
numeracy-heavy job) based on 13 recruiters’ prior evaluation of the jobs. The jobs in
the pairs were matched on several important dimensions: expected desirability, job offer
probability, and salary (as assessed by the recruiters), as well as location. These were all
entry-level jobs that did not require certifications or equipment to ensure that all partic-
ipants could reasonably apply for them. See Table 3 for the pairs of job titles. The job
descriptions and their layout followed the design and style of the SAYouth.mobi plat-
form. The job descriptions were presented side by side in a printed booklet to allow for
easy comparisons. See Figure 3 for an example of one pair. Participants were shown the
pairs in the booklet, read the descriptions and were asked to pick the job that they were
most interested in applying to. Participants made decisions for the same set of 11 job pairs
in a randomized order. The last two job pairs explicitly included the main skill (commu-

nication or numeracy) that the job required. For 5 of the 11 job pairs, after participants
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made their choice, we asked them the job offer probability and expected wage for each
job if they were to apply to it.

We incentivized the job choices in two ways. First, one job pair of the 11 pairs included
real job opportunities, and we submitted participants” application materials to the job that
participants picked for this real pair. Participants were informed about this incentive,
but they did not learn which pair was the real pair during the workshop. As a second
incentive, participants received a list of job titles at the end of the workshop that matched
their most preferred skill according to their choices to assist their job search.

In the next survey module, we measured participants” willingness-to-pay using incen-
tivized multiple price lists for three products: a document that revealed the skill demand
of a set of common jobs as per the rating of HR experts, and self-study materials to im-
prove each of communication and numeracy skills. Participants completed a practice
round before the elicitation. Further details of the WTP protocol and results are included
in Appendix G.

In the next session we collected information to populate a CV template for each par-
ticipant. After the workshop we delivered this CV to the participant and to their chosen
job from the choice task.

The final session of the workshop measured search effort. Participants had the oppor-
tunity to spend up to 15 minutes to write an optional short cover letter to the employer
of their chosen job from the choice task. Participants could choose to end this task early
or skip it entirely. The message, along with participants” CV that we created, were both
delivered to the employer, whose HR team could then evaluate the candidates. After this
part, participants completed the check out procedure and received their compensation.

We then measured participants” search behavior on the SAYouth platform in the 30
days before and the 30 days after the workshop. Summary statistics are shown in Table
C.2.

Table C.2: Summary Statistics for Search on SAYouth.mobi Platform - Tight Experiment

Mean Median Min Max SD  Obs.
@ ) @ @ 6 ©

# days active on platform 3.17 200 0.00 25.00 4.06 278
# applications started (winsorized 99th pctile) 6.53 200 0.00 66.00 11.27 278
# applications started for numeracy-heavy jobs 0.39 0.00 0.00 11.00 110 278
# applications started for communication-heavy jobs  0.82 0.00 0.00 9.00 1.64 278
Fraction of skill coded applications 0.12 0.00 0.00 1.00 020 278

Notes: Table C.2 shows summary statistics of participants’ online job search on the SAYouth.mobi plat-
form in the 30 days prior to the intervention in the tight experiment. The platform does not consistently
record whether candidates complete applications so we focus on started applications.
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C.2 Big Experiment

The recruitment, data collection procedure and intervention were similar in the tight and
big experiments. Here we highlight the main differences between the two experiments.
Figure C.1 shows the order of activities during big experiment workshops.

The big experiment took place in the same labor market, but earlier in time, in 2016 /17.
We again recruited participants from the contact list of the Harambee Youth Employ-
ment Accelerator who were aged 18-34, had completed secondary school, had at most
12 months of formal work experience, and were from disadvantaged backgrounds. The
workshops took place at the Harambee office at the time, in downtown Johannesburg.

As in the tight experiment, jobseekers completed surveys and assessments. Treat-

Figure C.1: Big Experiment Design

Job search counseling |

v

Assessments
(numeracy, communication, concept formation, grit, focus, planning)
v
Baseline survey
(risk and time preferences, job search and employment history, current job search and employment
information, baseline beliefs)

v
Treatment
(assigned at the day level)
+p=1/2 +p=1/2
| Assessment report | | No assessment report |
+ v
Psychologist's presentation Psychologist's presentation
about skill assessments and report about skill assessments
v v
| Skill beliefs and labor market beliefs |
v

Job search resources delivered to email addresses
(CV template, interview tips, job search tips)

v

SMS follow up (2-3 days after baseline)

(self-esteem, numeracy belief)
v
Endline (on average 3.5 months after baseline)
(endline beliefs, labor market outcomes)

Notes: Figure 1 shows the order of activities during each workshop in the big experiment.
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Figure C.2: Sample Treatment Report - Big Experiment

REPORT ON CANDIDATE COMPETENCIES
-Personal Copy-

This report contains results from the assessments you took at Harambee in Phase 1 and Phase 2. These results can help
you learn about some of your strengths and weaknesses and inform your job search.

You completed assessments on English Communication (listening, reading and comprehension) and Numeracy today in
Phase 2. In Phase 1, you completed a Concept Formation assessment which asked you to identify patterns.
1. The Numeracy tests measure various maths abilities. Your score is the average of the two maths tests you did
today at Harambee.
2. The Communication test measures English language ability through listening, reading and comprehension.
3. The Concept Formation test measures the ability to understand and solve problems. Candidates with high scores
can generally solve complex problems, while lower scores show an ability to solve less complex problems.

You also did some games and questionnaires to measure your soft skills:
4. The Planning Ability Test measures how you plan your actions in multi-step problems. Candidates with high
scores generally plan one or more steps ahead in solving complex problems.
5. The Focus Test looks at your ability to pick out which information is important in confusing environments.
Candidates with high scores are able to focus on tasks in distracting situations.
6. The Grit Scale measures candidates” determination when working on difficult problems. Candidates with high
scores spend more time working on the problems rather than choosing to pursue different problems.

Your results have been compared to a large group of young South African job seekers who have a matric
certificate, are from socially disadvantaged backgrounds and have been assessed by Harambee.

You scored in the MIDDLE THIRD of candidates assessed by Harambee for Numeracy, MIDDLE THIRD for
Communication, LOWER THIRD for Concept Formation, LOWER THIRD for Planning Ability, MIDDLE
THIRD for Focus and TOP THIRD for the Grit Scale.

TOP THIRD
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o
-

MIDDLE THIRD MIDDLE THIRD MIDDLE THIRD
2
i<}
8
=
LOWER THIRD LOWER THIRD
7]
g
pa}
1 2 3 4 5
Numeracy Communication Concept Formation Planning Ability Focus Grit Scale
DISCLAIMER

Please note that this is a confidential assessment report and is intended for use by the person specified above. Assessment results are not infallible and may not be
entirely accurate.

Notes: Figure C.2 shows an example of the reports given to treated jobseekers in the big experiment.
Each report contains the jobseeker’s assessment results but no identifying information and no branding by

Harambee.
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Table C.3: Summary Statistics - Big Experiment

1) 2 (3) €)) 6 (6
Mean Median Min Max SD  Obs.

Panel A: Demographics

Black African 0.98 1.00 0.00 1.00 0.12 4389
Male 0.38 0.00 0.00 1.00 048 4389
Age 23.67 2314 18.04 35.08 328 4389
Completed secondary education only 0.61 1.00 0.00 1.00 049 4389
University degree / diploma 0.17 0.00 0.00 1.00 037 4389
Any other post-secondary qualification 0.22 0.00 0.00 1.00 041 4389
Panel B: Labor market background
Any work in last 7 days 0.37 0.00 0.00 1.00 048 4389
Has worked in permanent wage job before 0.09 0.00 0.00 1.00 029 4377
Earnings in USD (last 7 days, winsorized) 31.26 0.00 0.00 476.00 75.72 4389
Panel C: Search behavior
Any job search in last 7 days 0.97 1.00 0.00 1.00 0.17 4389
# applications (last 30 days, winsorized) 9.34 5.00 0.00 90.00 12.85 4346
Search expenditure in USD (last 7 days, winsorized) 30.97 2040  0.00 204.00 33.05 3995
Hours spent searching (last 7 days, winsorized) 17.06 8.00 0.00 96.00 19.68 4273
#job offers (last 30 days, winsorized) 0.80 0.00 0.00 20.00 266 4335
Panel D: Skills beliefs
Aligned belief about CA 0.20 0.00 0.00 1.00 040 4312
Fraction of aligned belief domains 0.38 0.33 0.00 1.00 031 4378

Notes: Table C.3 shows big experiment summary statistics. “CA” stands for comparative advantage. Win-
sorization is at the 99 percentile. All monetary values are in 2021 USD purchasing power parity terms.

ment was randomized at the day level. Treated participants received a report (Figure
C.2) showing results in terciles for six skills, versus results in terciles for two skills in
the tight experiment. Participants received their reports privately in sealed envelopes
and then attended a group briefing from an industrial psychologist, covering similar con-
tent to the tight experiment video. The materials used for the briefing are available at
https://bit.1ly/4400p1v and the script is available at https://bit.1y/3YLaDK6.

We conducted two follow-up surveys. A short SMS survey 2-3 days after the work-
shop, and a longer phone survey on average 3.5 months after the workshop. 96% of the
control group and 95.5% of the treatment group were successfully surveyed at endline.
Respondents were compensated with mobile phone airtime.

Summary statistics are similar for the samples in the big experiment (Table C.3) and
tight experiment (Table 1). Baseline covariates in the big experiment are balanced across

treatment arms in the baseline sample and the sample surveyed at endline (Table C.4).

D Additional Treatment Effects

Table D.1 shows that treatment increases earnings and employment in the tight experi-
ment. The effects for the average jobseeker are positive but not statistically significant.
The effects for jobseekers with misaligned beliefs about their CA at baseline, who receive

more information from treatment, are substantially larger and statistically significant.
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Table C.4: Balance Table - Big Experiment

Full sample Non-attrited sample

Control Treatment A p(A=0) N Control Treatment A p(A=0) N
(1) 2 3) (4) () (6) (7) (®) 9) (10)

Panel A: Demographics

Black African 0.98 0.99 0.00 0.93 4389  0.98 0.99 0.00 0.98 4206
Male 0.39 0.36 -0.02 0.04 4389 0.39 0.36 -0.03 0.03 4206
Age 23.55 23.79 0.25 0.07 4389 23.53 23.80 0.26 0.05 4206
Completed secondary education only 0.62 0.59 -0.02 0.20 4389  0.62 0.59 -0.03 0.17 4206
University degree / diploma 0.16 0.18 0.02 0.29 4389  0.15 0.18 0.02 0.24 4206
Any other post-secondary qualification 0.21 0.22 0.01 0.61 4389  0.22 0.23 0.01 0.63 4206
Panel B: Labor market background
Any worked in last 7 days 0.36 0.39 0.02 0.22 4389  0.36 0.39 0.03 0.19 4206
Has worked in permanent wage job before ~ 0.09 0.09 -0.00 0.61 4377 0.10 0.09 -0.01 0.35 4195
Earnings in USD (last 7 days, w) 30.09 32.52 243 0.13 4389  29.84 3249 2.65 0.11 4206
Panel C: Search behavior
Any job search in last 7 days 0.97 0.97 0.01 0.07 4389 097 0.98 0.01 0.02 4206
# applications (last 30 days, w) 9.31 9.37 0.06 0.95 4346  9.13 9.27 0.14 0.79 4165
Search expenditure in USD (last 7 days, w)  32.09 31.14 -0.95 0.34 3912 32.02 31.15 -0.87 0.42 3747
Hours spent searching (last 7 days, w) 17.35 16.74 -0.61 0.32 4273 17.24 16.56 -0.68 0.28 4093
#job offers (last 30 days, w) 0.77 0.84 0.06 0.64 4335 078 0.87 0.09 0.44 4152
Panel D: Skills beliefs
Aligned belief about CA 0.20 0.21 0.01 0.49 4312 0.20 0.21 0.01 0.67 4132
Fraction aligned belief domains 0.38 0.38 -0.00 0.49 4378  0.38 0.37 -0.00 0.45 4196

Notes: Table C.4 shows that big experiment covariates are balanced across treatment arms. “CA” stands
for comparative advantage. “(w)” denotes variables winsorized at the 99" percentile. All monetary values
are in 2021 USD in purchasing power parity terms. Cols. 1-5 show statistics for the baseline sample. Cols.
6-10 show statistics for the participants reached at endline: 96% of the control group and 95.5% of the
treatment group. P-values are from regressions of each covariate on treatment and randomization block
fixed effects using standard errors clustered by workshop day.

D.1 Robustness Checks for Both Experiments

This subsection replicates main treatment effect estimates from the both experiments
using different samples, methods, and variable definitions. Our main analysis in the
tight experiment omits jobseekers without a unique CA because some measures of skill-
directed search are not sensibly defined for them; including these jobseekers with their
skill-directed search coded as zeroes does not substantially change treatment effects on
search direction and beliefs about skills (Table D.2). Belief, search, and labor market
results in both experiments are also robust to estimating p-values using a wild cluster
bootstrap, estimating sharpened g-values to account for multiple hypothesis testing, and
reweighting the samples in the two experiments to have the same distribution of base-
line covariates (Table D.3). The main analysis uses binary measures of (mis)alignment
between skill beliefs and assessment results; treatment effects remain positive, large, and
statistically significant when we replace the binary measures with nonbinary measures,
both as outcomes and for heterogeneity analysis (Table D.4). Treatment effects on earn-
ings are large, positive, and statistically significant over multiple different transforma-
tions (Table D.5) and are non-negative throughout the earnings distribution (Figure D.1).

66



Table D.1: Treatment Effects on Labor Market Outcomes - Tight Experiment

Earnings (w) Any work
1) ) (3) (4)
Treatment 7.347 34.234*  0.036  0.157*
(12.788) (17.333) (0.054) (0.083)
Treatment x Aligned CA belief (bl) -54.164** -0.232*
(26.362) (0.133)
Aligned CA belief (bl) 49.706** 0.093
(20.654) (0.092)
Treatment effect: -19.931 -0.076
Aligned CA belief (bl) (19.364) (0.089)
Control mean 49.077 49.077 0.605  0.605
Observations 256 256 257 257

Notes: Table D.1 shows treatment effects on labor market outcomes in the tight experiment. “CA” stands
for comparative advantage and “bl” stands for baseline. Columns indicate different outcomes measured
roughly six weeks after treatment: weekly earnings in 2021 USD PPP (cols. 1-2) and a dummy indicating
any work in the last 30 days (cols. 3-4). Even-numbered columns show heterogeneity by whether indi-
viduals have aligned CA beliefs at baseline. All regressions include prespecified control variables listed in
footnote 18. Variables marked (w) are winsorized at the 99" percentile. Standard errors clustered at the
treatment-day level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table D.2: Treatment Effects on Beliefs and Aligned Search Direction - Tight Experiment Including Jobseekers Without Unique
Comparative Advantage

Beliefs Aligned search direction
Al CA belief Al. CA belief Fraction al. % aligned A % al. A SMS A planned Al. search
(implied) (direct) beliefs (job choice) platform apps click rate apps (w) index
©) ) (©) 4) ©) (6) @) ®) ) (10) an 12 13 (14) (15) (16)
Treatment 0.120%*  0.180*** 0.092** 0.213*** 0.089*** 0.064*** 0.032  0.062** 0.053"** 0.063** 0.071 0.122* 1.121 3.363*** 0.241"** 0.436***
(0.037)  (0.055) (0.037) (0.047)  (0.020) (0.018) (0.025) (0.026)  (0.017) (0.030) (0.046) (0.063) (0.878) (1.140) (0.078)  (0.094)
Treatment X -0.130 -0.278*** 0.057 -0.070** -0.022 -0.113 -5.190** -0.445%**
Al. CA belief (bl) (0.089) (0.066) (0.041) (0.029) (0.060) (0.098) (2.162) (0.156)
Al. CA belief (bl) 0.447*** 0.331%** -0.039 0.111%*** 0.010 0.070 6.113*** 0.504***
(0.081) (0.073) (0.037) (0.026) (0.035) (0.076) (1.872) (0.121)
Effect: 0.050 -0.065 0.121*** -0.008 0.041 0.009 -1.827 -0.009
Al. CA belief (bl) (0.061) (0.047) (0.036) (0.029) (0.039) (0.070) (1.613) (0.118)
Control mean 0.446 0.446 0.467 0.467 0.171 0.171 0.416 0.416 0.005 0.005 -0.024 -0.024 3.272 3.272 -0.000 -0.000
Observations 368 368 368 368 368 368 368 368 368 368 368 368 368 368 368 368

Notes: Table D.2 shows that treatment effects on beliefs and aligned search direction are robust to including jobseekers who do not have
a unique skill CA. The outcome measures are identical to those shown in Tables 2 and 4. All search direction measures are coded as zero for
jobseekers with tied skill quintiles. “CA” stands for comparative advantage in skills. Aligned job search is defined as directing search effort
toward jobs that mostly require the skill that aligns with jobseekers” measured CA. Columns indicate different outcomes: a dummy indicating
if a jobseeker’s belief about her CA in skills based on quintile beliefs is aligned with her assessed CA (cols. 1-2), a dummy indicating if
jobseeker’s directly measured CA beliefs align with her assessed CA (cols. 3—4), the fraction of skills where her believed and assessed quintile
equal (cols. 5-6), the percentage of 11 incentivized job choices that are aligned with the measured CA of the jobseeker (cols. 7-8), the difference
between the percentage of aligned and non-aligned applications on the online job search platform SAYouth.mobi (cols. 9-10), the difference in
link click rates between aligned and non-aligned jobs sent to job seekers via SMS (cols. 11-12), the difference between aligned and non-aligned
planned applications for the 30 days after the workshop (cols. 13-14), and the inverse covariance-weighted average of the measures displayed
in cols. 7-14 following Anderson (2008) (cols. 15-16). Even-numbered columns show heterogeneity by whether individuals have aligned
CA beliefs at baseline. All regressions include prespecified control variables listed in footnote 18 and a dummy variable equal to one iff the
jobseeker has no CA, which is prespecified but cannot be used when we restrict the sample to jobseekers with unique CA. Variables marked (w)
are winsorized at the 99 percentile. Standard errors clustered at the treatment-day level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table D.3: Robustness Checks for Main Outcomes - Comparing Tight and Big Experiments

Tight experiment Big experiment

Aligned CA belief Al searchindex Al CA belief Al. search Worked last 7 days Worked sincebl Uncond. earnings Cond. earnings
@ (03] ®) 4 ©) (6) @) ®)

Panel A: Robustness for inference

Treatment 0.135 0.254 0.139 0.050 0.009 0.030 6.517 20.393

clustered p-value (0.001) (0.017) (0.000) (0.000) (0.453) (0.033) (0.020) (0.035)

wild-bootstrapped p-value [ 0.005] [0.011] [ 0.000] [ 0.000] [ 0.850] [0.168] [ 0.004] [ 0.003]

g-value {0.003} {0.021} {0.001} {0.001} {0.061} {0.026} {0.021} {0.026}
Panel B: Reweighting to match other sample

Treatment 0.149*** 0.254** 0.144** 0.054"** 0.015 0.028* 6.202** 18.393*

(0.044) (0.102) (0.011) (0.010) (0.013) (0.014) (2.803) (9.614)

Control mean 0.475 0.000 0.196 0.165 0.309 0.671 25.424 85.826
Observations 278 278 4118 4205 4204 4205 4196 1280
Number of clusters 34 34 54 54 54 54 54 54

Notes: Table D.3 shows that the main results are robust to different hypothesis testing approaches and to reweighting data to match the
demographics across experiments. Panel A shows p-values from cluster-robust standard errors, p-values from a wild cluster bootstrap with
10,000 replications, and sharpened g-values that control the false discovery rate across tests on all outcomes shown in the table, following
Benjamini et al. (2006). Panel B shows the same treatment effects estimated with the experimental samples reweighted to have the same
distribution of baseline covariates. The covariates used to estimate weights are all variables displayed in the summary statistics Tables 1 and
C.3 that are consistently measured in both experiments: dummies for being Black, male, having only completed secondary education, having
a post-secondary degree, or having a post-secondary certificate, having worked in the last seven days, and having ever worked in a wage job,
as well as continuous measures of earnings, the number of job applications, job search hours and expenditure, and job offers in the last seven
days. Cols. 1-2 show effects on the main outcomes of the tight experiment. Cols. 3-8 show effects on the main outcomes of the big experiment.
Control variables for the tight experiment are listed in footnote 18. Control variables for the big experiment are listed in footnote 24. Earnings
variables are winsorized at the 99" percentile. Standard errors clustered at the treatment-day level in parentheses in panel B. * p < 0.10, **
p < 0.05,*** p < 0.01 in Panel B.
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Table D.4: Heterogeneous Treatment Effects by Nonbinary Baseline Comparative Advantage Beliefs - Tight Experiment

Main outcomes Additional belief outcomes

Aligned search index Aligned CA belief Degree of CA alignment Overall alignment of belief levels

@™ @) ®) @) ©) (6) @) ®)
Treatment 0.269** 0.842* 0.152***  0.444*** 0.063*** 0.324*** 0.073*** 0.138**
(0.103) (0.414) (0.044) (0.142)  (0.012) (0.091) (0.012) (0.062)
Treatment x Baseline degree of CA belief alignment -0.681 -0.348* -0.315%** -0.078
(0.504) (0.176) (0.106) (0.072)

Baseline degree of CA belief alignment 1.595%** 1.125%** 0.828*** 0.045
(0.495) (0.215) (0.071) (0.050)

Control mean -0.000 -0.000 0.475 0.475 0.816 0.816 0.511 0.511

Observations 278 278 278 278 278 278 278 278

Notes: Table D.4 shows that average and heterogeneous treatment effects are robust to using nonbinary measures of aligned skill beliefs in
the tight experiment. The outcomes in cols 1-4 are the same as those used in the main analysis. “Degree of CA belief alignment” captures the
degree to which comparative advantage beliefs are aligned. It is defined as 1 — max{0, abs(Qjy, — Qhigh + 1)} /5, where Q) is the jobseeker’s
believed quintile for the skill in which they actually score lower and Qy;, is the jobseeker’s believed quintile for the skill in which they actually
score higher. It is equal to 0 for jobseekers with aligned CA beliefs (matching the binary variable), is between 0 and 1 for all other jobseekers,
and is increasing in “how much” the jobseekers’ beliefs about their skill quintiles would need to change to match their CA in the assessment
results. This is the outcome in cols. 5-6 and is used for heterogeneity analysis in all even-numbered columns. The mean of this measure is
0.83 and the standard deviation is 0.22. “Overall alignment of belief levels” is defined as one minus the average difference between beliefs
about skill quintiles and assessed quintiles divided by the maximum possible difference. A value of 1 indicates perfectly aligned beliefs while
a value of 0 indicates maximally misaligned beliefs. This is the outcome in cols 7-8. Control variables are listed in footnote 18. Standard errors
clustered at the treatment-day level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.



Table D.5: Treatment Effects on Different Transformations of Earnings - Big Experiment

Unconditional earnings Conditional earnings
raw wins z In(earn+1) ihs raw wins z In(earn+1) ihs
) 2 ®) (4) ©) (6) ) 8) ©) (10)

Treatment 9.360"* 6517 0.097  0.115*  0.127°* 25100 20.393** 0.159**  0.229"*  0.244**
(3.610) (2712) (0.037)  (0.053)  (0.060) (11.348) (9.404) (0.072)  (0.093)  (0.101)

Control mean 27.080 25.424 -0.000 0.954 1.109  88.109 85.826  -0.000 3.105 3.608
Observations 4196 4196 4196 4196 4196 1280 1280 1280 1280 1280

Notes: Table D.5 shows that treatment effects on earnings in the seven days before the endline survey
are robust to a range of transformations. Columns show effects on different transformations of the uncon-
ditional earnings variable (cols. 1-5) and the earnings variable conditional on doing any work in the seven
days before the endline survey (cols. 6-10). Outcomes in each column are raw earnings (cols. 1 and 6), earn-
ings winsorized earnings at the 99" percentile (cols. 2 and 7), earnings standardized with respect to the
control group mean and standard deviation (cols. 3 and 8), the natural logarithm of earnings plus one (cols.
4 and 9), and the inverse hyperbolic sine transformation of earnings (cols. 5 and 10). Control variables are
listed in footnote 24. Earnings are measured in 2021 USD purchasing power parity terms. Standard errors
clustered at the treatment-day level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Figure D.1: Cumulative Distributions of Earnings by Treatment Group - Big Experiment

Panel A: Earnings Conditional on Employment Panel B: Unconditional earnings

Cumulative Probability
Cumulative Probability

0 0
0 200 400 600 800 0 200 400 600 800
Earnings in last 7 days (USD) Earnings in last 7 days (USD)
Control ——~— Treatment Control ——— Treatment

Notes: Figure D.1 shows that treatment effects on earnings in the big experiment reflect a rightward shift
in the entire distribution. It shows the cumulative distribution function of earnings in the last seven days
in the big experiment for the treatment and control groups. Earnings are measured in 2021 USD purchasing
power parity terms and are winsorized at the 99" percentile. Panel A shows earnings conditional on having
worked in the last seven days. Panel B shows unconditional earnings for the full sample.
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D.2 Heterogeneous Treatment Effects for Both Experiments

This section shows heterogeneous treatment effects mentioned in the text of the main
paper. Table D.6 shows heterogeneous treatment effects on beliefs about skills, search
direction, and search effort by baseline aligned CA beliefs and baseline confidence in the
tight experiment. (‘Baseline confidence’ is positive for jobseekers whose beliefs about
their skill levels are higher than their assessment results — see the table footnote for the
exact definition.) These show that the heterogeneous treatment effects by baseline aligned
CA Dbeliefs are broadly robust to allowing effects to vary also by baseline confidence. Table
D.7 shows heterogeneous treatment effects on search direction in the tight experiment’s
job choice task by whether skill requirements for specific job pairs were revealed. This
shows that effects on search direction are larger when skill requirements are revealed but
are positive even when they are not revealed. Table D.8 shows average and heterogeneous
treatment effects on beliefs about skills and search direction by baseline aligned CA belief
in the big experiment. These are consistent with the results of the tight experiment.

Table D.6: Heterogeneous Treatment Effects on Main Outcomes by Baseline Aligned
Comparative Advantage Beliefs and Confidence - Tight Experiment

Aligned CA belief Aligned search index Search effort index

) ) (©)

Treatment 0.216*** 0.550™** -0.192
(0.066) (0.155) (0.177)

Treatment x Aligned CA belief (bl) -0.161 -0.651** 0.274
(0.112) (0.247) (0.298)
Aligned CA belief (bl) 0.737*** 0.539** -0.053
(0.110) (0.211) (0.226)

Treatment x Average confidence (bl) -0.003 0.084 0.081
(0.079) (0.179) (0.175)

Average confidence (bl) 0.072 0.061 0.201
(0.058) (0.142) (0.143)
Treatment x Aligned CA belief (bl) 0.013 -0.065 -0.167
x Average confidence (bl) (0.111) (0.208) (0.230)
Control mean 0.475 0.000 0.000

Observations 278 278 278

Notes: Table D.6 shows that the main results are robust to interacting the treatment with both baseline
aligned CA beliefs and baseline confidence in skills. The magnitudes of the interaction terms in row 2
are very similar to the estimates from regressions that exclude baseline confidence, shown in Tables 2 and
4. The estimated coefficients on the three-way interaction term (row 6) are small and not statistically sig-
nificant. “CA” stands for comparative advantage in skills and “bl” stands for baseline. Baseline confidence
levels are defined as the average baseline deviation of beliefs about skill quintiles from measured quintiles
(across numeracy and communication), divided by the control group standard deviation. Positive values
indicate overconfidence and negative values indicate underconfidence. Overconfident jobseekers get nega-
tive news about their skills from treatment and vice versa. Columns indicate different outcome variables: a
dummy indicating aligned CA beliefs (col. 1), the aligned search index (col. 2), and the search effort index
(col. 3). Control variables are listed in footnote 18. Standard errors clustered at the treatment-day level in
parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table D.7: Heterogeneous Treatment Effects on Search Direction for Jobs With and With-
out Revealed Skill Demands - Tight Experiment

Choice aligned with measured comp. adv.

) &)

Treatment 0.039 0.023
(0.032) (0.034)

Treatment x Skill req. revealed 0.130** -0.114
(0.063) (0.085)

Treatment effect: 0.169*** -0.091
Skill req. revealed (0.060) (0.077)

Control mean 0.550 0.550

Observations 1573 1485
Sample: jobseekers with baseline CA beliefs misaligned aligned

Notes: Table D.7 shows that, for jobseekers with misaligned baseline CA beliefs, treatment effects on
search direction in the job choice task are stronger when jobs’ skill requirements are revealed. The out-
come variable is a dummy equal to one if job choices in the job choice task are aligned with jobseekers’
assessed CA. The effects are estimated at the job-pair x individual level for jobseekers with misaligned
baseline beliefs about CA (col. 1) and for jobseekers with aligned baseline beliefs (col. 2). Controls include
randomization block fixed effects, job pair and job pair order fixed effects, and prespecified baseline covari-
ates described in footnote 18. “CA” stands for comparative advantage in skills. Standard errors clustered
at the treatment-day level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table D.8: Treatment Effects on Beliefs about Skills & Search Direction - Big Experiment

Beliefs Search direction

Aligned CA belief Fraction aligned beliefs ~ Aligned search

1) () 3) 4) ®) (6)
Treatment 0.139***  (0.142*** (0.142*** 0.134*** 0.050***  0.060***
(0.011)  (0.011)  (0.009) (0.009) (0.010)  (0.012)
Treatment x Aligned CA belief (bl) -0.014 0.043** -0.057*
(0.036) (0.020) (0.032)
Aligned CA belief (bl) 0.157*** -0.008 -0.013
(0.027) (0.013) (0.024)
Treatment effect: 0.129*** 0.177*** 0.003
Aligned CA belief (bl) (0.034) (0.020) (0.028)
Control mean 0.196 0.196 0.388 0.388 0.165 0.165
Observations 4118 4118 4195 4131 4205 4131

Notes: Table D.8 shows that treatment effects on skill beliefs and search direction in the big experiment
are broadly consistent with the tight experiment. “CA” stands for skill comparative advantage and “bl”
for baseline. Columns show different outcomes: a dummy for aligned CA beliefs (cols. 1 & 2), the fraction
of aligned skill beliefs (cols. 3 & 4), and a dummy indicating if self-reported search direction is aligned
with skill CA (col. 5 & 6). Control variables are listed in footnote 24. Standard errors clustered at the
treatment-day level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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E Beliefs About Wages and Job Offer Probabilities

The model predicts a three-stage reaction to treatment: beliefs about skill CA — search
direction — search outcomes. We show evidence consistent with each of these stages in
the paper. The model also suggests that treatment will shift expected returns to specific
search activities. We evaluate this idea in this appendix.

We find that treatment effects on beliefs about search outcomes are broadly consistent
with the model. But we view them as less important than the results on beliefs about
skills, search direction, and search outcomes we include in the main paper. The questions
about expected search outcomes rely on complex forecasts by jobseekers, as discussed
in recent reviews (Delavande, 2023; Mueller & Spinnewijn, 2023). For example, we ask
jobseekers about their expected search duration. This requires jobseekers to forecast both
the expected number of offers and attributes of those offers (wages, hours, travel costs,
working conditions, etc.), as the attributes determine whether they will accept offers. In
contrast, our tight experiment is optimized to measure search direction in multiple differ-
ent ways, including direct measures of behavior. Moreover, the survey questions about
skill beliefs and actual labor market outcomes are simpler to answer.

We use only data from the tight experiment in this appendix. In the tight experiment,
we collected beliefs about search outcomes on the same day as treatment. This means that
treatment effects on beliefs reflect only information acquired during the workshops. In
the big experiment, the endline survey occurred months after treatment. This means that
any treatment effects on beliefs about search outcomes would reflect both the direct effect
of treatment and any indirect effects arising from treatment-induced changes in search
actions and their outcomes. The indirect causal channel is interesting but not a key part
of the argument that we make in this paper.

Treatment effects on beliefs about returns to search direction: The model suggests
that changes in search direction will be accompanied by changes in beliefs about the rel-
ative returns to searching for different types of jobs, i.e., beliefs about the returns to skill-
directed job search. To evaluate this prediction, we conduct two exercises.

First, we surveyed jobseekers about their expected outcomes from applying to each
type of job and estimate treatment effects on these measures. We asked for their ex-
pected number of job offers in the next 30 days, time to employment, and wage when
employed. We asked these questions after treatment and just after asking their planned
number of applications in the next 30 days, and we ask the expected offers and time to
employment questions conditional on their planned number of applications. We asked
all questions separately about all jobs, communication-heavy jobs, and numeracy-heavy
jobs. We define the expected return to skill-directed job search as the expected outcome
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Table E.1: Treatment Effects on Beliefs About Returns to Skill-Directed Job Search - Tight
Experiment

Index AE [offers per app] (w) - (A [sear. dur.]) (w) AE [wage] (w)
1) 2 ©) 4 ©®) (6) % 8
Treatment 0.095  0.260* 0.043** 0.053** -0.007 -0.079 0.073  23.981**
(0.100) (0.130) (0.018) (0.026) (0.157)  (0.185)  (6.605)  (9.383)
Treatment x Aligned CA belief (bl) -0.341* -0.023 0.114 -45.738**
(0.180) (0.034) (0.223) (13.960)
Aligned CA belief (bl) 0.689*** 0.107*** 0.432** 35.845%**
(0.140) (0.030) (0.197) (12.069)
Treatment effect: -0.081 0.030 0.035 -21.757**
Aligned CA belief (bl) (0.124) (0.022) (0.191) (9.164)
Control mean -0.000 -0.000  0.027 0.027 0.244 0.244 6.007 6.007
Observations 278 278 273 273 272 272 278 278

Notes: Table E.1 shows that treatment improves jobseekers’ their expected outcomes from searching
for jobs that match their assessed CA relative to jobs that do not match their assessed CA. All out-
comes are defined as the expected outcome for jobs aligned with CA minus the expected outcome for jobs
not aligned with CA, so positive values indicate higher expected returns from searching for aligned jobs.
“CA” stands for comparative advantage in skills and “bl” stands for baseline. Outcomes are an inverse
covariance-weighted average of outcomes in cols 3-8 (cols. 1-2) and differences, as defined above, in win-
sorized expected offers per application (cols. 3-4), winsorized expected search duration in months (cols.
5-6), and winsorized expected weekly wages in 2021 USD in purchasing power parity terms (cols. 7-8).
Even-numbered columns show heterogeneity by whether individuals have aligned CA beliefs at baseline.
Control variables are listed in footnote 18. Variables marked (w) are winsorized at the 99" percentile. Stan-
dard errors clustered at the treatment-day level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

for jobs aligned with CA minus the expected outcome for jobs not aligned with CA. For
example, for a jobseeker with numeracy CA, the expected number of offers for numeracy-
heavy jobs minus the expected number of offers for communication-heavy jobs. We also
construct an inverse covariance-weighted average of the three measures.

Treatment effects on these survey measures of expected returns to skill-directed job
search are mostly consistent with our model. Treated jobseekers expect 0.043 more job
offers from skill-directed job search, equal to 165% of the control group mean (Table E.1,
column 3, row 1, p = 0.023). This effect, like most in the paper, is driven by jobseekers
with baseline misaligned CA beliefs (column 4). Treated jobseekers with baseline mis-
aligned CA beliefs expect weekly earnings 24 USD higher from skill-directed job search,
equal to roughly four times the control group mean (column 8, row 1, p < 0.001). Treat-
ment has negligible effects on the expected length of time it will take to get a job from
skill-directed job search (columns 5-6). We return to this result on page 78.

Treatment effects on an index combining these survey measures of expected returns to
skill-directed job search are consistent with our model, although slightly imprecisely esti-
mated. Treatment increases the expected return to skill-directed search by 0.095 standard
deviations for the average jobseeker (column 1, row 1, p = 0.35). This result is driven by

the same heterogeneity that we see elsewhere in the paper: jobseekers with misaligned
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baseline CA beliefs increase their expected returns by 0.26 standard deviations (column 2,
row 1, p = 0.054) while jobseekers with aligned baseline CA beliefs do not increase their
expected returns (column 2, row 4).

Reassuringly, we see a “sensible” relationship between baseline CA beliefs and ex-
pected returns to skill-directed job search in the control group. Jobseekers whose baseline
CA belief matches their assessed CA have a 0.69 standard deviation higher expected re-
turn to skill-directed job search (column 2, row 3). The relationship is also positive for all
three components of the index (columns 4, 6, 8).

Second, we survey jobseekers about their expected outcomes from applying to spe-
cific jobs during the job choice task. For each job in 5 of the 11 job pairs, we ask jobseekers
about the probability of getting an offer if they applied, the expected starting wage, and
the general desirability of the job. We estimate treatment effects on these measures with
a prespecified regression of the belief measure on treatment, a dummy for job alignment
with jobseeker CA, their interaction, job fixed effects, and prespecified controls. The rele-
vant coefficient is on the interaction term. This captures the treatment effect on jobseekers’
beliefs about the attributes of the job aligned with their skill CA, relative to the job not
aligned with their CA.

Treatment effects on these measures of expectations are similar to effects on the first
types of expectations, discussed above, but are less precisely estimated. Within each pair
of jobs, treatment increases the expected offer probability and wage for the job aligned
with the jobseeker’s CA (Table E.2, columns 2-3). But the effects are small — roughly 2%
of the control group mean — and are not statistically significant at conventional levels. So
we do not view this as strong evidence supporting the model. These results might be less
precise than the results using the survey measures of expected returns to skill-directed
search discussed above because the questions asked during the job choice task only cover
tive specific pairs of jobs, rather than allowing jobseekers to implicitly average over many
skill-directed job application choices.

Relationship between search direction and expected return to skill-directed job
search: Beliefs about job attributes predict jobseekers’ choices in the job choice task, con-
sistent with a role for belief-based job search. For 5 of the 11 pairs of jobs, we asked
jobseekers the probability that they would get an offer if they applied to each job and
their expected salary if offered a job. We regress the job choice on the job offer probabil-
ity times the expected monthly wage using a logit regression model, following Wiswall
& Zafar (2015). This is not an experimental analysis because we regress post-treatment
choices on post-treatment beliefs. Column 1 of Table E.3 shows that a 100 USD increase
in the expected weekly wage scaled by the offer probability is associated with a 9.2 pp
increase in the probability of choosing that job (p = 0.001). This relationship is robust to
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Table E.2: Treatment Effects on Beliefs About Jobs in the Job Choice Task - Tight Experi-
ment

Desirability (sd) Expected earnings (w) Job offer probability

1) () 3)

Treatment -0.038 -3.240 -0.022

(0.032) (5.921) (0.022)
Treatmentx Aligned skill req. 0.008 3.873 0.011

(0.029) (4.006) (0.013)
Aligned skill req. 0.030 -3.297 0.017

(0.022) (2.724) (0.011)
Control mean -0.000 193.588 0.544
Observations 2770 2770 2770

Notes: Table E.2 shows that treatment very weakly increased jobseekers’ expectations about jobs in the
job choice task that were aligned with their assessed CA. Beliefs were elicited for both jobs in each of 5
job pairs for each jobseeker. Columns indicate different outcome variables: desirability of jobs measured
on a 0-10 Likert scale and standardized with respect to the control group (col. 1), expected weekly earnings
winsorized at the 99" percentile (col. 2), and expected job offer probability (col. 3). Analysis is at the
job x jobseeker level and includes prespecified control variables listed in footnote 18, dummies for CA
in numeracy and communication, fixed effects for the randomized order in which job pairs were shown,
and job fixed effects. All monetary values are measured in 2021 USD in purchasing power parity terms.
Variables marked (w) are winsorized at the 99" percentile. Standard errors clustered at the treatment-day
level are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

adding both jobseeker and job pair fixed effects (columns 2—4). The slope of the belief-
choice relationship is somewhat different in the treatment and control groups, although
the differences are not statistically significant. This suggests that treatment effects on
these belief measures account for part but not all of the treatment effects on job choices.
Treatment effects on beliefs about search outcomes: The preceding analysis focuses
on jobseekers’ beliefs about the returns to searching for jobs requiring specific skills. We
also construct measures of jobseekers” expected outcomes from searching for any type of
job. We estimate treatment effects on these beliefs using the specification in equation (4).
Treatment has a positive but imprecisely estimated effect on expected wages, driven
by jobseekers with baseline misaligned CA beliefs. Columns 3-4 of Table E.4 show that
treatment increases expected weekly wage by 9.6 USD for the average treated jobseeker
and 22.1 USD for the average treated jobseeker with misaligned baseline CA belief. Both
effects are relatively imprecisely estimated (standard errors 7.7 and 14.9 respectively),
perhaps reflecting the difficult of forecasting wage offers for respondents with limited
work experience. Effects on jobseekers’ reservation wages, beliefs about the minimum
and maximum wages they might earn if employed, and an index combining all of these
wage beliefs follow the same qualitative pattern (columns 1-2 and 5-10).*’ These positive

40 Tn standard job search models, the reservation wage is both a decision rule and a feature of the wage
distribution. This is not inconsistent with our interpretation of reservation wages as another proxy for wage
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effects on wage beliefs in the tight experiment are consistent with the positive effects
on actual wages in the big experiment, although we do not compare the magnitudes to
evaluate forecast accuracy because the estimates come from two different experiments.

Treatment has a positive effect on the expected probability of formal employment,
again driven by jobseekers with baseline misaligned CA beliefs. Columns 9-12 of Table
E.5 show that treatment increases the probability of employment in 1-3 months by 34
percentage points for the average treated jobseeker and 8-9 percentage points for the av-
erage treated jobseeker with misaligned baseline CA belief. Effects on other, less direct
proxies for employment probability — callbacks and offers per application and search du-
ration — are closer to zero (columns 3-8). These results might differ because the callback,
offer, and search duration questions all explicitly condition on the jobseeker’s planned
number of applications, while the probability of employment questions are asked later
in the survey and do not include this explicit conditioning.*! The explicit conditioning
might mean jobseekers put more mental weight on the role of search effort relative to
search direction when answering these questions, but this is a speculative suggestion that
future work could better evaluate. These results from the tight experiment are qualita-
tively consistent with the big experiment’s positive effect on employment with a written
contract. However, the magnitudes are substantially different, perhaps in part because
the control group’s expectations are much higher than realized outcomes.

expectations.

41 For example, we ask “How many job applications do you plan to submit in the next 30 days?” and then
“If you submit X job applications in the next 30 days, how many months starting from today do you think
it will take you to find a formal job, with an employment contract where you are paid a regular salary?
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Table E.3: Association between Job Choices, Offer Probabilities, and Expected Wages - Tight Experiment

Marginal effects on choice of numeracy job (logit estimate)

Control group Control and treatment groups
1) 2 ®) (C) ©) (6) ) ®)
E[Wage™"] — E[Wage®™] (w) 0.092*** 0.097*** 0.119*** 0.127*** 0.092** 0.099** 0.120"** 0.124***
(0.028)  (0.030) (0.038) (0.040) (0.038) (0.039) (0.038) (0.039)
Treatment x E[Wage™™] — E[Wage®™] (w) 0023 0.022 -0076 -0.078
(0.052) (0.051) (0.055)  (0.055)
Observations 695 695 600 600 1385 1385 1195 1195
Job pair fixed effects No Yes No Yes No Yes No Yes
Individual fixed effects No No Yes Yes No No Yes Yes

Notes: Table E.3 shows that expected earnings predict job choice in the tight experiment. All estimates are average marginal effects from
logit regressions of indicators for choosing the numeracy-heavy job on the difference in expected returns between the communication-heavy
and numeracy-heavy jobs. The difference in expected returns is the expected weekly wage (in 100s of USD in 2021 purchasing power parity
terms) times the expected probability of a job offer for the numeracy job, minus the equivalent quantity for the communication job, winsorized
at the 1% and 99% levels. Columns 1-4 use only the control group and columns 5-8 use both the treatment and control groups. Columns 3—4
and 7-8 include jobseeker fixed effects. Sample sizes drop from columns 1-2 and 5-6 to columns 3—4 and 7-8 because some jobseekers choose
the numeracy-heavy job in all pairs, so their fixed effects are perfect predictors. Standard errors shown in parentheses are heteroskedasticity-
robust in all columns, clustering by treatment date where appropriate, and using a 500-repetition bootstrap in columns with fixed effects, where
analytical heteroskedasticity-robust adjustments are not feasible. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table E.4: Treatment Effects on Beliefs about Wages - Tight Experiment

Index Wage expectations (w) Minimum expected wage (w) Maximum expected wage (w) Reservation wage (w)
(1) (2) 3) “4) 6] (6) (7) (8) (©)] (10)
Treatment 0.099 0.319* 9.566 22.119 8.934 19.180* 0.650 3.115 1.318 3.805
(0.104) (0.179) (7.740) (14.852) (6.090) (10.607) (11.984) (24.259) (3.628) (5.948)
Treatment x Aligned CA belief (bl) -0.461* -26.041 -21.065 -6.425 -5.366
(0.258) (21.034) (17.531) (38.832) (6.578)
Aligned CA belief (bl) 0.247 10.018 4.604 20.878 5.287
(0.208) (17.725) (15.279) (29.176) (4.039)
Control mean -0.000 -0.000 212.045 212.045 131.392 131.392 324.076 324.076 109.567 109.567
Observations 278 278 278 278 278 278 278 278 277 277

Notes: Table E.4 shows that treatment effects on beliefs about wages in the tight experiment are positive but not consistently statistically
significant. “CA” stands for comparative advantage in skills and “bl” stands for baseline. Columns indicate different outcome variables: an
inverse covariance-weighted average of the other outcomes (cols. 1-2), the expected wage (cols. 3—4), the minimum expected wage (cols. 5-6),
the maximum expected wage (cols. 7-8), and the reservation wage (cols. 9-10). Wage expectations are answered to the questions “What is
the (lowest / highest possible) monthly take-home salary you think you would earn?” in a permanent, formal job with six months tenure.
Even-numbered columns show heterogeneity by whether jobseekers had aligned CA beliefs at baseline. Control variables are listed in footnote
18. All outcomes are winsorized at the 99 percentile. All monetary values are measured in 2021 USD in purchasing power parity terms per
week. Standard errors clustered at the treatment-day level are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table E.5: Treatment Effects on Beliefs about Offers and Search Duration - Tight Experiment

Index Callbacks / apps (w) Offers / apps (W) Month to job (w) p(employed in 1 months) p(employed in 3 months)

1) ) 3) 4 () (6) ) (®) ) (10 (11) (12)

Treatment 0.095 0264 -0.001 0.039 -0.006 0.016 0.011 0.228 3.493 8.674** 4.235* 8.431**

(0.122) (0.194) (0.023) (0.036) (0.021) (0.031) (0.247) (0.392) (2.238) (3.748) (2.315) (4.042)

Treatment x Aligned CA belief (bl) -0.360 -0.086 -0.049 -0.444 -10.821* -8.678*

(0.247) (0.057) (0.042) (0.470) (6.003) (5.126)

Aligned CA belief (bl) 0.234 0.061 0.049 0.069 4.789 2.647

(0.228) (0.043) (0.036) (0.386) (4.416) (4.186)

Control mean 0.000 0.000 0.391 0.391 0.257 0.257 2.466 2466  54.094 54.094 68.230 68.230
Observations 278 278 276 276 274 274 275 275 278 278 278 278

Notes: Table E.5 shows that treatment effects on beliefs about job offers and search duration in the tight experiment are mostly positive
but not consistently statistically significant. “CA” stands for comparative advantage in skills and “bl” stands for baseline. Columns indicate
different outcome variables: an inverse covariance-weighted average of the other outcomes (cols. 1-2), expected callbacks per application (cols.
3—4), expected offers per application (cols. 5-6), expected months to find a full-time job (cols. 7-8), and expected probability of being employed
one month (cols. 9-10) and three months after baseline (cols. 11-12). Expected months to employment is multiplied by minus one before being
included in the average so that higher values correspond to better search outcomes, as for the other outcomes. Even-numbered columns show
heterogeneity by whether jobseekers had aligned CA beliefs at baseline. Control variables are listed in footnote 18. Variables marked (w) are
winsorized at the 99" percentile. Standard errors clustered at the treatment-day level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.



F Search Effort

This appendix provides a more detailed description and interpretation of the search effort
results and conceptual framework summarized in Section 5. Jobseekers are, on average,
overconfident about their skill relative to the reference population: in the tight experiment
control group, 63% of beliefs about skill quintiles are above assessment results and only
19% are below; these shares are 46% and 15% in the big experiment (Table B.8). Thus,
jobseekers receive on average negative news about their skill levels. If jobseekers react to
this information by changing search effort, this could also affect labor market outcomes.

Treatment effects on beliefs about skill levels: We first document that, on average,
jobseekers negatively update their beliefs about their skill levels. In the tight experiment,
treatment reduces jobseekers” average beliefs about their level of skills by an average of
0.08 quintiles or 0.15 standard deviations over the two skills (Table F.1, panel A, column
1, p = 0.025). In the big experiment, treatment reduces jobseekers’ average beliefs about
their level of skills by an average of 0.11 terciles or 0.3 standard deviations over the three
skills (Table F.2, panel A, column 1, p < 0.001).

These effects unsurprisingly vary by baseline beliefs about skill levels. We estimate:

Yia = Ty - B1 + Ty - confidence; - B + confidence; - B3 + Xjz - I’ +¢; (7)

where confidence; is the believed skill level minus the skill assessment result divided by
the control group standard deviation.*> We find that 8, < 0, so treatment effects on belief
levels are more negative for jobseekers with higher levels of baseline confidence: one
standard deviation higher baseline confidence is associated with a treatment effect that is
0.26 quintiles more negative in the tight experiment and 0.125 terciles more negative in
the big experiment (Tables F.1 and F.2 respectively, panel B, column 1, p < 0.001).
Conceptual framework: These updated beliefs about skill levels might influence search
effort. To model this, we replace the assumption of fixed total search effort E from Section
2.1 with the assumption that jobseekers choose the levels of search for both communication-
heavy and numeracy-heavy jobs, Ec and Ey. This gives a utility function with three ar-
guments: the expected outcome of search for communication-heavy jobs, Vi (Sc, Sn, Ec),
the expected outcome of search for numeracy-heavy jobs, Vi (S¢, Sy, En), and a con-
straint function capturing the alternative use of time or money allocated to search ef-
fort, A (Ec,En). For simplicity, we discuss the case of a monetary constraint: A =
Y — P-Ec — P - En, where Y is the jobseeker’s unearned income, and P is the price of

42 In the tight experiment, this uses quintiles and averages over two skills; in the big experiment this uses
terciles and averages over three skills. We use the term “confidence” to refer to jobseekers’ beliefs about
their level of skill relative to other jobseekers, not the precision of their beliefs, which we do not measure at
baseline. Some researchers refer to this type of overconfidence as “overplacement” (Moore & Healy, 2008).
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job search relative to a numeraire consumption good. But we could instead use a time
constraint A = T — Ec — En, where T is the jobseeker’s time endowment; a constraint
function incorporating time and money; or an intertemporal budget constraint. The job-

seeker’s problem becomes
maxg. gy U (Ve (Sc,Sn, Ec), VN (Sc, SN, En),Y —P-Ec —P-Ey). (8)

As in Section 2.1, we assume utility is an increasing concave function of all three argu-
ments, expected search outcomes are increasing concave functions of skill and search ef-
fort, and search effort and skill are more complementary within than across dimensions.
In this framework, increasing the believed level of either skill has an ambiguous effect
on total search effort. To see this, note that a fall in the believed level of communication
skill Sc lowers the expected marginal productivity of search for communication-heavy
jobs, g%g. This has two effects. First, a substitution effect, which causes the jobseeker to
substitute away from search for communication-heavy jobs and toward both search for
numeracy-heavy jobs and alternative activities. Second, an income effect: it lowers the
expected outcome for any level of search effort, so the jobseeker has to search more for ei-
ther communication- or numeracy-heavy jobs to maintain the same expected income. The
net effect is a increase in search for numeracy-heavy jobs, an ambiguous effect on search
for communication-heavy jobs, and hence an ambiguous effect on total search effort.*’
Treatment effects on search effort: We find little evidence that treatment affects search
effort in either experiment. In the tight experiment, treatment effects are negative on five
of our six search effort measures but all effects are small — less than 11% of the control
group mean — and none is statistically significant.** Treatment lowers an index of these
search effort measures by 0.08 standard deviations (Table F.1, panel A, column 2, p = 0.47)
and a prespecified index of search effort on the SAYouth.mobi platform by 0.1 standard
deviations (Table F.1, panel A, column 6, p = 0.29). In the big experiment, treatment has
a tiny effect of 0.003 standard deviations on an index of search effort measures (Table F.2,
panel A, column 2, p = 0.92). Treatment effects on the three components of this index —

applications submitted, hours and money spent searching — are positive but tiny (< 3%

3 The framework has a similar structure to the standard static labor supply model. In that model, a
lower wage decreases work effort because the return to work is lower (substitution effect) but increases
work effort to afford the same consumption level (income effect). Abebe et al. (2022) also show that raising
expected job search outcomes has an ambiguous effect on search effort using a frictional matching model.

4 Our six search effort measures are: planned applications in the upcoming month, asked during the
workshop; time spent drafting a cover letter during the workshop; click rate on three text messages with
links to job adverts sent after the workshop; and three measures of job search on the SAYouth.mobi platform
in the month after the workshop: days active, jobs viewed, and applications submitted. The planned appli-
cations, text messages, and job applications are described in Section 3.4. The cover letter is a task measure
of real search effort: the time jobseekers choose to spend writing a cover letter for a real job application at
the end of the workshop, on a tablet we provided, rather than leaving early with their incentive.
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Table F.1: Heterogeneous Treatment Effects on Skill Beliefs and Search Effort by Baseline Confidence - Tight Experiment

Belief Main search effort Platform search effort

Ave. skill Main  Planned Drafting SMS Platform  Days Adverts
quint. (0-4) index #apps(w) time(w) clickrate index active clicked (w) #apps (w)

1) (2) 3) (4) () (6) ) (8) )
Panel A: Average effects
Treatment -0.082** -0.077 -3.854 -0.530 0.003 -0.100 -0.723 -0.157 -1.430
(0.035) (0.103)  (2.555) (0.591) (0.032) (0.093)  (0.477) (1.525) (1.553)
Panel B: Het. effects
Treatment 0.044 -0.102 -3.574 -0.377 -0.055 -0.235  -1.451** -2.784 -2.074
(0.057) (0.145)  (4.124) (0.925) (0.053) (0.157)  (0.598) (3.136) (2.376)
Treatment x -0.122%** 0.019 -0.429 -0.205 0.062 0.142 0.759 2.773 0.626
Average confidence (bl) (0.039) (0.111) (2.936) (0.771) (0.045) (0.121)  (0.449) (2.560) (2.068)
Average confidence (bl) -0.220** 0.196 4.032 1.280 -0.059 -0.066 -0.278 -2.268 1.239
(0.102) (0.124)  (2.675) (0.900) (0.046) (0.111)  (0.530) (2.272) (1.916)
Control mean 2.693 -0.000 37.878 8.828 0.635 -0.000 6.014 9.043 15.187
Observations 278 278 278 267 278 278 278 278 278

Notes: Table F1 shows that treatment effects on search effort in the tight experiment do not vary significantly by baseline confidence
levels. “Avg. confidence (bl)” measures jobseekers’ baseline skill beliefs minus their assessment results, so jobseekers with higher confidence
on average receive more negative news about their skills from treatment. The measure is relative to other jobseekers and is defined in detail
in footnote 42. Columns show different outcome variables: average belief about communication and numeracy skill quintiles from the tight
experiment (col. 1), a prespecified inverse covariance-weighted average of the search effort measures used in cols. 3, 4, 5, and 9 (col. 2),
the number of planned applications in the 30 days after the workshop (col. 3), the time spent drafting a cover letter during the workshop in
minutes (col. 4), the click rate for three text messages with links to job adverts we sent to jobseekers after the workshop (col. 5), an inverse
covariance-weighted average of the search effort measures in cols. 7 to 9 (col. 6), the number of days jobseekers were active on the platform
in the 30 days following the workshop (col. 7), the number of job adverts jobseekers clicked on on the platform in the 30 days following the
workshop (col. 8), and the number of applications sent on the job search platform in the 30 days after the workshop (cols. 9). Control variables
are listed in footnote 18. Variables marked (w) are winsorized at the 99" percentile. Standard errors clustered at the treatment-day level in
parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table F.2: Heterogeneous Treatment Effects on Skill Beliefs, Search Effort, and Labor Market Outcomes by Baseline Confidence
- Big Experiment

Belief Search effort Labor market outcomes
Ave. skill Worked Earnings (w)
terc. (0-2) Index #apps(w) Hours(w) Expend.(w) last7d wuncond. cond.
(1) ) 3) (4) 5) (6) (7) (8)
Panel A: Average effects
Treatment -0.108***  0.003 0.062 -0.319 0.151 0.009 6.517**  20.393**
(0.010) (0.032) (0.466) (0.333) (0.798) (0.013) (2.712) (9.404)
Control mean 1.447 -0.000 11.682 11.151 21.446 0.309 25.424 85.826
Observations 4195 4205 4145 4086 3739 4204 4196 1280
Panel B: Het. effects
Treatment -0.007 -0.017 -0.042 -0.571 -0.355 0.010 6.461* 22.187*
(0.011) (0.038) (0.560) (0.524) (0.839) (0.017) (3.456) (12.669)
Treatment x -0.125*  0.030 0.158 0.321 0.770 -0.000 0.100 -1.425
Average confidence (bl) (0.012) (0.036) (0.457) (0.509) (0.732) (0.014) (2.755)  (10.586)
Average confidence (bl)  -0.064"**  -0.034 -0.090 -0.537 -0.274 -0.019  -4.044 -5.571
(0.016) (0.049) (0.663) (0.679) (0.900) (0.017) (3.640)  (12.538)
Control mean 1.446 -0.000 11.716 11.083 20.878 0.309 25.424 85.826
Observations 4131 4131 4075 4017 3681 4130 4122 1248

Notes: Table E.2 shows that treatment effects on search effort and labor market outcomes in the big experiment do not vary significantly
by baseline confidence levels. “Avg. confidence (bl)” measures jobseekers’ baseline skill beliefs minus their assessment results, so jobseekers
with higher confidence on average receive more negative news about their skills from treatment. The measure is relative to other jobseekers
and is defined in detail in footnote 42. Columns indicate different outcome variables: average belief about communication, numeracy, and
concept formation skill terciles from the tight experiment (col. 1), an inverse covariance-weighted average of the search effort measures used in
all other columns (col. 2), the number of applications in the 30 days before the endline survey (col. 3), the number of hours spent searching for
jobs in the same 30 days (col. 4), job search expenditure in the same 30 days (col. 5), a dummy indicating any work for pay in the seven days
before the endline survey (col. 6), unconditional earnings in the last seven days (col. 7), earnings in the last seven days conditional on working
(col. 8). Control variables are described in footnote 24. Variables marked (w) are winsorized at the 99" percentile. All monetary values are
measured in 2021 USD in purchasing power parity terms. Standard errors clustered at the treatment-day level in parentheses. * p < 0.10, **
p < 0.05 " p < 0.01



of the control group mean) and none is statistically significant.

Treatment effects on search effort also do not vary substantially by jobseekers’ baseline
confidence levels in either experiment. We estimate equation (7) and show heterogeneous
treatment effects by baseline confidence about skills in even-numbered columns in Table
F.1 for the tight experiment and Table E2 for the big experiment.

In the tight experiment, none of the interaction terms are statistically significant, the ef-
fect sizes are mostly small, and the signs of the interaction terms vary across search effort
measures. The interaction effect on the main search effort index for the tight experiment
is a tiny 0.02 (Table F.1, panel A, column 2, p = 0.87). This implies that a jobseeker with a
one standard deviation higher confidence level at baseline has just a 0.02 standard devia-
tion higher treatment effect on search effort. The platform-based measure has a somewhat
larger interaction effect of 0.14 standard deviations but it is still not statistically significant
(Table F.1, panel B, column 6, p = 0.25). The key search direction results are also robust
to including the interaction with baseline confidence and baseline CA beliefs in the same
regression (Table D.6).

Similarly, treatment effects on search effort in the big experiment do not vary by job-
seekers’ baseline confidence levels. For the search effort index, the interaction term is
a tiny 0.03 standard deviations (Table E2, panel B, column 2, p = 0.41). For the index
components, the interaction effects are positive but small and not statistically significant.

Treatment provides information both about skill levels and CA. To isolate the role of
information about skill levels, we repeat our analysis for a group of jobseekers who can-
not get information about their CA from treatment: those with tied communication and
numeracy quintiles. These jobseekers are excluded from our main analysis because some
measures of skill-directed job search are not sensibly defined for them. But the measures
of search effort can be defined for them. Effects on search effort for these jobseekers are
not substantially different to the effects for our main analysis sample (Table E.3). How-
ever, effects are naturally less precisely estimated for this smaller group of jobseekers.

In addition to adjusting search effort, jobseekers who receive negative news about
their skills could also redirect their search effort to jobs that they believe are less desirable
and hence less competitive. However, we find no evidence of this pattern. Treatment
does not lead jobseekers to chose jobs in the job choice task that experts expect to offer
lower salaries (Table F.4, columns 1-3), that control group jobseekers expect to offer lower
salaries (columns 4-6), or that control group jobseekers expect to have lower offer prob-
abilities (columns 7-9). Nor does treatment lead jobseekers to apply on SAYouth to jobs
that are less likely to offer training or non-wage benefits (columns 10-15). Across all these
outcomes, treatment effects are small (mostly < 1% of the control group means) and not

statistically significant. These patterns hold for the average jobseeker (columns 1, 4, 7,
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Table F3: Heterogeneous Treatment Effects on Search Effort Among Sample Without
Clear Comparative Advantage - Tight Experiment

Index Planned apps (w) Drafting time(w) SMS click rate # apps (w)

1) (2) 3) 4) ) (6) @) (8) ) (10)
Treatment -0.138 -0.231 -3.137 -11.038  0.578 0.495 0.015 0.002 -7.512* -7.625*
(0.186) (0.326) (4.744) (9.505) (1.701) (2.590) (0.069) (0.099) (4.004) (4.411)
Treatment x Avg. confidence (bl) 0.100 6.875 0.038 0.021 0.066
(0.261) (5.807) (1.816) (0.083) (5.263)
Avg. confidence (bl) 0.089 -6.526 -0.404 0.090 -0.435
(0.283) (7.646) (2.033) (0.107) (5.587)
Control mean -0.000 -0.000 50.674 50.674 7.417 7.417 0.639 0639 17.750 17.750

Observations 94 94 91 91 89 89 94 94 94 94

Notes: Table E.3 shows that there are no significant treatment effects on prespecified search effort among
jobseekers who don’t have a clear CA in skill and hence learn less about their skill CA from treatment.
“Avg. confidence (bl)” measures jobseekers’ baseline skill beliefs minus their assessment results, so jobseek-
ers with higher confidence on average receive more negative news about their skills from treatment. The
measure is relative to other jobseekers and is defined in detail in footnote 42. Columns indicate different
outcome variables: an inverse covariance-weighted average of the search effort measures used in all other
columns (cols. 1-2), the number of planned applications in the 30 days after the workshop (cols. 3-4), the
time spent drafting a cover letter during the workshop in minutes (cols. 5-6), the click rate for three text
messages with links to job adverts we sent to jobseekers after the workshop (cols. 7-8), and the number of
applications sent on the job search platform in the 30 days after the workshop (cols. 9-10). Control vari-
ables are listed in footnote 18. Variables marked (w) are winsorized at the 99" percentile. Standard errors
clustered at the treatment-day level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

10, 13), for jobseekers who receive negative news about their skill levels (columns 3, 6,
9,12, 15), and for jobseekers with misaligned CA beliefs at baseline (columns 2, 5, 8, 11,
14). These results also illustrate the point made in Section 4.5 that treatment does not
lead jobseekers to apply to jobs that offer better terms to all applicants, suggesting that
skill-directed job search instead raises earnings by improving firm-worker match quality.

Treatment effects on labor market outcomes by baseline confidence: Treatment ef-
fects on labor market outcomes in the big experiment do not vary substantially by base-
line confidence about skills. The interaction effects are 0.000 for employment (Table F.2,
panel B, column 6, p = 1) and 0.1 on earnings (panel B, column 7, p = 0.97). Other effects
shown in the table are similarly small and not statistically significant.

Conclusion: This analysis suggests that search effort is unaffected by treatment and
hence is unlikely to explain the treatment effects on labor market outcomes. This might
arise because the negative treatment effect on believed skill level produces offsetting sub-
stitution and income effects on search effort. This does not, of course, imply that search
effort plays no role in determining labor market outcomes in this or other settings, as
discussed in the review by Mueller & Spinnewijn (2023).
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Table F.4: Heterogeneous Treatment Effects on Applications to Jobs with Better Attributes - Tight Experiment

Average salary of job chosen in job choice task Perceived offer prob. Share of applied to jobs
Experts” assessment Control group’s assessment Control group’s assessment Offering training Offering amenities
M @ ® @ Qi ®) @ ®) © 1y an a2 @13 049 (15
Treatment 2583  1.626  3.655 -0931  0.754 -0.976  0.001 -0.001 0.001 0.003 0.002 -0.039 -0.002 -0.001 -0.003
(2228) (2.886) (3.251) (3.791) (6.908) (5.968) (0.003) (0.004)  (0.004)  (0.025) (0.040) (0.040) (0.002) (0.003) (0.003)
Treatment x Aligned CA belief (bl) 1.998 -2.468 0.002 0.005 -0.002
(3.315) (10.134) (0.007) (0.049) (0.004)
Aligned CA belief (bl) -4.350 -10.659 0.010 -0.033 0.004
(2.584) (7.905) (0.007) (0.046) (0.004)
Treatment x Average confidence (bl) -1.008 -0.068 -0.000 0.044 0.001
(2.242) (4.804) (0.003) (0.030) (0.003)
Average confidence (bl) -2.495 3.226 -0.002 -0.027 0.001
(2.248) (5.789) (0.004) (0.034) (0.003)
Control mean 661.434 661434 661.434 845472 845472 845472 0549  0.549 0.549 0206 0206 0206 0.006  0.006  0.006
Observations 278 278 278 278 278 278 278 278 278 278 278 278 278 278 278

Notes: Table F.4 shows that treatment does not lead jobseekers to apply to jobs with better or worse attributes, even for jobseekers who
receive more negative information about their skills from treatment. “CA” stands for comparative advantage and “Avg. confidence (bl)”
measures jobseekers’ baseline skill beliefs minus their assessment results, so jobseekers with higher confidence on average receive more neg-
ative news about their skills from treatment. Both measures are relative to other jobseekers and are defined in detail in footnote 42. Columns
show different outcomes and different types of treatment effects. Within each block of 3 columns: the first column shows the average treatment
effect; the second column shows heterogeneous treatment effects by baseline aligned CA belief, to assess if treatment effects are different for
jobseekers whose prior beliefs about their CA do versus do not match their assessment results; and the third column shows heterogeneous
treatment effects by baseline “confidence,” to assess if treatment effects are different for jobseekers whose prior beliefs about their levels of
communication & numeracy skills are higher versus lower than their assessment results. Cols 1-9 show attributes of the jobs chosen in the
job choice task: the average monthly salary in 2021 USD in purchasing power parity terms assessed by the hiring experts (cols. 1-3) or by
jobseekers in the control group (cols. 4-6), the perceived job offer probability assessed by jobseekers in the control group (cols. 7-9). Cols 10-15
show attributes of jobs applied for on the SAYouth.mobi platform: the share of applied for jobs that mention the offer of training (cols. 10-12)
and amenities (pension, medical, and unemployment insurance; cols. 13-15) in the job descriptions. Control variables are listed in footnote 18.
Standard errors clustered at the treatment-day level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.



G Additional Mechanism Tables

This appendix shows results related to the “additional mechanisms” discussed in Section
6 and general equilibrium considerations discussed in Section 7.1 of the paper.

Table G.1 shows that treatment effects on self-esteem and education investments in the
big experiment are very small and not statistically significant. Table G.2 shows that treat-
ment effects on labor market outcomes are driven by jobseekers who did not attach their
skill report with any job applications. This suggests that labor market effects are unlikely
to be driven by firms learning about assessment results that are shared by jobseekers.

Table G.3 shows that the treatment did not induce congestion effects, i.e., it did not
change the share of applications directed to numeracy-heavy relative to communication-
heavy jobs. This suggests that interventions providing information about skill CA can
help different types of jobseekers apply to different types of jobs, rather than concentrat-
ing applications toward one type of job.

Table G.4 shows treatment effects on the three different willingness-to-pay (WTP)
measures in the tight experiment and Figure G.1 displays the distribution of willingness-
to-pay values by treatment status. Treatment lowers jobseekers” average WTP for a nu-
meracy workbook but does not affect average WTP for a communication workbook.
Treatment also does not affect jobseekers” WTP for information about jobs’ skill demands.
These results suggest a limited role for skill investment or information about jobs” skill
demand in explaining the labor market effects.

Willingness-to-pay measurement details: As part of the job search workshop we
elicited jobseekers” willingness-to-pay for three products: a document that revealed the
expert-assessed skill requirements of jobs included in the job choice task (delivered after
30 days to avoid it influencing their search behavior), printed self-study materials for to
improve numeracy skills, and printed self-study materials for to improve written com-
munication skills. The self-study materials were taken from the “Mind the Gap!” series
which targets grade 12 students and was developed by the Department of Basic Educa-
tion in South Africa.

We elicited willingness-to-pay using multiple price lists with six items and announced
that one randomly selected choice would be implemented in practice. The choice was
always between receiving the product and receiving a changing monetary amount in
airtime for their mobile phone (the “price”). For the skill document revealing the skill
requirements of jobs the prices were: 0, 25, 50, 100, 150, and 200 Rand. For the self-study
materials, we use the following prices: 0, 15, 30, 50, 75, and 100 Rand. We randomized
whether jobseekers were asked about the highest or lowest price first. We forced a unique
switching point by ending the elicitation for an item at the first question they chose the
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item (for those starting with the highest price) or the monetary amount (for those starting
with the lowest price) and assumed that they would choose consistently on the omitted
questions. We then randomly chose one question among the 18 questions, implemented
their choice in practice, and announced this at the end of the session.

To ensure that jobseekers were familiar with the procedure, they completed a practice
round where we elicit the jobseekers” willingness-to-pay for a bar of soap. If their choices
were inconsistent, the enumerator explained the elicitation again and asked for the reason
for the inconsistency to ensure that they understood the process.

To construct monetary willingness-to-pay measures, we assign jobseekers the average
of the price they switched and the previous price. For example, if a jobseeker preferred
the item at price zero but the money at price 25 Rand we assign them a willingness-to-pay
of 12.5 Rand. For jobseekers who switched immediately, we assign -10 Rand (for those
with negative willingness-to-pay) and 110 or 210 Rand (for those whose willingness-to-
pay exceeds the maximum price). Given that there is substantially more mass on the
upper end of the willingness-to-pay range, this conservative assumption is likely to lead
us to underestimate the true willingness to pay.

Table G.1: Treatment Effects on Additional Mechanisms - Big Experiment

Self-esteem Education investment

SMS (z) SMS above med. Endline (z) Endlineabovemed. Any Apprenticeship Formal
1) 2 (©) (4) ©) (6) @)

Treatment 0.003 0.014 0.007 0.014 0.011 0.006 0.009
(0.008) (0.014) (0.021) (0.015) (0.011) (0.005) (0.011)

Control mean  -0.000 0.483 0.000 0.471 0.224 0.036 0.185

Observations 3334 3334 4206 4206 4205 4205 4205

Notes: Table G.1 shows that treatment does not affect average self-esteem or education investment in the
big experiment. Cols. 1-2 show effects on self-esteem in the SMS survey 2-3 days after the workshops.
Cols. 34 show effects on self-esteem in the endline survey 3.5 months after the workshops. The SMS
and phone surveys use respectively one and five items from the Rosenberg (1965) scale, both answered
on five-point Likert scales. Cols. 1 and 3 use standardized measures and columns 2 and 4 use dummies
for above-median values. Cols. 5, 6, and 7 show effects on dummies for enrolling in respectively any
education, an apprenticeship, and a formal degree/diploma. Control variables are listed in footnote 24.
Standard errors clustered at the treatment-day level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table G.2: Heterogeneous Treatment Effects on Labor Market Outcomes by Skill Report
Attachment to Applications - Big Experiment

Worked in last 7d  Earnings (w) Cond. earnings (w)
(1) 2) ®3)

Treatment 0.014 8.572%** 25.961**
(0.016) (3.020) (9.850)
Treatment x Attached report w. application -0.013 -5.108 -13.035
(0.024) (4.229) (13.444)
Control mean 0.309 25.424 85.826
Observations 3991.000 3983.000 1215.000

Notes: Table G.2 shows that treatment effects on labor market outcomes are driven by jobseekers that do
not use their skill reports in any job applications in the big experiment. These results should be inter-
preted with caution because the right-hand side of the regression includes the interaction between treatment
and a post-treatment outcome, “Attached report w. application.” The interaction term is included in the
regression but “Attached report w. application” is omitted because no control individual received a report.
Outcomes are the same as in Table 5: a dummy indicating any work for pay (col. 1), unconditional earnings
(col. 2), and earnings conditional on working (col. 3), all in the seven days before the endline survey. Con-
trol variables are listed in footnote 24. All monetary values are measured in 2021 USD purchasing power
parity terms. Variables marked (w) are winsorized at the 99" percentile. Standard errors clustered at the
treatment-day level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table G.3: Treatment Effects on Concentration of Job Search - Tight Experiment

Degree of job search concentration

Individual level measure Job-pair level measure

) 0 3)

Treatment -0.007 0.009 -0.029**
(0.017) (0.019) (0.013)
Treatment x Aligned CA belief (bl) -0.032
(0.028)
Aligned CA belief (bl) 0.050**
(0.024)
Treatment effect: -0.023
Aligned CA belief (bl) (0.024)
Control mean 0.181 0.181 0.077
Observations 278 278 22

Table G.3 shows that treatment weakly decreases the concentration of jobseekers’ applications in the
job choice task. Cols. 1 and 2 show effects on the concentration of job choices in the job choice task us-
ing one observation per jobseeker. This concentration measure is the absolute deviation of the fraction of
chosen numeracy jobs from 0.5, averaged across job pairs at the jobseeker level. Col. 3 shows the effect
on the concentration of job choices in the job choice task using one observation per job pair. This con-
centration measure is constructed in two steps. First, we calculate the fraction of jobseekers choosing the
numeracy job in each job-pair x treatment group combination. Second, we calculate the absolute deviation
of this measure from 0.5. For both concentration measures, higher numbers indicate more concentrated job
choices. We do not estimate heterogeneous treatment effects by baseline aligned CA belief for the job-pair
level analysis in col. 3 because the outcome of interest is averaged across jobseekers. Controls used in cols.
1 and 2 are listed in footnote 18. Standard errors are clustered at the treatment-day level in cols. 1 and 2
and are heteroskedasticity-robust in col. 3. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table G.4: Treatment Effects on Willingness-to-pay - Tight Experiment

Info on skill requirements Numeracy materials Communication materials
Pooled Num. CA Comm. CA Pooled Num. CA Comm. CA Pooled Num. CA Comm. CA
1) (2 (©) (4) @) (6) ?) 8) ) (10) (11) (12) (13) (14) (15) (16) (17) (18)
Treatment -0.719  -6.851 -12.823 -14.035 1.708 -8.179 -13.410*** -15309** -14.527* -20.583** -10.046** -3.217 -0.822 -0.247 5.252 -2.571 -3.821  3.862
(5.766) (11.255) (13.609) (15.888) (8.396) (17.726) (3.539)  (6.775)  (8.049)  (8.944)  (3.898) (11.201) (3.790) (6.747) (9.785) (12.162) (5.882) (11.719)
Treatment x Aligned CA belief (bl) 12.287 8.804 14.077 5.019 36.732** -9.825 -0.847 45.821** -11.987
(18.773) (38.367) (22.913) (11.915) (15.806) (16.400) (10.474) (21.394) (14.833)
Aligned CA belief (bl) 0.174 -12.737 7.989 -14.744 -38.444** -4.144 -3.753 -43.991*** 7.831
(16.202) (28.007) (16.687) (8.948) (11.399) (11.074) (9.163) (11.637) (10.853)
Treatment effect: 5.436 -5.231 5.898 -10.290 16.149 -13.042* -1.094 43.251** -8.125
Aligned CA belief (bl) (10.847) (33.252) (11.314) (7.268) (14.781) (7.247) (6.130) (16.512) (7.682)
Control mean 78.867 78.867  79.337  79.337 78.611 78.611 54.964 54.964 55.408 55.408 54.722 54.722 48327 48327 49.184 49.184 47.861 47.861
Observations 277 277 105 105 172 172 277 277 105 105 172 172 277 277 105 105 172 172

Notes: Table G.4 shows treatment effects on willingness-to-pay (WTP) for different products relevant to job search in the tight experiment.
“CA” stands for comparative advantage in skills and “bl” stands for baseline. Cols 1-6 show effects on the WTP for a document with the
expert-assessed skill requirements for the 11 job pairs in the job choice task. Cols. 7-12 show effects on WTP for a numeracy training resource.
Cols. 13-18 show effects on WTP for a communication training resource. Cols. 1-2, 7-8, and 13-14 show results for the full sample. Cols.
3—4, 9-10, and 15-16 show results for jobseekers with a CA in numeracy. Cols. 5-6, 11-12, and 17-18 show results for jobseekers with a CA in
communication. All currency values are in 2022 South African Rands, which was the currency used in the actual WTP measurement exercise.
Multiplying these values by 0.140 converts them into the same currency units as the rest of the paper, 2021 USD in purchasing power parity
terms. Control variables are listed in footnote 18. Standard errors clustered at the treatment-day level in parentheses. * p < 0.10, ** p < 0.05,
**p < 0.01.



Figure G.1: Distribution of Willingness-to-pay Measures - Tight Experiment

Panel A: Skill demand report Panel B: Numeracy workbook
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Notes: Figure G.1 shows the distribution of elicited willingness-to-pay for three goods. Panel A displays
the distribution of willingness-to-pay for a report revealing the skill demand of jobs in the job choice task.
Panel B displays the distribution of willingness-to-pay for a numeracy workbook. Panel C displays the
distribution of willingness-to-pay for a communication workbook. All currency values are in 2022 South
African Rands, which was the currency used in the actual WTP measurement exercise. Multiplying these
values by 0.140 converts them into the same currency units as the rest of the paper, 2021 USD in purchasing
power parity terms.
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H Gender

This appendix reports descriptive statistics and treatment effects separately for women
and men. Tables H.1 and H.2 display gender differences in baseline beliefs about skills in
respectively the tight and big experiments. Gender differences in beliefs are small and are
generally not statistically significant after adjusting for gender differences in demograph-
ics, education, and assessment results. Tables H.3 and H.4 display treatment effects on
skill beliefs by gender in respectively the tight and big experiments. We do not see strong
evidence that the treatment effects on skill beliefs differ by gender in either experiment.
The limited gender differences in treatment effects on beliefs about skills makes gender
differences in treatment effects on downstream outcomes (e.g. search direction, earnings)

unlikely, so we do not report gender-disaggregated treatment effects on these outcomes.

Table H.1: Gender Differences in Beliefs about Skills - Tight Experiment

Female Male A p(A=0) A(adjusted) p(A(adjusted) =0) N

Aligned CA belief 0.50 0.46 -0.04 0.53 -0.01 0.83 278
Fraction aligned beliefs 0.23 021 -0.02 0.46 -0.05 0.15 278
Fraction overconfident beliefs 0.62 059 -0.03 0.58 0.04 0.11 278
Fraction undererconfident beliefs ~ 0.15 020 0.05 0.12 0.01 0.79 278

Notes: Table H.1 shows that gender differences in baseline beliefs about skills in the tight experiment are
small. Adjusted differences control for prespecified covariates described in footnote 18, except the baseline
value of the outcome variable. “CA” stands for comparative advantage in skills. P-values are estimated
from regressions that use heteroskedasticity-robust standard errors.

Table H.2: Gender Differences in Beliefs about Skills - Big Experiment

Female Male A p(A=0) A(adjusted) p(A(adjusted)=0) N

Aligned CA belief 0.19 023 0.03 0.01 0.03 0.02 4312
Fraction aligned beliefs 0.35 042 0.07 0.00 0.01 0.19 4378
Fraction overconfident beliefs 0.53 045 -0.08 0.00 0.00 0.73 4378
Fraction underconfident beliefs  0.11 0.13 0.01 0.06 -0.01 0.03 4378

Notes: Table H.2 shows that gender differences in baseline beliefs about skills in the big experiment are
small. Adjusted differences control for prespecified covariates described in footnote 24, except the baseline
value of the outcome variable. “CA” stands for comparative advantage in skills. P-values are estimated
from regressions that use heteroskedasticity-robust standard errors.
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Table H.3: Heterogeneous Treatment Effects on Beliefs about Skills by Gender - Tight
Experiment

Aligned CA belief Fraction aligned beliefs

€] () (3) 4)
Treatment 0.181*  0.178** 0.087 0.063
(0.091)  (0.079) (0.079) (0.051)
Treatment x Female -0.074 -0.062 0.059 0.022
(0.107)  (0.103) (0.095) (0.062)
Female 0.082 0.019 -0.038 -0.033
(0.066)  (0.063) (0.060) (0.042)
Treatment effect: 0.107 0.116**  0.146*** 0.085**
Female (0.065)  (0.047) (0.049) (0.032)
Control mean 0.475 0.475 0.183 0.183
Observations 278 278 278 278
Controls No Yes No Yes

Notes: Table H.3 shows that treatment effects on skill beliefs do not substantially differ by gender in
the tight experiment. “CA” stands for comparative advantage in skills. Columns 1 and 2 show effects on
a dummy equal to one if jobseekers’ beliefs about their skill CA are aligned with their assessment results.
Columns 3 and 4 show treatment effects on the fraction of skill beliefs that align with measured skill quin-
tiles. Control variables are listed in footnote 18. Standard errors clustered at the treatment-day level in
parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table H.4: Heterogeneous Treatment Effects on Beliefs about Skills by Gender - Big Ex-
periment

Aligned CA belief Fraction aligned beliefs

1) (2) (3) 4)

Treatment 0.156*** 0.155*** (0.150*** 0.153***

(0.021)  (0.020) (0.019) (0.015)
Treatment x Female -0.032 -0.026 -0.021 -0.016

(0.027)  (0.026) (0.020) (0.017)
Female -0.029 -0.011  -0.051*** 0.003

(0.018)  (0.016) (0.015) (0.012)
Treatment effect: 0.124***  0.130*** 0.128*** 0.136***
Female (0.013)  (0.015) (0.013) (0.010)
Control mean 0.196 0.196 0.388 0.388
Observations 4191 4118 4205 4195
Controls No Yes No Yes

Notes: Table H.4 shows that treatment effects on skill beliefs do not substantially differ by gender in
the big experiment. “CA” stands for comparative advantage in skills. Columns 1 and 2 show effects on
a dummy equal to one if jobseekers’ beliefs about their skill CA are aligned with their assessment results.
Columns 3 and 4 show treatment effects on the fraction of skill beliefs that align with measured skill quin-
tiles. Control variables are listed in footnote 24. Standard errors clustered at the treatment-day level in
parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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I Preregistration Appendix
The tight experiment is preregistered at AEARCTR-0010000. The research question, ex-

perimental design, estimating equations, covariates, inference methods, outcomes, and
heterogeneity analyses by aligned baseline CA beliefs and baseline confidence about lev-
els of skills are all prespecified. We depart from the pre-analysis plan for the tight experi-
ment in four ways:

1. We restrict the sample to jobseekers who have a clear CA because the skill-directed
search measures can only be sensibly defined for these jobseekers. When we use this
restricted sample, we omit one prespecified control variable, the dummy variable
about whether the jobseeker has a clear CA, because this control variable has no
variation in the restricted sample. We show the main results of the paper for the
full sample as a robustness check in Table D.2. The interpretation of results remains
unchanged.

2. We added further skill-directed search outcomes: clicks on jobs sent in SMS mes-
sages and job search on the SAYouth.mobi platform. We obtained these measures
from our partner organization after we had lodged the pre-analysis plan. We cor-
rect for the inclusion of these additional measures by creating a summary index of
all skill-directed search outcomes. We include this additional outcome and the index
in Table 4.

3. To align the search direction and search effort measures, we add the SMS click rate
and the number of observed application clicks to the main search effort table and,
again, construct a summary index. We show results for the prespecified platform
search index in Table F.1.

4. Following recent methodological critiques (Chen & Roth, 2023; Mullahy & Norton,
2022) we use winsorization instead of the prespecified inverse hyperbolic sine trans-
formation for outcomes with potentially long right tails (e.g. earnings, number of
applications). Using the inverse hyperbolic sine transformation produces qualita-

tively similar results, which we show for earnings in Table D.5.

The tight experiment was run to test the research question that arose from the ex-
ploratory analysis of data from the big experiment. All our analysis of the big experiment
uses the same covariates and inference methods as Carranza et al. (2022), following their
preanalysis plan. The new outcome variables (aligned CA belief, various labor market
outcomes in Section 4.5) and the heterogeneity analyses by aligned baseline CA beliefs
were not prespecified and were not reported in Carranza et al. (2022).
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J Benefit-Cost Comparison

This appendix reports the variable costs of the assessment operation and compares these
to the earnings gains experienced by treated jobseekers. All calculations use data from
the big experiment in 2021 USD in purchasing power parity terms.

We calculate that the average variable cost of the assessment operation is 45.74 USD
using data from Harambee and J-PAL Africa’s accounting records. This consists of 12.17
for rent and utilities for the assessment center; 10.14 for depreciation of the computers
used in assessment; 0.35 for assessment and software licenses; 8.11 for airtime and data,
mainly for internet access for the assessment computers and for contacting jobseekers;
3.82 for Harambee salaries for assessment staff, psychologists delivering briefings about
results, and administrative support; 1.40 for J-PAL Africa research staff salaries to help
run the assessments and results briefings; and 9.74 for jobseekers” attendance payments.

The average treatment effect on weekly earnings was 6.52 USD at the time of the
follow-up survey, which occurred an average of 14.5 weeks after treatment (Table 5, col-
umn 1). Using this to forecast the average lifetime earnings gain for treated jobseekers re-
quires very strong modeling assumptions. Instead, we note that this earnings gain needs
to hold for only 7 weeks for the average earnings gain to exceed the average variable cost
(6.52 x 7 > 45.74). This would hold if, for example, the earnings gain held for at least
half the period between workshop and endline. This is plausible, particularly because
treated participants have a higher employment rate than untreated participants for part
of this period, raising the possibility of even higher earnings from a higher employment
rate (Table 5, columns 10-12). If the earnings gain held in every week between the work-
shop and endline, treated jobseekers would accumulate 94.5 USD higher earnings. This
implies that the average benefit / average variable cost would be 94.50 / 45.74 = 1.82.

We view this benefit-cost comparison as suggestive rather than conclusive because,
like all such calculations, it requires some simplifying assumptions. We use a conserva-
tive approach to estimating lifetime benefits, we omit average fixed costs because these
are very dependent on the scale of the assessment service, and we do not consider gen-
eral equilibrium effects or the benefits that might be accrued from alternative uses of
money. However, our measure of average variable costs is relatively broad, as it includes
semi-fixed costs such as facility and equipment rental, most staff costs, and assessment
and software licenses. The only costs that we exclude are those of actually creating the
organization, senior management time, and general functions such as accounting.

There is scope to run similar interventions far more cheaply through online platforms
that incorporate assessments and personalized, automated feedback on results. This ap-
proach would reduce or eliminate most of the variable costs of in-person assessment: fa-

cility rental (27% of average variable cost), equipment rental (22%), and transport (21%).
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