Matching Frictions and Distorted Beliefs:

Evidence from a Job Fair Experiment *

Girum Abebe! Stefano Caria} Marcel Fafchampsi Paolo Falcol

Simon Franklin,| Simon Quinn** and Forhad Shilpitt

November 29, 2021

Abstract

We evaluate the impacts of a randomized job fair intervention. The intervention
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firms and workers respectively have inaccurate beliefs about the distribution of skills
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1 A matching experiment

Matching frictions may prevent the efficient allocation of workers across firms, sectors
and industries. The costs from this misallocation are likely to be large, especially in
developing countries undergoing profound economic transformations (Bryan and Morten,
2019; Hsieh, Hurst, Jones, and Klenow, 2019). However, the precise channels through
which matching frictions make it difficult for firms to hire the right workers or for workers

to find the right firm are not well understood.

In this paper, we provide new experimental evidence on the distortions generated
by matching frictions in a fast-growing developing economy (Alfonsi, Bandiera, Bassi,
Burgess, Rasul, Sulaiman, and Vitali, 2020; Abebe, Caria, Fafchamps, Falco, Franklin,
and Quinn, 2021). In particular, we focus on the high costs that firms and workers have to
bear to meet each other. These costs can have a direct effect on hiring and on job-finding,
resulting in a lower probability of well-matched workers and firms meeting one another.
In addition, by reducing the exposure of firms to workers and of workers to firms, these
costs can entrench inaccurate beliefs about the fundamentals of the labour market — e.g.
beliefs on the distribution of job-seekers’ ability. These inaccurate beliefs, in turn, are
likely to distort key job-search and recruitment decisions, resulting in fewer and poorer
matches. Our central contribution is to shed light on this little-explored second channel —
through an experiment that provides a large one-time reduction in the cost of worker-firm
meetings, and through a novel survey that captures workers and firms’ beliefs about the

labour market.

Our evidence comes from a country that is undergoing a rapid economic transfor-
mation: Ethiopia. Similar to many other fast-growing economies in Sub-Saharan Africa,
Ethiopia is witnessing the expansion of non-traditional economic sectors, sustained work-
force growth, a strong build-up of secondary education, and swift urbanization. In this
context, deep changes in market fundamentals may require workers and firms to update
their beliefs. At the same time, workers and firms have to pay substantial costs to acquire
information, apply for suitable jobs, or to post vacancies and screen candidates (Abebe,
Caria, and Ortiz-Ospina, 2021). These costs make it harder to develop accurate beliefs

about the labour market.

We evaluate the impacts of reducing these meeting costs by inviting to a job fair a

1 Eeckhout (2018) summarises some of the key theoretical literature. Additionally, recent structural
work in both developed and developing countries consistently detects the presence of meaningful labour
market search costs (DellaVigna, Lindner, Reizer, and Schmieder, 2017; Van den Berg and van der
Klaauw, 2019; Abebe, Caria, and Ortiz-Ospina, 2021).



sample of young job-seekers and of medium-to-large formal employers. At the fair, workers
can meet several employers at a low marginal cost, and employers can easily talk to many
potential young recruits. As a result, meeting costs are low and each side of the market
has the opportunity to gather a large amount of information about the other side. Our
research design has several key features that enable us to fully explore the implications of
the matching frictions we study. First, we randomize participation among firms as well
as workers, which allows us to test for frictions affecting both employers and job-seekers.
Second, we collect information about job interviews and offers arising as an immediate
consequence of participation in the fairs, as well as detailed data on firms’ and workers’
labor market expectations, search strategies, and market outcomes over time. This allows
us to test for immediate as well as delayed effects of participation on firms and workers.
Third, we invite representative samples of young unemployed workers and of formal firms
to participate in the fairs (subject to several eligibility criteria, discussed shortly). This

increases the external validity of our findings.

We show that the fairs generate few direct hires (one for every 12 firms that at-
tended), but they lead to a change in search strategies and an increase in search effort
among both firms and job-seekers. Specifically, after the fairs, firms increase the amount
they spend on advertising positions and job-seekers increase the frequency of their visits
to job boards. Moreover, firms decrease their reservation quality for workers (shifting
towards less-educated ones) and job-seekers reduce their reservation wages. The effects
on job-seekers are concentrated among those without tertiary education, whose employ-
ment prospects improve significantly as a result (permanent employment rates double and

formal employment rates increase by almost 50 percent).

By means of a simple theoretical framework, we show that the impacts of the inter-
vention are consistent with firms and job-seekers acquiring valuable information at the
fairs that helps them to update their priors and correct misperceptions about market fun-
damentals. In particular, we demonstrate that if prior to the fair firms had unrealistically
high expectations about the quality of available candidates and job-seekers had too high
expectations about the salaries on offer, increasing search effort and reducing reservation

quality /wages is a rational response.

In light of this hypothesised mechanism, we returned to the field following the ini-
tial experiment to collect more data on beliefs about the labor market. Specifically, we
ran a unique survey administered to both sides of the market, using a new sample of
firms and young job-seekers — each side selected respectively during hiring and during job

search. This survey enables us to measure carefully a set of beliefs that are central to the



matching process, and may be impacted by participation in a job fair, but that have not
yet been documented in the literature — for example, firms’ beliefs about workers’ ability,
conditional on observable characteristics. Further, since we simultaneously observe repre-
sentative samples of both sides of the market, we can contrast beliefs with actual data on
the true distributions. Our aim in returning to the field was two-fold. First, we aimed to
test whether overoptimism is an equilibrium feature of the labour market — and, through
that, to understand whether our job fairs corrected misperceptions, or introduced them.
Experiments are typically not suitable to reach such conclusion, since they rarely have
access to representative samples of both workers and firms. Second, we wanted to shed
light on the sources — i.e., the specific incorrect beliefs about market fundamentals — of

the unrealistic expectations we had observed in this market.

The belief-elicitation exercise shows clear evidence of misperceptions on both sides
of the labour market. Firms overestimate the ability of job-seekers. Job-seekers have
overly optimistic beliefs about their prospects of obtaining higher-paid professional jobs
given their qualifications. Importantly, we also show that workers have relatively accurate
beliefs about facts that are easy to observe (for example, beliefs about wages across occu-
pations). This suggests that while market participants value and acquire relevant publicly
available information, the natural interaction between firms and young job-seekers in the
labour market is insufficient for participants to learn key parameters of the matching
process that are observed through direct interactions (e.g., the ability of workers). We
therefore conclude that the increased pessimism caused by the job fairs likely corrected
misperceptions, rather than introducing them, by allowing both sides of the market to
acquire an unusually large amount of information about each other. Crucially, updat-
ing these distorted beliefs has economically meaningful consequences, as indicated by
the strong impacts on search behaviour and the improved employment outcomes of less

educated job-seekers generated by the treatment.

Our paper makes two key contributions. First, we offer unique evidence that both
firms and workers hold inaccurate beliefs about fundamental aspects of the labour market.
Most importantly, we show that both firms and workers suffer not merely from a problem
of information asymmetries but from a deeper misperception of the distribution of char-
acteristics among other market participants. By contrast, models of search and matching
typically assume that market participants are uncertain about the skills of a specific job-
seeker, or the competitiveness of a specific vacancy, but are aware of the distributions
from which agents are drawn (Rogerson et al., 2005; Tervio, 2009; Wright et al., 2021).
As a result, previous empirical work on market beliefs has mostly generated insights on

uncertainty about the characteristics of specific individuals (Bassi and Nansamba, 2021;



Carranza et al., 2021; Abebe et al., 2021). In this paper, we show that firms and job-
seekers make decisions on the basis of information that is limited in a more fundamental
sense. In doing so, we also provide direct evidence on the beliefs of both firm managers
and job-seekers. Evidence on the labour market beliefs of firm managers is particularly
scarce. Further, while previous work has often been unable to measure the accuracy of
labour market beliefs relative to comparable empirical moments, our simultaneous survey
and belief-elicitation exercise enables us to compare beliefs to true empirical values. These
unique features allow us to show that firm managers hold beliefs that are substantially

inaccurate, and that this has important implications for behaviour in the market.?

Second, we show that these mistaken beliefs can be corrected through a simple job fair
—and that this triggers changes in search behaviour that lead to better employment out-
comes for job-seekers. In other words, our evidence suggests that distorted beliefs persist
— at least in part — because workers and firms have relatively little contact. This con-
tributes to a recent literature studying the effects of over-optimism among job-seekers in
low-income settings. Banerjee and Sequeira (2021) show that workers are over-optimistic
about the probability of finding a job, and that this over-optimism persists due to the
spatial distance between workers and firms.? Revising these beliefs causes them to lower
their reservation wages and changes the scope of their job search, with no net effect on
employment rates. Bandiera et al. (2021) find that matching workers with firms causes
workers to revise beliefs downwards and to search less, leading to lower employment rates.
We contribute to this literature by establishing that over-optimism among job-seekers can
lead them to under-invest in job search and hurt their employment prospects. We find
that — for the group with the greatest misperceptions, who update their reservation wages
the most — the intervention leads to more search and considerably better employment
outcomes.? This finding relates to a similar literature from high-income settings, which
finds that over-optimism can delay exit from unemployment (Spinnewijn, 2015; Krueger
and Mueller, 2016; Mueller et al., 2021); we contribute to this literature by providing

2 Our findings complement the results in Abebe et al. (2021), who show that firm managers make
biased forecasts about the results a recruitment intervention, and of Caria and Falco (2021), who
present lab-experimental evidence that small-firm managers are excessively concerned about worker
trustworthiness.

Other recent papers showing evidence for over-optimism among job-seekers in developing countries
include Alfonsi et al. (2020) and Groh et al. (2015).

Experimental evidence from van der Klaauw and Ziegler (2021) shows that speeddates with temporary
employment agencies in the Netherlands leads workers to search harder and reduce reservation wages.
Unlike ours, the effect on overall employment rates of updating beliefs is ambiguous in their setting.



complementary evidence from a low-income context without unemployment insurance.’
Crucially, we add to this literature by showing that firms too have incorrect beliefs — a

point that is not explored in these related papers.

2 The study population

We work in a rapidly growing urban center in a low-income setting, where frictions are
likely to be prevalent in the labor market. Addis Ababa, capital of Ethiopia, is a good
choice because it combines these characteristics with the additional feature that, at the
time of our study, the main avenue through which firms advertise openings is through
job-vacancy boards located in the center of the city. While the purpose of these boards is
to facilitate job search, they nonetheless entail sizeable transaction costs — especially for
job-seekers, who must incur substantial transport costs to visit, and then need to spend

spend considerable time visually scanning the boards to identify suitable openings.

Screening by firms is also challenging, given the limited information that can be
extracted from the CVs of young labor market entrants (Abebe et al., 2021). Like many
growing cities in the developing world, Addis Ababa has recently experienced a large
increase in the number of available jobs, coupled with high in-migration flows. This
makes it hard for firms and job-seekers to have accurate beliefs about the distribution of
wages, employment opportunities, and workers’ abilities. All these features suggest that

job fairs are a promising intervention in this context.

2.1 Surveying job-seekers

The job fair intervention reported in this paper draws on the same sampling frame as
Abebe et al. (2021) and was partially run alongside it.° The study involves a representative
sample of young educated job-seekers in Addis Ababa. To select our sample, we first define
geographic clusters using enumeration areas from the Ethiopian Central Statistical Agency

(CSA)." Our sampling frame excludes clusters within 2.5 kilometres of the center of Addis

5 These findings contribute to a broader body of knowledge about the impacts of changing workers’
information set on their labour market choices and search strategies (Bassi and Nansamba, 2021;
Beam, 2016; Jensen, 2012)

Abebe et al. (2021) report two parallel field experiments: a transport subsidy to visit job boards,
and a workshop intervention to help job-seekers to signal their cognitive and non-cognitive skills to
employers.

CSA defines enumeration areas as small, non-overlapping geographical areas. In urban centers, these
typically consist of 150 to 200 housing units.



Ababa and clusters outside the city boundaries. Clusters are selected at random from the
sampling frame. To minimize potential spillover effects across clusters, we impose the

condition that directly adjacent clusters cannot be selected together.

In each selected cluster, we used door-to-door sampling to construct a list of all indi-
viduals who: (i) are aged between 18 and 29 (inclusive); (ii) have completed high school;
(iii) are available to start working in the next three months; and (iv) are not currently
working in a permanent job or enrolled in full time education. We randomly sample in-
dividuals from this list to be included in the study. The lists include individuals with
different levels of education. We over-sample individuals with post-secondary education

to ensure that they are sufficiently represented in our sample.

All randomly selected individuals were contacted to establish their willingness to
participate in the study and be interviewed. We completed baseline interviews with 4,388
eligible respondents. We attempted to contact individuals by phone for at least a month
(three months on average) and dropped individuals who could not be reached after at
least three attempts. We also dropped any individual who had found a permanent job
at the time of baseline and had been in this job at least six weeks. Finally, we dropped
individuals who had migrated away from Addis Ababa during the phone survey. In all we
were left with 4,059 individuals included in our experimental study. Of these 1006 were
invited to the jobs fairs. Another 2226 were involved in the experimental interventions

discussed in Abebe et al. (2021), while 823 remain in the control group.

We collected data through both face-to-face and phone interviews. We completed
baseline face-to-face interviews between May and July 2014 and endline interviews be-
tween June and August 2015. Information was collected on the socio-demographic charac-
teristics of study participants, their education, work history, finances, and their expecta-
tions and attitudes. We also kept in touch with all study participants by phone throughout
the duration of the study, at which time we administered a short questionnaire on job

search and employment.®

We have low attrition: 93.3% of baseline respondents were re-interviewed at endline.
Few covariates predict attrition and we are unable to reject a joint F-test that a range of
covariates have no effect on attrition (see Appendix Table B.9 in the Online Appendix).
However, we do find that the individuals invited to the job fairs are slightly more likely
to respond to the endline survey. Yet, because attrition is low overall (8% in the control

group and 5.6% in the treatment group), we are not concerned that this affects our main

8 Franklin (2018) shows that high-frequency phone surveys of this type do not generate Hawthorne
effects and do not affect job-seekers’ responses at endline.



results. Our key findings are robust to bounding our estimates using the method of Lee
(2009). Attrition in the phone survey is also low; for example, we were still able contact
90% of the respondents in the final month of the study.’

2.2 Surveying firms

We surveyed 498 large firms in Addis Ababa. These firms were sampled so as to be
representative of large employers in the city, stratified by sector. All major sectors in
the economy are covered, including construction, manufacturing, banking and financial
services, hotels and hospitality, and other professional services. To sample firms, we first
compiled a list of the largest 2,178 firms in Addis Ababa. Since no firm census exists for
Ethiopia, we rely on a variety of data sources, including lists of formal firms maintained by
different government ministries. In all, we gathered data from more than eight different
sources. For the manufacturing sector, we rely on a representative sample of large firms
that took part in the Large and Medium Enterprise surveys conducted by the Central
Statistics Agency (CSA). For other sectors we requested lists of the largest firms from
the government agency in charge of that sector. Whenever information on firm size is

available, we impose a minimum size cut-off of 40 workers.

We draw the firms in our sample using sector-level weights to reflect the number
of employers in that sector in the city. We construct these weights using representative
labour-force data.'” The firms are, on average, large by Ethiopian and African standards.
The mean number of employees per firm is 171.5 workers. This masks considerable het-
erogeneity, particularly in the ‘Tours & Hospitality’ sector which is dominated by small
hotels and restaurants; when this sector is excluded, average firm size is 326 workers. De-
tailed information on firms’ total employment is given in Table 1, excluding casual daily

laborers. On average, firms report employing 34 casual laborers per day.

The firms in our sample are growing in size and looking to hire new workers. At
baseline, the median number of workers that a firm expects to hire in the next 12 months
amounts to 12% of its current workforce. The median rate of hiring is highest (16%)
among service sector firms, which are also the most likely to come to the job fairs. The

most common types of workers whom firms expect to hire are white-collar workers, usually

9 Appendix Figure B.1 shows the trajectory of monthly attrition rates over the course of the phone
survey.

10 Table B.6 in the Online Appendix shows the number of firms surveyed in our sample, divided into
five main categories. Column (2) provides weighted percentages obtained by applying the inverse of
the weights used to sample the firms. For instance we surveyed NGOs (“Education, Health, Aid”)
relatively infrequently because of the large number of NGOs in the data.



requiring university degrees. For details, see Appendix Table B.4.

3 Experimental design

3.1 Randomization to the job fair

We assign treatment of job-seekers to the job fairs by geographical cluster, after blocking
on cluster characteristics (see Abebe et al. (2021) for further details). The sample is
balanced across all treatment and control groups, and across a wide range of outcomes —
including baseline outcomes that are not used in the stratified randomization procedure.
We present extensive balance tests in Appendix Table B.1. For each baseline outcome
of interest, we report the p-values for a test of the null hypothesis that we have balance
between treatment and control groups. We cannot reject the null for any of variables that

we study.

We assign firms to either a treatment group or a control group using block-level ran-
domization techniques suggested by Bruhn and McKenzie (2009). Firms in the treatment
group are invited to attend the job fairs; control firms are not. The following method
is used to block firms for sampling. Firms are first partitioned into five main industries
(see Appendix Table B.6). Within each industry, firms are partitioned into blocks of four
nearest neighbors on the basis of their Mahalanobis distance over a set of baseline vari-
ables.! 'We then randomize the firms in each block into two groups of two firms: one firm
is invited to the first day of the job fair; the second is invited to the second day (see below
for details); and the other two are assigned to serve as controls. Given the relatively small
size of the firm sample, we use a re-randomization approach to ensure balance on a set of

baseline covariates listed in Table 2.2

3.2 Implementation of the job fairs

We invited treated job-seekers and treated firms to attend two job fairs. The first fair
took place on October 25 and 26, 2014. The second fair took place on February 14 and

11 The variables used for blocking are listed in Appendix Table B.7.

12 Following the recommendations of Bruhn and McKenzie (2009), we control for these covariates in our
estimation, as well as for the baseline covariates used to construct the randomization blocks. Details of
these variables and how they are defined are contained in our detailed pre-analysis plan. Simulations
show that, with this sampling strategy, we have 78% power to detect a small treatment effect of 0.2
standard deviations at a significance level of 0.05%.



15, 2015. We run two fairs to increase the chance that each job-seeker and firm is able to
participate in at least one of them. The job fairs were held at the Addis Ababa University
campus, a central and well-known location. To minimize congestion, each job fair lasted
two days and a randomly selected half of the firms and job-seekers were invited to attend
on each day. The firms that were invited to attend on Saturday 25 October were then
invited to attend on Sunday 15 February; firms invited for Sunday 26 October were invited
for Saturday 14 February. In contrast, job-seekers invited to attend on the Saturday of
the first fair were also invited to attend on the Saturday of the second fair; job-seekers
invited for the Sunday of the first fair were invited for the Sunday of the second fair. This
ensures that, in each job fair, job-seekers are exposed to a different pool of firms, and that

firms are exposed to a different pool of job-seekers.?

During each fair, job-seekers and firms are free to interact as they see fit. Each firm
sets up a stall before the job-seekers arrive. These stalls are typically staffed by the
firm’s HR team who bring with them printed material advertising the firm. In a typical
interaction, a job-seeker approaches the stall of a firm and asks questions about the firm
and its vacancies. The firm’s HR staff is then free to check his or her CV and to ask
about the job-seeker’s skills and work experience. If the job-seeker looks suitable for one
of the firm’s vacancies, the firm invites her or him for a formal job interview a few days
after the job fair.

To avoid self-selection out of the sampling frame, we do not restrict invitations to
the fairs to currently unemployed job-seekers, or to firms that have open vacancies at the
time of the fair. Of our initial sample of job-seekers, only about 8% had permanent jobs
by the time of the first job fair, and thus most job-seekers were still searching for work.
Similarly, most firms were hiring at the time that the job fairs were held. 89% hired at
least one worker in the year of the study and, on average, firms hired four workers in the

month after the job fairs and 52 workers in the year of the fairs.

In total, we invited 1,007 job-seekers and 248 firms to attend the fairs. Both job-
seekers and firms were contacted by phone, were given some information about the nature
of the fairs, and had the opportunity to ask questions. Among firms, 170 attend at least
one job fair, which represents quite a successful take-up rate of 68.5%. Of the firms that

do not attend the fairs, 12% say it is because they do not have an open vacancy at the

13 Weekend days are selected to maximize the opportunity for both firms and job-seekers to attend. In
preliminary discussions with firms, we realized that most would be unable to take time off from daily
activities to attend during the week, but they were interested in attending on a weekend. Similarly,
many job-seekers in our sample work in casual jobs and are more likely to be unavailable during the
week. Since many Ethiopians attend religious services on the weekend, we set a long enough time
window for job-seekers to be able to attend.

10



time. The remaining firms tend to cite logistical issues or previous commitments. Only

13 firms respond that they would not find the job fair useful.**
Of the 1007 invited job-seekers, 606 attend at least one fair, a 60% take-up rate. The

most common reason that job-seekers give for not attending the fairs is that they are busy
during that particular weekend. This reason is given by 226 job-seekers in the first fair
and 229 job-seekers in the second. Other reasons include not being able to take a new
job (9 job-seekers at the first fair and 83 at the second) and finding the venue of the fair
hard to reach (31 respondents for the first fair and 25 for the second).

Two baseline characteristics predict higher attendance by job-seekers: search effort at
baseline; and whether the job-seeker uses a school certificate during job search. It follows
that job-seekers who attend the fairs are, if anything, more active and organized in their
job search. Those who attend are also more likely to have a university degree or diploma,
but this is not statistically significant. Taken together, this evidence provides reassurance

that results are not driven by negative selection of job-seekers coming to the fairs.

3.3 Matching at the fairs

At the beginning of each fair, we give job-seekers a list of all the firms invited. In the
second fair, we also give job-seekers the list of all vacancies, and we give firms a list of
all job-seekers invited to the fairs, with some information about their education and past
work experience. We then ask firms to list up to 10 job-seekers with whom they would
like to talk at the job fair. After collecting the list of requested meetings from each firm,

we post them on a board at the fair.'®

In order to increase match efficiency and avoid congestion at the fairs, we create
a list of 15 recommended meetings that we give to each job-seeker at the beginning of
the fair. Of the 15 firms on the recommended list, 10 are selected using a Gale-Shapley
Deferred Acceptance algorithm described below (Gale and Shapley, 1962); the other five
are selected at random. The order of presentation on each list is similarly randomized.
We tell job-seekers that these are the firms they should talk to during the fair. Each firm
similarly receives a personalized list showing the names of all the job-seekers who have
been recommended to meet that firm. The recommendations are based on information

about firms’ vacancies that we obtain through a phone survey shortly before the fair.

14 In Appendix Table B.8, we run a descriptive regression to explore correlates of firm attendance at job
fairs.

15 Given the logistics of collecting lists of names from more than a hundred employers, the lists were
posted a few hours after the beginning of the fair.

11



The purpose of the Gale-Shapley algorithm is to suggest sensible matches for these
vacancies, given baseline characteristics of both job-seekers and firms. Indeed, not all job-
seekers are qualified for certain positions, and not all firms can attract the best job-seekers.
To avoid firms and job-seekers wasting time in unsuccessful meetings, we seek to pair those
firms and job-seekers who, given the distribution of firms and job-seekers at the fair, stand
a higher chance of leading to a hire. To this end, we start by constructing a synthetic
ranking of all vacant positions for each job-seeker, and similarly a synthetic ranking of
all job-seekers for each firm. The rankings of job-seekers by firms are constructed using
lexicographic preferences over: (i) whether the job-seeker held a previous occupation that
matches that of the vacancy; (ii) the job-seeker’s educational qualification for the job;
and (iii) the job-seeker’s years of wage employment. The rankings of job-seekers vary
across firms. For the job-seeker’s rankings of vacancies, we use a simple ranking over
the advertised wage. This means that, for the purposes of forming recommendations, all

job-seekers synthetically rank vacancies in the same way.

These rankings are not intended to represent literally the true preferences of all par-
ticipants over all possible matches. Indeed, gathering information on all these preferences
would have been logistically impossible in the allotted time — and any attempt to impose
such a ranking burden on job-seekers or firms would undoubtedly have reduced substan-
tially the participation in the experiment. Rather, the rankings are intended to provide
a fast way of improving on random encounters at the fairs that takes into account the
heterogeneous set of vacancies and job-seeker skills that are present at the fair. After
creating a ranking of job-seekers for each vacancy and a ranking of vacancies for each
job-seeker, a Gale-Shapley algorithm is used to match job-seekers and firms. Specifically,
the algorithm generates a single set of matches; we then iterate the algorithm 10 times,
requiring a different set of recommended matches each time.' This generates the 10

recommended matches mentioned above; to this list, we then add five random matches.

Figure 1 illustrates the outcome of the matching algorithm. Each point represents
a stable match recommended by the algorithm. The figure shows which combinations of
firm rankings and job-seeker rankings generated these recommended matches. The graph
provides a visual illustration that the algorithm worked well in the sense of generating
matches between firms and job-seekers who are, on the basis of job-seeker skills and
experience, reasonably suitable for each other. Note the substantial mass at the bottom-
left of the graph. It shows that, for those firms paying higher wages, the algorithm

recommend matches that provide a reasonable occupational fit. For example, for top

16 We implement this requirement by taking the matches recommended in iteration ¢ and placing those
matches at the bottom of the firms’ and job-seekers’ rankings in iterations s > ¢.

12



100 firms in the job-seekers’ ranking, the median match is to a job-seeker with a firm
ranking of just 14, that is, a job-seeker ranked quite high according to our synthetic firm

preferences.

4 The effects of the fairs

In this section, we document the impacts of the job fairs on employment outcomes and
search behaviour — both at the level of the job-seeker and at the level of the firm. We
begin by presenting evidence on hiring that took place at the fairs and in their immediate
aftermath. We then present impacts on employment and search outcomes at endline (six
months after the second fair). We also present evidence on the trajectories of impacts

based on a high-frequency survey conducted between baseline and endline.

We measure employment outcomes through data on job interviews, offers, hiring,
and employment in different types of jobs. To test for impacts on search behaviour, we
estimate treatment effects on reservation wages and on the search strategies used by firms
and job-seekers at endline (e.g., amount spent on advertising vacancies, amount of time
spent looking for jobs). It should be noted that impacts on search behaviour are more
likely to be observed if a direct effect on hiring is absent or weak: if treated job-seekers
find a job and firms fill their vacancies as a direct outcome of the fairs, they have little

cause to revise their expectations and search strategy.'”

4.1 Immediate impacts: Hiring at the job fairs

The fairs generated rich interactions between firms and job-seekers. 454 job-seekers (75%
of those attending) interacted with at least one firm at the job fair, either through an
informal interview or an in-depth discussion with a recruiter. This finding is particularly
strong among participants who benefited from the matching algorithm treatment (as

discussed below). In total, we record 2,191 contacts between firms and job-seekers.

The interactions at the fairs resulted in 105 formal job interviews conducted at partici-

pating firms in the immediate aftermath (the finding is based on a phone survey conducted

17 The pre-analysis plan that we filed for this experiment can be found at https://www.
socialscienceregistry.org/trials/1495. Most pre-specified outcome families are presented in
the order in which they appear in the PAP. Those that are not documented here in detail can be found
in the Online Appendix.

13


https://www.socialscienceregistry.org/trials/1495
https://www.socialscienceregistry.org/trials/1495

immediately after each fair).!"® Further, these 105 interviews are concentrated on 67 job-
seekers only, representing 11% of those attending the fairs. These interviews led to 76
offers (made in the immediate aftermath of the fairs) to a total of 45 job-seekers, which
represents a healthy conversion rate of one offer for each 1.4 interviews (and compares
favourably with the open-market rate of 1.9). Contrary to what one might expect in
a job fair for educated job-seekers, offers were disproportionately made to less-educated
applicants.'? A large majority (81%) of offers, however, were rejected. The offer rejection
rate is particularly high among less educated job-seekers: 85% for applicants with a high-
school diploma compared with 71% for those with tertiary education. Only 33% of offer
recipients with a high-school diploma accepted one of their offers. We view these findings
as prima facie evidence of a mismatch between workers’ expectations and what firms are
willing to offer. Overall, we find that the fairs had little immediate impact on hiring by
treated firms (Appendix Table B.11 and B.12).

In Appendix A, we test whether the limited impacts of the fairs on hiring may be due
to the market being too thin (too few high-quality matches available), or to problems of
congestion and mis-coordination during the fairs. We have evidence against both hypothe-
ses. First, we document that the firms attending the fairs had a large number of open
vacancies at the time of the event and the occupational composition of those vacancies
exhibits considerable overlap with the distribution of occupations desired by invited job-
seekers. Second, using dyadic data on firm-worker interactions, we show that our stylized
matching algorithm was useful in identifying matches that were deemed worth pursuing
by market participants. Specifically, we show that our synthetic rankings strongly predict
both requested meetings and actual meetings. The fairs thus appear to have reached their
objective of facilitating meetings between job-seekers and the firms that suited them best.
This reassures us that our setup managed to minimise wasteful interactions and potential

congestion.

4.2 Endline impacts on search, hiring and employment

In this section, we examine the impacts of the intervention at endline (six months after
the second fair). We report impacts on firms and workers separately. For the latter, we
also leverage a high-frequency survey to study the trajectories of impacts in the months

following the job fairs. Overall, we find clear evidence that both firms and job-seekers

18 This implies a rather low conversion rate of 1 interview for each 20.9 contacts established at the fair
(in the open market, we estimate that job-seekers get an interview every 3.5 applications made).

1955 offers (72%) went to job-seekers with at most a high-school diploma, even though they represented
a minority of the job-seekers attending.
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increase their search effort as a result of being invited to the fairs, and this leads to changes
in employment outcomes that are particularly evident for the group of job-seekers that

revised their search strategies the most (less-educated workers).

4.2.1 Impacts on firms’ search strategies and hiring outcomes

First, we study the impact of the intervention on the search and hiring outcomes of firms
measured at endline. To this end, we use an I'T'T approach with an ANCOVA specification.
Following current practice, covariates used for balancing the randomization are included

as controls. For each outcome of interest, we estimate regressions of the form:
yi = Bo + P - fairs; + a - Yipre + 0 - Tio + s, (1)

with robust standard errors. Variable y;c . is the dependent variable measured at baseline
and x;9 includes the randomization variables listed in Table 2. In the tables, we show
each regression as a row and we report the estimated ITT (Bl), the mean of the control
group, and the number of observations. We report both p-values and False Discovery

Rate g-values, the latter being calculated across the family of outcomes (Benjamini et al.,
2006).2

Our first finding is that, as a result of the job fairs, firms invested more in worker
search and recruitment. Our regression estimates, presented in Table 3, show that treated
firms are six percentage points more likely to advertise new vacancies in the last 12 months,
relative to a control mean of about 79%. They are also 12 percentage points more likely
to advertise for professional positions, relative to a control mean of 60%.%! Firms are also
almost 10 percentage points more likely to advertise their vacancies on the job boards,
relative to a control mean of 33 percent. All three effects are statistically significant after
controlling for multiple hypothesis testing. This suggests that the intervention leads both

firms and job-seekers to search more intensely through the main channels available to

20 Throughout this paper, we report the average treatment effect of the job fairs. As outlined in the
pre-analysis plan, our study was designed to enable us to estimate separately an effect of the fairs both
with and without additional information revelation about workers’ abilities. Since we found no direct
effect of the fairs on hiring for either treatment arm, and the experimental information revelation was
designed specifically to improve direct hiring at the fairs, we took the decision to pool the treatment
arms. This improves the precision of our null estimates of the direct effects of the fairs.

Throughout the analysis, we distinguish between professional workers and non-professional workers.
‘Professional workers’ refers to traditional notions of ‘white-collar employees’: typically those with
some degree or diploma working in relatively highly skilled positions. For manufacturing firms, ‘non-
professional workers’ refers mostly to production workers; for service-based firms, these include mostly
workers dedicated to client services (tellers, waiters, receptionists, etc).
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them at the time of the study.?”

Our second finding is that firms reorient their hiring away from highly educated
workers, in particular for professional positions. In other words, they lower the reserva-
tion quality of their hires. Among firms that hire above the median number of professional
workers — a pre-specified dimension of heterogeneity — we find that, beyond raising re-
cruitment investments, the fairs also (i) significantly reduce the proportion of professional
workers with degrees by about 7 percentage points (relative to a control mean of 72 per-
cent), (ii) reduce hiring by an average of 17 workers (over a control mean of 62 workers),
and (iii) reduce overall firm size.?® These results are consistent with the fact that firms
at the job fairs did not extend interviews to workers with degrees (as discussed above).
Importantly, they are also consistent with the finding — discussed in the next section —
that firms in this labour market have overly optimistic beliefs about the ability premium
of highly educated workers.

The changes in firms’ recruitment strategies have only small effects on aggregate
hiring outcomes at endline. We find a small but significant increase in unfilled vacancies
over the 12 month period from baseline to endline (in Panel A of Table B.10). We find no
impact on the time taken to fill open positions or on firms’ reported costs of recruitment.
We find no significant impact on the number of people hired in the last 12 months, the
hiring of job candidates with a degree, or hiring on a permanent contract (Panel B of
Table B.10).2* This is perhaps not surprising, given that our sample is composed of large
firms that hire on average 56 new workers per year. In these firms, changes in recruitment

practices may take a longer time to affect the overall composition of the workforce.

4.2.2 Impacts on job-seekers’ search strategies and employment outcomes

Next, we examine the effect of the treatment on job-seekers’ search, reservation wages,
and employment outcomes. The specification we estimate is the same as equation 1, but
we now focus on job-seekers rather than firms. To account for the fact that job-seekers
were randomized to treatment according to their enumeration area of residence, standard

errors are clustered by enumeration area. We report both conventional p-values and False

22 We do not find significant heterogeneity in these impacts. However, effects on recruitment appear to
be larger among firms that did not hire many young people at baseline (Table B.19). This result is
consistent with a learning story, as those firms likely have noisier and more inaccurate priors about
young people in the labour market.

23 Results (i) and (ii) are presented in Table B.23 in the Appendix, result (iii) is shown in Table B.22.

24 Similarly, we find no impact on the firms’ overall workforce composition (Appendix Table B.13),
overall turnover and employee growth (Appendix Table B.14), and general HR practices (Appendix
Table B.15).
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Discovery Rate g-values.

We have two key findings on how the intervention impacts the search behaviour of job-
seekers, which mirror the ones on the behaviour of firms. First, the treatment increases
job-seekers’ search effort. This is reflected in a higher number of visits to job boards at
endline as shown in Panel A of Table 4: treated job-seekers report roughly three more
visits to the job boards, relative to a control mean of 15. We can plot the trajectory
of the effects on search over time, using high-frequency phone call survey conducted
between baseline and endline. Figure 2 shows that the probability that a job-seeker visits
the boards goes up by about 8.3 percentage points (26 percent) in six weeks following the
first job fair.?® Since the job boards are the main source of information on vacancies, this

represents a sizeable increase in their effort to search for employment.

Second, the fairs reduce reservation wages, bringing them more in line with market
wages. We show these results in Panel A of Table 4. In column (1), we see that treatment
results in a significant 7 percent reduction in endline reservation wages. Further, to
test whether treatment brings reservation wages more in line with market conditions, we
construct a ‘wage mismatch’ variable equal to the absolute difference between the log of
the reported reservation wage, and the log of the average wage earned by a worker with the
job-seeker’s skill and education. We present data on the mismatch between market wages
and reservation wages in Table 5, and treatment effects on wage mismatch in column
(2) of Table 4. We find that treatment reduces the wage mismatch by a significant 4

percent.?

Turning to the impacts of the fairs on the employment outcomes of job-seekers, we
find that the effects are concentrated among the least educated ones, who experience a
large increase in employment quality due to the intervention. In Panel B of Table 4 we
disaggregate treatment effects by whether or not the respondent has more than secondary
education. Among the less educated job-seekers, we document an increase of 6 percentage
points in the probability of having a permanent job relative to a control mean of just 6
percent at endline — i.e., a doubling of the probability of permanent employment. We

similarly find an increase in the probability of having a formal job by 5 percentage points

25 Specifically, we estimate this difference in probabilities using a Linear Probability Model in an AN-
COVA specification, in which we regress job search on treatment, baseline search status and a sector
of baseline balancing variables. We cluster at the level of individual job-seekers, and show both point
estimates and 90% confidence intervals; we do this both by regressing on fortnight dummies, and by
imposing a quadratic shape.

Additional treatment effects on employment outcomes, job amenities, and job search at endline are
presented in Appendix Tables 4, B.2, and B.3.
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relative to a control mean of about 11 percent —i.e., a 45% improvement.?” It is important
to note that less educated workers are also the ones that experience the most significant
changes in the search strategies, driving the average impacts discussed above (i.e., higher
search effort and lower reservation wages).”® This is consistent with the hypothesis that
changing search strategies in light of the information acquired at the fairs leads to better

labour-market outcomes for job-seekers.

5 A dynamic model of search under distorted beliefs

The results in section 4 show that the experience of attending the fairs — rather than the
successful creation of a match — persuaded each side of the market to revise their search
strategies. On the one hand, firms hired very few job-seekers through the fairs, yet the
fairs caused firms to invest more in worker search and recruitment. On the other hand,
the fairs caused job-seekers to expend more effort on search, and to lower their reservation
wages, and to be more likely to find jobs six months later. This immediately implies that

each side of the market received an important shock to their beliefs.

In this section, we present a stylised theoretical framework that helps us to interpret
the results outlined above, and offers an explanation for the observed changes in search
behaviour after the fairs. Specifically, the model formalises the notion that firms and
job-seekers held beliefs that made them overly optimistic about the possibility of finding
a good match, given their existing investments in search. The model illustrates how a
sobering information shock can cause an increase in search effort. We consider a firm
trying to fill a single vacancy (we later discuss how the same framework also usefully
captures the search problem of a job-seeker). The model incorporates important features
observed among surveyed firms — notably, that firms (i) often have a specific notion of a
minimum appointable standard when advertising a position, and (ii) seldom hire quickly

for an advertised position.

The model firm searches in discrete time (with discount factor § < 1). In each period
that the vacancy remains unfilled, the firm suffers a direct reduction in profit of x > 0; this

could reflect, for example, the cost of being unable to proceed with a project for want of

27 In the bottom row of Table 4 we report p-values for the null hypothesis that treatment effects are
equal across educational categories. The null is rejected for wage mismatch and having a permanent
job, and it is close to being rejected (p < 0.12) for visiting job board and having a formal job.

28 They reduce their reservation wages by 9 percent as a result of treatment, closing the mismatch between
reservation wages and market wages by 7 percent. They increase their visit to the job boards by 4.2
percent, relative to a control mean of 11 visits.
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filling the vacancy. In each period that the vacancy remains unfilled, the firm may spend
s > 0 to generate k matches with prospective employees, such that k|s ~ Poisson(s).
The quality of any given match x > 0 is drawn from some distribution Fx(z; i), where the
mean g represents the firm’s belief about the quality of available applicants. We denote
by y the quality of the best match realised in a given period (where y = 0 if there are no
matches); following Bobotas and Koutras (2019) and Wilken (2021), this best match has

CDF Fy(y; s, p) = exp{[Fx(y; ) — 1] - s}.

Having observed y, the firm decides whether to hire. The firm optimally does this
using a cutoff rule, comparing y to some reservation match quality x; thus, the firm hires if
y > 7 and otherwise prefers to leave the position open. We impose that the firm has some
minimum match quality z, implied by the technical requirements of the position; this
operates as a lower bound on the firm’s choice of Z. For example, there is a minimum set
of technical skills that a crane driver must reach before she can be employed — irrespective

of how costly the firm finds it to leave the position vacant.

For simplicity (and following McCall (1970)) we assume that, if the firm hires, the
contract is permanent — so that the value of meeting a best applicant with quality y > 7 is
simply V(y) = y/(1— ). Note that the firm is indifferent between all values of y € [0,7);
therefore, the value to the firm of leaving the position unfilled is defined recursively as:

V(0) = max —r—as+[-E[V(y|sT,p), (2)
where
_ _ <y
B(V(y|sim0) = Fe(@sn) VO + [ 1 dFv(ss. )
Firm do:zsr not hire h Firn;’hires .

and, by the definition of the bounded reservation quality,?’
7 = max[(1 - §) - V(0),2]. ()

Together, equations 2, 3 and 4 describe the model, and capture its key trade-offs. The
firm has two distinct reasons to hire: (i) an extensive margin impact (by hiring, the firm
avoids the loss of k), and (ii) an intensive margin impact (by hiring, the firm also gains y
in every subsequent period). The firm invests in costly search activities (s > 0) in order

to increase the number of matches — and, therefore, to improve the expected quality of

29 That is, if the firm were unconstrained, it would set T such that V(Z) = V(0). The firm chooses the
greater of this value and the minimum reservation quality, z.
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the top candidate.

Depending on the values of the key parameters, this model is capable of generating
several different types of behaviour — and, in particular, different comparative statics
with respect to firm beliefs about worker quality.®’ In Figure 3, we consider a regime with
particular relevance to our experimental results, using relatively large values for both
and 2.>! On the horizontal axis of each panel, we show p — with higher values of x to the
left, so that a move to the right indicates a more pessimistic firm belief.?> Panel A shows
the firm’s optimal choice of search effort, s. Panel B shows the firm’s reservation quality,
T; specifically, it shows both z, as a dotted blue line, and (1 — 3) - V(0), as a dotted red
line; the solid black line is therefore the upper envelope, . Panel C shows the firm’s
anticipated probability of hiring, given its beliefs: Pr(y > 7T |s). It is useful to visualise
this anticipated probability in order to understand the motivation for the firm’s optimal

choice of both search effort and reservation quality.

Here, the model demonstrates three distinct regimes. First, on the left of each figure,
is relatively large; here, a ‘pessimism shock’ (that is, a decrease in p) leads to a decrease in
search. This might be understood as the ‘safe regime’; because the anticipated probability
of finding a suitable applicant is extremely high (Panel C), the decrease in p causes a
reduction in search in the current period (Panel A) because, when the pool quality is high
and thus the expected value of y next period is high, the marginal gain from searching
more intensively today is small relative to waiting for a better applicant tomorrow. In
this regime, the exogenous minimum quality (z) does not bind: the reservation quality is
determined by the option value of leaving the position vacant to ‘wait and see’ whether
a more suitable candidate can be found. In turn, this implies that the value function is
continuous at T (because V(z) = V(0) = /(1 —5)). In the safe regime, a small reduction

in the expected pool quality reduces search.

At the other extreme, if p is very small (far right of the figure), the firm lies in an
‘exit regime’: the effort required to find a suitable candidate is so high that it is optimal
not to search at all. In the exit regime, a pessimism shock has no effect at all since the

firm has already decided not to search.

Between the two is an intermediate regime that we dub the ‘unsafe regime’. The key

characteristic of this regime is that u is not low enough as to make search unprofitable, but

30 We solve this model using a standard value function iteration (where we evaluate E [V (y | s; T)] using a
fast Monte Carlo integration). For our numerical implementation, we use the Exponential distribution
for x; that is, we use F(x;u) =1 — exp(—z/p).

31 For this illustration, we use a = 1, 8 =0.95, x = 50 and z = 5.

32 Specifically, we graph values for u from = 3 down to u = 0.5.
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is sufficiently low that the exogenous minimum quality (z) binds on the firm’s reservation
quality (Panel B). This implies that the value function is discontinuous at T: if the firm’s
top candidate is just below the appointable quality z, the firm suffers a discrete fall in profit
compared to a candidate who barely reaches that threshold (formally, lim, - V(y) <
V(Z)). In turn, this implies that the firm anticipates a meaningful probability that it
will not hire (Panel C). In this regime, for sufficiently low p, the decrease in p causes an
increase in search expenditure. Given the relatively high cost of not filling the position
(k >> 0), and driven by the firm’s growing concern that it will not find a suitable

candidate, the pessimism shock makes the firm search more intensely.

We view this intermediate regime as being not only the most interesting, but also
empirically the most relevant.?®> The notion of an exogenous minimum candidate quality
(z >> 0) is justifiable by technical requirements (as in the example earlier, of a crane
driver); it may also reflect organisational constraints, by which firms may face internal
morale consequences of hiring underqualified candidates at a posted wage (see, for exam-
ple, Breza et al. (2018)). The notion of a discrete cost of not filling a position (k >> 0)
resonates, for example, with ‘O-Ring’ style production processes (Kremer, 1993), in which

the absence of a worker generates productivity costs for the firm as a whole.

What about unemployed workers? The model discussed above describes a firm search-
ing for a prospective employee. The same stylised setup can readily be understood, mutatis
mutandis, as describing search behaviour of our job-seekers. In the case of a job-seeker,
x and y can be understood as referring to posted wages, and x >> 0 can be understood
as capturing the disutility from being unemployed (including, for example, facing social
pressure from family and friends, needing to impose on the generosity of others for finan-
cial and accommodation support, and so on). In the job-seeker context, we can think of
z >> 0 as a reference point below which the job-seeker is not willing to shift — driven,
perhaps, by the leisure value of remaining unemployed, or by a distaste for low-status
work (as documented, for example, by Groh et al. (2015) in Jordan).

In the unsafe regime, the searching-firm model predicts that a pessimism shock (i)
increases search effort, and (ii) has no effect on reservation quality — because, in that
regime, T = 2. The model makes similar predictions for job seekers: in the unsafe regime,
they respond to a pessimism shock by increasing job search and, initially at least, they
keep their reservation wage T = z unchanged. It is, however, not difficult to imagine a
model extension in which z adjusts over time as unemployed workers ‘swallow their pride’

and settle for a less ideal wage — for example, as a result of liquidity constraints as the

33 The model is capable of generating other patterns, for other parameter values. For example, for
z = Kk = 0, the firm lies in the ‘safe regime’ for all u.
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unemployed job-seeker exhaust available search funds and family support.

6 Measuring beliefs directly

Our theoretical framework shows — both on the firm side and the job-seeker side — that it
is likely that a sobering shock to beliefs will increase search intensity. In this section, we
provide empirical evidence showing that workers and firms at the job fairs indeed had over-
optimistic beliefs about the quality of a likely match during the intervention. However,
this does not establish that over-optimism is a general feature of the labour market we
study, as the fairs may have exposed individuals to a negatively selected sample of the
other side of the market, or may have inadvertently sent misleading signals (we discuss
these alternative explanations in depth in section 6.4). Thus, we returned to the field to
collect new data on the beliefs of representative samples of firms and workers and found
clear evidence that, in equilibrium, beliefs are indeed systematically inaccurate, on both
sides of the market. This is one of the most central findings of this paper. Importantly,
it also helps us support the hypotheses that (i) unrealistic beliefs contribute to the low
levels of hiring at the job fairs, and (ii) that the downward revision of beliefs caused by

the job fairs did bring expectations closer to reality.

6.1 Follow-up survey

Following up on our initial experiment, in 2019 we conducted a new belief-elicitation
exercise with firm managers and job-seekers. Since our objective was to understand
whether potential misperceptions exist among market participants in the absence of our
treatment, we did not go back to the original sample that took part in the experiment
but rather surveyed a new representative sample of job-seekers and firms. Specifically, we
contemporaneously sampled firms that were advertising vacancies on Addis Ababa’s job
boards and job-seekers that were looking for vacancies at those job boards.** The survey
has three unique features. First, it focuses on a real, well-defined labour market. Second,
it elicits beliefs on both sides of the market. While a number of papers study job-seeker

beliefs, systematic data on the beliefs of firm managers is rare, especially in developing

34 We interviewed 395 firm managers and 779 job-seekers. We recruited job-seekers between the age of
18 and 29, who had at least a high school diploma. We contacted a random sample of firms that were
advertising a position on the job boards or in the newspaper between the end of November and the
end of December 2019. We also contacted some of the firms that job-seekers were applying to. In
this way, we selected samples of firms and job-seekers that resemble on key dimensions our original
experimental participants.
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countries. Third, the survey enables us to measure the accuracy of beliefs. In particular,
we can contrast firms’ answers with the true empirical counterparts obtained from the
job-seeker survey and viceversa; this improves over existing studies that elicit beliefs but

cannot measure their accuracy.®”

The questionnaire for firms carefully elicits firm managers’ beliefs about the ability of
job-seekers — a key element of the model outlined above. Since our intervention produced
very heterogeneous effects by job-seeker level of education, we document expectations with
respect to tertiary-educated applicants and high-school graduates separately. Ability is
measured as a job-seeker performance on a Raven’s test. We took a number of steps
to make sure that lack of familiarity with such a test among firm managers would not
distort our results. First, we provided the instructions for the test to the firm managers,
so that they could familiarise themselves with it. Second, before managers answered the
ability questions, we provided them with real statistics on the difference in test score
between workers with a high (75th percentile) and an average GPA in our sample. This
served the purpose of generating an anchor by giving employers a sense of how test results
correlate with an observable characteristic (GPA) commonly used in hiring. In addition to
measuring expectations about job-seekers’ ability, we also elicited managers’ beliefs about
the job-seekers’ reservation wages and their work experience. The elicitation exercise was
incentivised.?®

The questionnaire for job-seekers focuses on their beliefs about the distribution of
wages across sectors, their reservation wages, and their beliefs about the expected dura-
tion of unemployment. We elicited beliefs about the distribution of wages by asking the
job-seeker what proportion of jobs currently advertised paid a wage lower than a set of
thresholds (from 10,000 ETB to 1,000 ETB per month). Similarly, we elicited reservation
wages by asking the job-seeker whether they would accept a job that would pay at least a
certain amount. This amount was decreased until we found the wage bracket correspond-
ing to the job-seeker reservation wage. To minimise complexity, we did not incentivise the
elicitation of beliefs among job-seekers. Finally, after the belief-elicitation was completed,

job-seekers took a 12-item Raven test.

In light of our theoretical model, we use the data from the survey to investigate

35 In addition, our survey focuses on a new sample of market participants as opposed to the original
experimental subjects. This has two distinct advantages over working with our original sample. First,
attrition after several years may have biased our sample. Second, the subjects that took part in the
intervention were exposed to the information they gained at the fairs. Our interest, on the other hand,
is in uncovering perceptions biases that may have existed prior to the fair.

Participants were told that one of the questions they were asked would be randomly drawn at the end
of the survey and they would receive a prize based on the accuracy of their answer.
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the hypothesis that firm managers and job-seekers may have distorted perceptions about
the quality of available matches. For firm managers, we test this by comparing their
perceptions about the quality of job-seekers (i.e., their ability) with the actual distribution
of ability in our sample. For job-seekers, we test whether beliefs about the expected
duration of unemployment and the quality of available jobs (proxied by wages) align with

reality. We also test how their reservation wages compare with prevailing wages.

6.2 Distorted beliefs among firm managers

We find clear evidence of distorted beliefs among firm managers. Our first result is
that firm managers overestimate the ability of job-seekers. We asked firms to predict
how many questions on a Raven’s test a representative individual with high school or
tertiary education, respectively, after first asking firms to familiarize themselves with the
test. Figure 4 shows that 65% of firms overestimate the average Raven’s test scores for
workers in the educational category for which they are currently hiring. Firms’ average
forecast of tests scores is higher than the true average. We find that all of this average
overestimation comes from managers overestimating the ability of workers with tertiary
education. We show this in Figure B.2 through a series of ‘raincloud plots’ of manager
beliefs, with superimposed vertical lines showing the average job-seeker characteristic.
At the same time, we find that firms underestimate the ability of secondary-educated
job-seekers. The average secondary-educated job-seeker answers about 5 questions on
the Raven test correctly, while the average tertiary-educated job-seeker answers about
5.3 questions correctly. By contrast, the median firm forecasts that secondary-educated
job-seekers answer 4 questions correctly, while tertiary-educated job-seekers answer 6
questions correctly. In other words, the true ability premium associated with tertiary
education is less than one fourth of what firms expect. Further, the perceived difference
between the two groups is twice as the large as the difference in Raven performance
between individuals at the 75th percentile and at the mean of the GPA distribution —
the anchoring information we gave to firms before these forecasts. Overall, almost 75%
of firms overestimate the ability of tertiary-educated job-seekers and about 90% of them
overestimate the ability premium associated with tertiary education. Because most firms
in our sample are trying to hire workers with tertiary education, the average firm in
the sample overestimates the ability of the types of worker they are trying to hire as

summarised in Figure 4.

Additionally, we find that firms overestimate work experience and reservation wages

among tertiary educated job-seekers. More than 75% of managers overestimate the share
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of tertiary educated job-seekers who have at least two years of work experience (Figure
B.2). The median manager expects about 20 percent of tertiary-educated workers to
have two years of work experience, a figure that is almost twice the true proportion.
Furthermore, in the survey, we ask firms to indicate the proportion of job-seekers who
would accept different wage levels for the most common job available at the firm. Figure 5
shows that firms overestimate the reservation wages of tertiary-educated job-seekers across
occupations — but most starkly with respect to professional roles. Finally, as was the case
for ability, the patterns for secondary-educated workers are reversed: firms underestimate

both their work experience (e.g. Panel B of Figure B.2) and their reservation wages
(Figure B.3).

In sum, firms on average overestimate the ability and work experience of the jobseekers
they are trying to hire. This shows unequivocally that firm beliefs are inaccurate in
equilibrium. Furthermore, our findings on firm beliefs can help explain why hiring at the
job fairs was modest: firms were disappointed by the tertiary-educated job-seekers they
met, while they underestimated the ability and reservation wages of the secondary-job-
seekers, so the offers they extended to this group were rejected. This interpretation is
further supported by clear evidence that past experience is highly sought after by firms.
First, the most common reason firms report for not hiring more at the fair is ‘insufficient
work experience’ (34% of firms).>” Second, past experience is the strongest predictor
of a meeting request according to our dyadic analysis of firm-requested meetings (and
the effect is strongest among workers with tertiary education, in line with our story).*®
Overall, the evidence is consistent with the idea that the fairs gave firms an opportunity
to acquire information and negatively update their beliefs by interacting with a large
number of candidates. This led, in turn, to the observed revision in their search strategies

as predicted by the model.

6.3 Distorted beliefs among job-seekers

On the job-seeker side, we have clear evidence of over-optimism about available oppor-

tunities among workers with lower levels of education. First, job-seekers with less than

37 Other common reasons relate to the perceived expertise of workers or poor interview performance (see
Table B.17). Educational mismatch plays a role, but is certainly not the most important factor.

We apply the same dyadic regression approach as in equations (5) and (6) and report the results in
Table B.18. The dependent variable is requesty;, a dummy equal to one if firm f requested a meeting
with job-seeker j, using a centralized meeting-request algorithm that we offered to firms at the fair.
Regressors include job-seeker and firm characteristics. The results are not driven by firms who sought
experienced job-seekers outside the fair: even firms willing to hire graduates without work experience
at baseline are more likely to request experienced job-seekers at the fair.
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tertiary education overestimate the probability of attaining permanent employment within
12 months. This is shown in Figure 7, which compares the expected likelihood of finding
a permanent position according to job-seekers in our most recent survey with data on the
actual likelihood of getting a permanent position in the control group of our experimental
sample.’” For example, 55% of job-seekers with only a high-school diploma expect to
find a job with a permanent contract in less than 1 year. In reality, only 5.8% of our
experimental sample found a permanent job within 1 year. Furthermore, when asked
about job-seekers in the same age cohort with the same education and work experience,
respondents expect 30% of them to find a permanent job within one year. This suggests
that job-seekers with a high-school diploma are not only over-confident about their own
ability relative to the rest of their cohort, they are also over-optimistic about the prospects
of the average individual like themselves.

Second, in contrast to job-seekers’ misperceptions about their likelihood of attain-
ing employment, we find that their beliefs about the quality of available jobs (proxied
by wages) are well-aligned with reality. When asked about average wages in different
occupations, the answers respondents provide closely track prevailing wages in different
sectors (Figure B.5 and B.4).

Third, turning to reservation wages, we find that 70% percent of job-seekers with only
high-school and no permanent work experience would reject a job paying 2000 ETB per
month. Yet 44% of jobs in the same market for that occupation and level of experience pay
less than 2000 ETB per month. This finding was also evident in the data collected at the
time of the experiment, where we recorded reservation wages among job-seekers that were
strongly misaligned with the wages that firms at the fairs were expecting to pay.’’ Such
misalignment is consistent with the high offer-rejection rate by less educated job-seekers
at the fairs discussed above. In contrast, Table 5 shows that job-seekers with tertiary

education that were invited to the fairs have reservation wages that are well within the

39 Since we only interview job-seekers once, we do not have data on the length of their unemployment
spell in the most recent survey and we have to resort to the experimental sample. We believe this
provides a valid benchmark. First, the two populations were selected using similar screening criteria
based on age and education. Thus, when we re-weight by observables to ensure comparability between
the two samples, there are no qualitative changes in our findings. Second, although the two samples
were interviewed a few years apart, aggregate labour market conditions are not significantly different
between the two periods. Third, to drive the observed divide between more educated job-seekers and
less educated ones, labour market conditions should have varied differentially for different groups of
workers. We have no evidence of that occurring.

As shown in Table 5, job-seekers invited to the fairs with a high-school diploma and no experience
report a median reservation wage of 1,300 Birr per month. This stands in sharp contrast to the median
salary of 855 Birr that firms report offering to high-school graduates with no work experience.
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boundaries of what is available in the market.*!

Finally, our data allows us to dig deeper into the biases that may lead job-seekers
to have over-optimistic beliefs about their likelihood of attaining employment and their
excessive reservation wages. We have already shown that the latter is not due to mis-
taken beliefs about how much different jobs pay. An alternative hypothesis is that they
may be targeting jobs that are beyond their reach (i.e., they have high reservation wages
because they expect to have high chances of getting well-paid jobs). In other words, they
overestimate their probability of employment in ‘good jobs’. We find evidence in support
of this hypothesis. The data shows that job-seekers with secondary education often seek
positions for which firms largely hire tertiary educated job-seekers (and which, therefore,
they are unlikely to get). Figure 6 shows this clearly. A large proportion of job-seekers
with secondary education (Panel A) seek employment in professional categories such as
‘Technicians and professionals’ and ‘Services and sales workers’, even though firms of-
fer relatively few opportunities in those roles to job-seekers with secondary education.
This may explain why job-seekers with secondary education rejected job offers at the
fairs: those offers were overwhelmingly for the less-professional occupations and with-
out permanent contracts; over-optimism may have caused them to hold out for relatively
unattainable positions. Conversely, the search efforts of job-seekers with tertiary educa-
tion (Panel B) are better aligned with available opportunities: the occupations they seek
(e.g., ‘Technicians and professionals’) are the most commonly offered to tertiary graduates

by employers in our sample.

Why are low-educated job seekers targeting jobs that are generally out of reach for
them? Are they misinformed about the kinds of profiles firms are looking for professional
jobs, or over-confident about their own ability relative to other people like them? Our
beliefs data suggest that it is the former: these job seekers are misinformed about the the
likelihood that someone with their profile will get a professional job. We asked job-seekers
who were targeting high-skilled jobs —managerial, technical or professional jobs, who they
thought would eventually get that job. Among job seekers who have not completed a ter-
tiary degree, fewer than 20% believe that the vacancy will eventually be filled by someone
with a tertiary degree. A similar number think that a degree is a minimum requirement
for the job. In reality, among firms in the beliefs’ data, 71% of high-skilled vacancies
have degrees as a minimum requirement, while 74% eventually went to someone with a

degree. Half of the job seekers think that no previous work experience is a requirement

41 On average firms report paying recruits with a university degree around 4,500 Birr per month, which
is well above the median reservation wage of 2,500 Birr reported by university graduates without
exprience at the fairs. Only 10% of tertiary graduates in our sample have a reservation wage above
the average wage paid for employees with their qualifications.
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for a high-skilled job, and 36% think that the job will go to someone without any formal
work experience. In reality, firms report that only 16% of high-skilled jobs require no

formal experience, 59% of jobs require two or more years of experience.

On the other hand, job-seekers with secondary education have fairly accurate beliefs
about the distribution of wages in specific occupations (Figure B.5; the same is true
for job-seekers with tertiary education, as shown in Figure B.4). If anything, they tend
to overestimate the proportion of jobs at the bottom of the wage distribution. High
reservation wages among high-school graduates are thus plausibly linked to having an
unrealistic occupation target, rather than an inaccurate perception of the wages paid in
the market.

In sum, over-optimistic beliefs about the likelihood of employment and high reser-
vation wages among high-school graduates are plausibly linked to having an unrealistic
occupational targets, rather than an inaccurate perception of the wages paid in the mar-
ket. The information gathered at the job fairs, where workers had an opportunity to learn
what profiles firms were actually looking for, gave them a chance to update their priors,
triggering the observed change in their search strategies, and improving their employment

outcomes.

6.4 The follow-up survey and alternative interpretations of the

job fair

The follow-up survey shows that both firms and job-seekers hold unrealistic beliefs about
each other. This immediately provides a plausible explanation for the failure of the job
fairs to create any meaningful number of new hires — notwithstanding the success of the
fairs in encouraging job-seekers and managers to meet. Together with our model, it can
also explain the changes in search and employment behaviour observed in the aftermath
of the job fairs: both sides of the markets observed some truth about the fundamentals

of the labor markets, and that caused them to update to their beliefs in line with reality.

This evidence on beliefs provides key evidence for our preferred interpretation of
the experimental findings, against two alternative explanations. The first explanation is
based on selection. Suppose that firms and jobseekers have correct beliefs, but the fairs
expose them to non-representative samples of market participants. For example, the firms
that attend the fairs may have more competitive vacancies than the average firm on the
market. If workers do not take this selection into account, they may incorrectly become

more pessimistic about the probability of securing a job. The second explanation is based
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on unintended signals: workers and firms may mis-interpret the invitation to the fairs as
a negative signal about the state of the labour market. Alternatively, in a case when the
low matching rate at the fairs was due to poor logistics (e.g. workers had a hard time
locating the right employers, etc...), participants may wrongly attribute the low matching

rate to labour market fundamentals.

Under all of these stories, the job fairs generate a misleading signal about the market
that moves participants’ priors away from the truth. Our descriptive evidence on selection
and matching at the fair gives us initial evidence against these explanations. We showed
that the samples invited to the fairs were fairly representative and that take-up was not
highly selected. Further, in Section A.1 and Section A.2 we presented results showing
that meetings were positively selected on expected match quality, helping us rule out the
poor logistics story. For these reasons, we conclude that attendees came to the job fairs
with over-optimism that was underpinned by the same incorrect beliefs that we document
in our follow-up survey; the more pessimistic outlook of attendees after the job fairs is
consistent with their having corrected these misperceptions. In sum, the results presented
in this section further support our preferred alternative interpretation of the experimental
result — that both workers and firms were overoptimistic and the fairs helped to correct
this.

7 Conclusion

We run a novel experimental job fair, with a unique dual randomization — both on the
side of job-seekers and of participating firms. The job-seekers invited to the fairs are
representative of the type of young job-seekers whom firms usually hire, and participating
firms are a representative sample of large employers. We facilitate interactions between
job-seekers and firms by providing information about job-seekers’ education and firms’
vacancies, and by suggesting matches based on a Gale-Shapley algorithm. We study both
the direct effects of the treatment on job-seekers’ and firms’ outcomes, and subsequent

effects on both learning and search.

We find that the fairs generate a rich set of interactions between job-seekers and firms,
and that the matching algorithm is successful in increasing the efficiency of the matching
process. However, the direct impact of the treatment on employment outcomes is very
limited: only 14 hires are made as a direct consequence of two job fairs that bring together
hundreds of firms and job-seekers. Crucially, however, we find clear evidence of delayed

effects of treatment, as both firms and job-seekers appear to learn from the experience at
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the fairs: they change their expectations accordingly and adjust their search strategies.
Treated job-seekers with at most a high-school diploma had misaligned reservation wages
prior to treatment; after the fairs, they search harder and experience a significant increase
in their probability of obtaining a formal job. Treated firms increase their efforts to search,
both for professional positions and through advertising at the job boards. Follow-up
survey work with similar job-seekers and firms confirms both that firms have an inaccurate
perception of the skill premium of job-seekers with tertiary education, and that job-seekers
have overly optimistic beliefs about the probability of obtaining professional jobs given

their qualifications.

The main contribution of our paper is to show that both firms and job-seekers hold
inaccurate beliefs about market fundamentals — that is, that labour market participants
suffer not merely from a problem of information asymmetries, but from a deeper misper-
ception of the distribution of characteristics among other market participants. Although
we find that the fairs did not directly facilitate matches — suggesting that reducing the
costs of face-to-face meetings alone is not sufficient to overcome matching frictions in this
context — we do find that the fairs serve to reduce these deep misperceptions. These
results show that active labour market policies that increase contact between job-seekers
and firms — such as job fairs, and including many other classes of policy intervention —

are likely to generate important learning effects on both sides of the market.
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Table 3: Firm recruitment methods

Outcome Estimated ITT Control Mean Observations

Firm performed formal interviews (professionals) 0.0440 0.682 473
(.038)
[.138]

Firm performed formal interviews (non-professionals) -0.0140 0.607 473
(.039)
[.401]

Did any advertising for new hires 0.0580 0.789 473
(.032)*
[.074]*

Did advertising for professional positions 0.120 0.595 473
(.038)***
[.009]***

Did advertising on the job boards 0.0960 0.331 473
(.042)**
[.044]**

Notes: Each row reports a separate regression. For each regression, we report the estimated ITT from
participating in the job fair, the mean in the control group, and the number of observations. Standard

errors are reported in parentheses; False Discovery Rate q-values are reported in square brackets.
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Table 5: Mismatched expectations: Reservation wages of workers before the
fairs, wages offered at the fairs, and endline employment outcomes (Medians)

Education of worker
High-school Vocational Diploma Degree

Panel A: Workers’ reservation wages and firms wages for jobs offered at the job fairs

Worker reservation wages before fairs

With Experience (13%) 1500 2000 2000 3000
Without Experience (87%) 1300 1500 1600 2500
Firm wages for positions at fairs

Require Experience 1588 1900 3250 5685
Don’t require Experience 855 1018 1168 3500
All Jobs 973 1500 2900 4500

Panel B: Workers’ employment outcomes at endline

Worker employment rates at endline

All jobs 50% 46% 43% 69%
Permanent jobs 6% 17% 19% 35%
Worker wages at endline by experience

With Experience 1450 1450 1743 3000
Without Experience 975 1400 1350 2100
All Experience levels 1000 1400 1500 2300

Worker wages at endline by job type
Permanent work 950 1400 1662 2373
Non-permanent work 1000 1400 1200 2291

Notes: This table describes self-reported reservation wages (for jobseekers) using phone survey data in
the weeks just prior to the first job fair, offered wages at the job fair (for firms), and endline wages (for
jobseekers), disaggregated by types of worker and type of job.
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Figure 1: Output of the matching algorithm
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Notes: This figure illustrates the outcome of the matching algorithm. FEach point repre-
sents a stable match recommended by the algorithm. The figure shows which combinations
of firm rankings and job-seeker rankings generated these recommended matches. The
graph provides a visual illustration that the algorithm worked well in the sense of gener-
ating matches between firms and job-seekers who are, on the basis of job-seeker skills and
experience, reasonably well-suited to each other.
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Figure 2: Impacts on Job Search by Fortnight
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Notes: This figure shows the probability, for each fortnight, that treated job-seckers visit
the job board, relative to job-seekers in the control group. Fortnight 0 is when the first
job fair was held; the second fair was held in fortnight 8. We estimate the difference in
probabilities using a Linear Probability Model in an ANCOVA specification, in which we
regress job search on treatment, baseline search status and a vector of baseline balancing
variables. We cluster at the level of individual job-seekers, and show both point estimates
and 90% confidence intervals; we do this both by regressing on fortnight dummies, and by
mmposing a quadratic shape.
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Figure 3: Model predictions

PANEL A: SEARCH
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This figure shows the key predictions of our dynamic search model. Specifically, it shows numerical
results obtained by a value function iteration (and using a standard Monte Carlo integration). We use
the Exponential distribution: Fp(x;u) = 1 — exp(—xz/un), and set « = 1, § = 0.95, kK = 50 and z = 5.
The horizontal axis shows values for p from p = 3 down to u = 0.5. The panels respectively show
(i) the firm’s optimal search effort, s (Panel A), (ii) its reservation quality, T (Panel B), and (iii) the
resulting probability of hiring, Pr(y > T|s) (Panel C). (Panel B shows both z, as a dotted blue line, and
(1 —=7p)-V(0), as a dotted red line; the solid black line is therefore the upper envelope, T.)



Figure 4: Distribution of manager’s forecast error on jobseekers’ average
Raven’s test score
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Notes: The forecast error is computed as the difference in percentage points between a
manager’s belief about the average score of workers in the educational category (high
school or tertiary education) most sought after among current vacancies open at the firm,
and the actual average score of workers in that educational category.
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Figure 6: Distribution of occupation sectors
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PANEL B: TERTIARY GRADUATES
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Note: This figure shows the distribution of (i) the proportion of total jobs in the most
common occupations in each firm, and (ii) the sector of the job most commonly looked
at by job-seekers in the last week. We show both bars for the five most common sectors
for the firm side. We report Dy, the Kullback-Leibler distance from the distribution of

jobseeker sectors to the distribution of firm occupation sectors.
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Figure 7: Jobseekers’ expectations of finding a job with a permanent contract
in the next 12 months
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Note: ‘Ezxpectation: Self’ refers to jobseekers’ stated probabilities that they will be employed
with a permanent contract in the next 12 months, as measured in our 2019 follow-up
survey. ‘Erpectation: Other’ refers to jobseekers’ stated probabilities that others like them
will be employed with a permanent contract in the next 12 months, as measured in our
2019 follow-up survey. ‘Actual’ refers to the actual proportion of jobseekers who found a
job with a permanent contract, using our original survey data.
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Online Appendix

A Robustness Checks

A.1 Was the market at the job fairs too thin?

One possible explanation for this small direct effect is the market at the job fairs was too
thin: there were too few high-quality worker-firm matches available. We present evidence
against this hypothesis both from the jobseeker and the firm side. First, we investigate
whether the jobs on offer were too few or did not match jobseekers’ interests. To study
this issue, we use data that was collected from participating firms prior to arriving at the
fairs. Firms were to provide a roster of all their open vacancies at the time of the fairs.*?
The average firm at the fair had two vacancies open and was looking to hire seven workers.
70% of participating firms had at least one vacancy. In total, there were 711 vacancies and
1,751 jobs available at the fairs. The occupational composition of the vacancies exhibits
considerable overlap with the distribution of occupations desired by jobseekers invited to
the job fairs. It is therefore unlikely that firms did not have enough vacancies of the kind
that jobseekers wanted.

Second, we investigate whether jobseekers were negatively selected and hence firms
were reluctant to hire them. To explore this possibility, we compare the jobseekers
who attended (about 60% of those invited) to those in the full sample, which is near-
representative of educated young jobseekers in Addis Ababa at the time of the study.
In Appendix Table B.5 we regress attendance at the fairs on a rich set of baseline char-
acteristics. We find no evidence suggesting that observably weaker candidates are more
likely to attend the fairs: education and current employment do not significantly predict
attendance. The only two robust predictors of attendance are instead associated with
a positive motivation to work: attendance is higher among those jobseekers who search

42 We define a vacancy as an open position for a specific occupation. Firms first produced a list of
vacancies (e.g. a firm could report that they were both looking for clerical workers and for drivers)
and, then, for every vacancy, they reported the number of workers they were planning to hire in that
position.
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the most at baseline and who produce a formal certificate to employers.*® Further, in
the second job fair, we showed firms the list of qualifications of jobseekers at the fair and
asked them whether they were interested in interviewing some of them. Most responded
positively and provided the names of several candidates of interest to them. Across both
fairs, firms report meeting 20 jobseekers on average. We can therefore rule out that firms
were in principle uninterested in the jobseekers that attended the fairs.

A.2 Did the fairs suffer from congestion and mis-coordination?

Since both employers and jobseekers were interested in each other and willing to interact,
could the small direct effect of the fairs be due to congestion and miscoordination? That
is, could the effect be explained by firms and jobseekers having wasted their time and
effort talking to the wrong people? To investigate this possibility, we test whether the
jobseeker-firm pairs that met are those that were most suitable for each other, given
the mix of employers and jobseekers at the fairs. We use two types of variables to assess
mutual suitability: the synthetic rankings, and the proposed matches that we suggested to
participants. The two ranking variables are Ranky;, which is firm f’s ranking of jobseeker
J, and Rank, s, which is jobseeker j’s ranking of firm f. The two proposed match variables
are: Gale_Shapley,,, which is equal to 1 if jobseeker j and firm f were recommended
to each other by our Gale-Shapley algorithm, and Randomy;, which is 1 if jobseeker j
and firm f were randomly recommended to each other by us. If firms and jobseekers are
able to engage in promising interactions, we expect participants’ rankings to predict who
wishes to meet with whom and who actually meets whom. If our matching algorithm was
capable of identifying promising matches instead of random matches, we expect meetings
and willingness to meet to be predicted by Gale Shapley,, but not by Randomjy,.

To test these hypotheses, we estimate two dyadic regression models:

Yz = Bo+ Br - Ranky; + By - Rankjs + 7 (5)
Yy; = Bo + B - Gale Shapley,; + 0 - Randomy; + fifj, (6)

where yy; is either requesty;, a dummy equal to one if firm f requested a meeting with
jobseeker j, or meet;, which equals one if firm f and jobseeker j actually met. Standard

errors are clustered two-way at the level of the firm and jobseeker (Cameron, Gelbach,
and Miller, 2011).

We report estimates in Table A.1, using the jobseekers and firms who attended the
fairs. We find that the synthetic rankings predict both requested meetings and actual
meetings. The effects are large and significant. Moving from the highest to the lowest
rank is associated with an almost 100 percent decrease in the probability of a requested
meeting, and about a halving of the probability of an actual meeting. We interpret these

43 Tnvitees already in permanent employment at the time of the fairs are slightly less likely to attend. But
the effect is unlikely drive our results: 4% of those attending the fairs have a permanent job compared
to only 5.6% of the total sample.
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results as showing that the fairs are effective in bringing together jobseeker-firm pairs
who — at least on the basis of observable characteristics — value each other. Algorithmic
recommendations are also shown to have a strong predictive power: matches suggested by
our algorithm are about 200 percent more likely take place than non-suggested matches.
In contrast, the coefficient on randomly suggested matches is small and never significant.
This contrast suggests that our stylized matching algorithm was useful in identifying
matches that were deemed worth pursuing by market participants. The fairs thus appear
to have reached their objective of facilitating meetings between jobseekers and the firms
that suited them best.

This interpretation is supported by comparing the application-to-interview and interview-
to-offer rates at the fairs versus in the open market. First, in the open market, job-seekers
secured an interview for every 3.5 job applications, an offer for every 1.9 interviews, and
a job for every 3.3 interviews over the period between the baseline and endline surveys.
This implies that contacts with employers at the fair (20 on average) were much less
likely to result in an interview than a formal job application. The contrast is particularly
striking for highly educated job-seekers, who tend to do better in the labour market but
did particularly poorly at the fair. Second, the 1.4 conversion rate of interviews into
offers compares favorably to the 1.9 conversion rate observed outside the fairs. Third,
the conversion of interviews into jobs is much lower at the fair: one job for 7.5 interviews
instead of 3.5 outside the fairs. A large majority (81%) of offers made in the aftermath
of the fairs were rejected. To verify these findings, we conducted a phone survey of firms
immediately after each job fair. Appendix Tables B.11 and B.12 show the immediate
impact on overall hiring and the type of job candidate hired, respectively. These results
confirm that the fairs had no significant impact on short-term hiring by treated firms.
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B Additional Figures and Tables

Appendix Table B.1: Summary at baseline and tests of balance

(1) (2) (3) (4) (5)

Control Mean (SD) Job Fairs N  F-test P

Degree 0.18 0.39 -0.01 1829 0.619
(0.62)

Vocational 0.43 0.49 -0.00 1829 0.910
(0.91)

Employed 0.31 0.46 -0.04 1829 0.155
(0.15)

Searched for work 0.50 0.50 -0.01 1829 0.763
(0.76)

Diploma or degree 0.25 0.43 -0.00 1829 0.993
(0.99)

Female 0.52 0.50 0.01 1829 0.848
(0.85)

Born outside of Addis Ababa 0.37 0.48 -0.03 1829 0.459
(0.46)

Ambhara ethnic group 0.46 0.50 -0.02 1829 0.590
(0.59)

Oromo ethnic group 0.26 0.44 -0.04 1829 0.171
(0.17)

Worked in the last 6 months 0.46 0.50 -0.04 1829 0.186
(0.19)

Married 0.20 0.40 -0.00 1829 0.842
(0.84)

Lives with parents 0.52 0.50 0.02 1829 0.521
(0.52)

Any permanent work experience 0.13 0.34 -0.01 1829 0.730
(0.73)

Searched for work (last 6 months) 0.75 0.43 0.01 1829 0.832
(0.83)

Age 23.44 3.00 0.22 1829 0.230
(0.23)

Years since school 42.30  273.93 -10.95 1826 0.492
(0.49)

Search frequency (weeks of last 2 months) 0.57 0.31 0.00 1829 0.889
(0.89)

Work frequency (weeks of last 2 months) 0.34 0.38 -0.01 1829 0.611
(0.61)

Self employed 0.05 0.22 0.01 1829 0.601
(0.60)

Casual labourer 0.06 0.23 -0.02 1829 0.087
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Satisfied with job

Total savings

Reservation wages

Distance from city centre (km)
Trips to the city centre (7d)
Has formal job

Uses CV in applications
Expected no. job offers
Aspired wage

No. job contacts

Present biased

Future biased

Life satisfaction

0.09

2279.23

1327.22

5.92

1.83

0.06

0.28

1.46

5583.33

6.74

0.12

0.08

4.20

0.28

6203.56

1235.30

2.24

2.03

0.23

0.45

2.09

5830.85

9.63

0.33

0.27

1.85

(0.09)
-0.01
(0.66)
290.89
(0.35)
34.35
(0.63)
-0.60
(0.23)
0.21
(0.19)
0.00
(0.81)
-0.00
(0.90)
-0.21
(0.24)
191.89
(0.64)
0.89
(0.53)
0.00
(0.89)
-0.02
(0.28)
-0.08
(0.63)

1829

1829

1808

1829

1826

1829

1829

1697

1694

1818

1252

1252

1828

0.659

0.346

0.632

0.229

0.185

0.810

0.903

0.245

0.636

0.529

0.889

0.282

0.633

Note: This table reports our baseline balance tests. For each baseline outcome of inter-
est, we report the p-values for a test of the null hypothesis that we have balance between
treatment and control groups. We cannot reject the null for any of the variables.
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Appendix Table B.2: Worker employment amenities

Outcome Estimated ITT  Control Mean  Observations
Received job by interview 0.0270 0.167 1702
(.141)

(1]
Office work (7d) 0.00700 0.201 1702
(.803)
(1]
Skills match with tasks -0.0380 0.130 1702
(.219)
(1]
Overqualified 0.0290 0.291 1702
(.395)
(1]
Underqualified -0.0130 0.0820 1702
(.468)

(1]

Notes: Each row reports a separate regression. For each regression, we report the estimated ITT from

participating in the job fair, the mean in the control group, and the number of observations. Standard

errors are reported in parentheses; False Discovery Rate q-values are reported in square brackets.
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Appendix Table B.3: Worker job search outcomes

Outcome Estimated ITT  Control Mean  Observations

Applied to temporary jobs 0.242 1.311 1693
(.347)
[.533]

Applied to permanent jobs -0.0670 2.279 1692
(.749)
[.713]

Interviews/Applications 0.0190 0.354 972
(.539)
[.706]

Offers/Applications -0.00300 0.248 975
(.937)
[.881]

Interviews/Applications (Perm) 0.0850 0.327 742
(.039)**
[.365]

Offers/Applications (Perm) 0.0790 0.164 742
(.114)
[.365]

Interviews/Applications (Temp) -0.0680 0.389 586
(.08)*
[.365]

Offers/Applications (Temp) -0.0630 0.332 586
(.207)
[.401]

Uses CV for applications -0.0530 0.401 1702
(.074)*
[-365]

Uses certificates 0.0180 0.479 1702
(.711)
[.713]

Notes: FEach row reports a separate regression. For each regression, we report the estimated ITT from
participating in the job fair, the mean in the control group, and the number of observations. Standard

errors are reported in parentheses; False Discovery Rate q-values are reported in square brackets.
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Appendix Table B.5: Correlates of worker attendance at the job fairs

) ) 3) (4)

Background  Search Effort Employment All

Degree 0.0639 0.0330
(0.198) (0.209)

Vocational 0.00802 0.00559
(0.0395) (0.0398)

Post_secondary 0.000127 -0.0294
(0.191) (0.201)

Female -0.0109 -0.0115
(0.0307) (0.0310)

Migrant 0.0154 -0.00141
(0.0362) (0.0358)

Ambhara 0.00957 0.0148
(0.0376) (0.0338)

Oromo -0.0181 -0.0164
(0.0506) (0.0488)

Experience -0.0590 -0.0433
(0.0547) (0.0533)
Age -0.00861 -0.00924*
(0.00528) (0.00518)

Certificate 0.0984*** 0.0654*
(0.0304) (0.0357)

Distance (center) 0.00214 0.00167
(0.00722) (0.00715)

Search_6months 0.0418 0.0155
(0.0409) (0.0469)

Plan Self Empl 0.0399 0.0297
(0.0898) (0.0891)
Search frequency 0.304*** 0.293***
(0.0497) (0.0505)

Wage Empl (6 months) -0.0164 -0.0446
(0.0304) (0.0289)
Work frequency -0.0291 -0.00877
(0.0496) (0.0524)

Employment at the time of the job fair

Permanent Job -0.161%* -0.160**
(0.0646) (0.0692)
Any Job -0.00143 -0.00576
(0.0338) (0.0335)

Constant 0.748%** 0.398*** 0.631*** 0.664**
(0.253) (0.0376) (0.0270) (0.263)

Observations 1,006 1,006 1,006 1,006

R-squared 0.018 0.045 0.007 0.063

Note: This table reports regression coefficients from a Linear Probability Model, in which we regress
attendance at the fairs on a rich set of baseline characteristics; we provide robust standard errors in
parentheses. We find no evidence suggesting that observably weaker candidates are more likely to attend
the fairs: education, gender, and current employment do not significantly predict attendance. The only
two robust predictors of attendance are instead associated with a positive motivation to work: attendance
is higher among those job-seekers who search the most at baseline and who produce a formal certificate

to employers.
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Appendix Table B.6: Main industry classifications

Main Industry Frequency Percent
Tours-Hospitality 92 18.7
Finance, Services, Retail 102 20.7
Education, Health, Aid 104 21.1
Manufacturing 126 25.6
Construction, Mining, Farming 69 14.0
Total 493 100

Note: This table shows the initial partitioning of firms
into five main industries prior to randomisation.
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Appendix Table B.8: Correlates of firm attendance at the job fairs

@) ® ® @

Blocking Others Salaries All

Tours-Hospitality -0.210%* -0.742%*
(0.117) (0.351)

Finanace, Services, Retail -0.0150 -0.244
(0.119) (0.347)

Education, Health, Aid -0.105 -0.674
(0.130) (0.652)

Manufacturing -0.0556 -0.425
(0.108) (0.301)

Distance from city centre (km) 0.00270 0.0352
(0.00385) (0.0231)
Total employees (100s) 0.00171 -0.00377
(0.00586) (0.0203)

Respondent is owner 0.0306 0.0573
(0.0869) (0.251)

Turnover Rate -0.0600 1.343
(0.223) (1.505)

Quit rate -0.0268 0.453
(0.252) (1.799)

Workers with degrees -0.427%%* -0.772
(0.197) (0.912)

Workers with highschool -0.0534 0.962%*
(0.174) (0.456)

Proportion professionals 0.0114 1.611%*
(0.228) (0.922)

Proportion female 0.144 0.460
(0.175) (0.397)

Total sales (log) -0.0377 -0.0578
(0.0340) (0.0628)

Hiring Rate 0.248 -0.633
(0.304) (0.595)

Number permanent hires 0.0686 0.166
(0.142) (0.154)

Employee growth rate -1.477 -2.275
(1.347) (1.765)

Growth rate (professionals) 0.120 0.704
(0.437) (0.500)

Growth rate (service) 0.0176 0.289*
(0.137) (0.157)

Growth rate (production) 0.917 1.122
(0.689) (0.947)

Growth rate (support) 0.0536 -0.309
(0.366) (0.414)

Starting salaries (professionals) -0.0517 -0.106
(0.192)  (0.260)

Starting salaries (services) 0.279 0.204
(0.184)  (0.354)

Starting salaries (production) 0.163 0.254
(0.187)  (0.303)

Starting salaries (support) -0.142 -0.181
(0.214)  (0.272)

5 year salary (professionals) -0.116 0.0375
(0.207)  (0.278)

5 year salary (services) -0.0966 -0.328
(0.224)  (0.321)

5 year salary (production) -0.169 -0.228
(0.195)  (0.266)

5 year salary (support) 0.0915 0.367
(0.196)  (0.284)

Constant 0.834***  1.051%* 1.302 0.835
(0.128)  (0.411)  (0.987)  (1.465)

Observations 232 70 87 61
R-squared 0.075 0.075 0.102 0.576

Note: This table reports results from a series of Linear Probability Models; in each case, the outcome
variable is a dummy for whether a firm attended the job fairs, conditional upon having been invited.
Parentheses show heteroskedasticity-robust standard errors. The omitted industry dummy is for ‘con-
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Appendix Table B.9: Determinants of attrition among job-seekers

Fairs -0.025%* Oromo -0.007
(0.012) (0.016)

Work frequency (weeks of 2 months) 0.007 Wage empl (6m) 0.017
(0.018) (0.014)

Degree -0.024 Married -0.015
(0.017) (0.017)

Worked (7d) -0.015 Years since school 0.000
(0.016) (0.0027)

Searched job (7d) 0.008 Lives with parents 0.008
(0.014) (0.015)

Female 0.029**  Ever had permanent job 0.002
(0.013) (0.019)

Respondent age 0.000 Searched job (6m) -0.020
(0.0027) (0.017)

Born outside Addis 0.031** Ambhara 0.000
(0.015) (0.014)

Constant 0.061

(0.060)

Average Attrition 6.7%

Observations 1,827 R-squared 0.012
F-test (covariates) 1.130 F-test (treatment) 4.320
p-value (covariates) 0.320 p-value (treatment) 0.038

Note: This table reports regression results from a Linear Probability Model, in which the
dependent variable is a dummy for whether a job-seeker attrited between baseline and
endline; parentheses show heteroskedasticity-robust standard errors.
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Appendix Table B.10: Firm recruitment in the last year

Outcome

Estimated ITT Control Mean

Observation

Panel A: Short term recruitment outcomes

Time taken to fill professional vacancies

Time taken to fill non-professional vacancies

Number of interviews per position (professional)

Pay per recruitment (professional)

Pay per recruitment (non-professional)

Unfilled vacancies

-2.344 24.11
(1.986)
[.658]
0.724 15.66
(1.751)
[.909]
0.312 8.818
(2.355)
[.909]
746.7 2818
(1030.791)
[.909]
4378 1259
(320.543)
[.658]
0.601 0.859
(.247)%*
[.101]

338

109

361

382

406

305

Panel B: Characteristics of workers recruited

Number of new hires for the year (professional)

Number of new hires for the year (non-professional)

Did firms mostly hire people with degrees (professional positions)?

Percentage of new hires hired in permanent positions (non-professional)

Percentage of new hires hired in permanent positions (professional)

-1.604 11.73
(2.688)
1]
-9.704 44.64
(7.283)
1]
-0.00800 0.574
(.041)
[1]
-0.00900 0.892
(.03)
1]
-0.00800 0.876
(.031)

1]

472

472

473

337

308

Notes: FEach row reports a separate regression. For each regression, we report the estimated ITT from

participating in the job fair, the mean in the control group, and the number of observations. Standard

errors are reported in parentheses; False Discovery Rate q-values are reported in square brackets, corrected

for the tests conducted within each panel.
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Appendix Table B.11

: Impacts on firm hiring after job fairs

Outcome

Estimated ITT  Control Mean

Observations

Number of vacancies

New Hires

Hiring shortfall

Unfilled vacancies

0.169
(.266)

-0.671
(.866)
(1]
-0.0160
(.034)

0.380
(.785)

1.115

3.907

0.0290

2.143

422

422

193

422

Notes: Each row reports a separate regression. For each regression, we report the estimated ITT from

participating in the job fair, the mean in the control group, and the number of observations. Standard

errors are reported in parentheses; False Discovery Rate q-values are reported in square brackets.

63



Appendix Table B.12: Impacts on firm hire quality after job fairs

Outcome Estimated ITT  Control Mean  Observations
Permanent workers hired 0.0200 0.336 422
(.049)
(1]
Days taken to recruit for position (avg) 0.311 11.75 190
(1.386)
(1]
Starting salary of new recruits (avg) -673.9 1031 160
(636.454)
(1]
Workers with degrees hired (%) -0.0430 0.237 422
(.044)

(1]

Notes: Each row reports a separate regression. For each regression, we report the estimated ITT from
participating in the job fair, the mean in the control group, and the number of observations. Standard

errors are reported in parentheses; False Discovery Rate q-values are reported in square brackets.
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Appendix Table B.13: Firms’ total workforce composition

Outcome

Estimated ITT  Control Mean

Observations

Total number of employees

Proportion of professional workers on permanent contracts

Proportion of non-professional workers on permanent contracts

Average starting salary (professional)

Average starting salary (non-professional)

Proportion of professional workers with degree

Proportion of workers with post-secondary education (non-professionals)

Average worker is not under-qualified in any of the worker categories

-18.38 350.5
(16.581)
[.847]

0.0190 0.908
(.019)
[.847]

0.0280 0.896
(.02)
[67]

-53.52 4280
(235.925)

(1]

102.9 1059
(126.66)
[.847]

-0.0570 0.645
(.027)%*
[.366]

0.0370 0.355
(.027)
[67]

0.00300 0.752
(.038)

(1]

473

462

408

454

400

461

407

473

Notes: Each row reports a separate regression. For each regression, we report the estimated ITT from

participating in the job fair, the mean in the control group, and the number of observations. Standard

errors are reported in parentheses; False Discovery Rate q-values are reported in square brackets.
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Appendix Table B.14: Impacts

on firm turnover and employee growth

Outcome

Estimated ITT  Control Mean  Observations

Firing rate (professionals)

Firing rate (non-professionals)

Quit rate (professionals)

Quit rate (non-professionals)

Employee growth rate

Employee growth rate (professionals)

0.00400 0.00600 458
(.004)
(1]

0.00300 0.0130 319
(.005)
(1]

0.00800 0.143 458
(.02)
(1]

0.0250 0.134 320
(.037)
(1]

0.0170 0.0140 472
(.016)
(1]

-0.0140 0.0310 467
(.03)
(1]

Notes: Each row reports a separate regression. For each regression, we report the estimated ITT from

participating in the job fair, the mean in the

control group, and the number of observations. Standard

errors are reported in parentheses; False Discovery Rate q-values are reported in square brackets.
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Appendix Table B.15: Impacts on firm human resources policies and attitudes

QOutcome Estimated ITT  Control Mean  Observations

Firm reports HR problem 0.0820 0.752 473
(.037)**
[-217]

Uses incentives in HR 0.0390 0.595 473
(.043)
[-588]

Firm estimate of a fair wage 201.2 5463 452
(312.897)
[.592]

Uses short term contractors 0.0480 0.479 473
(.045)
[-588]

Uses performance rewards (professionals) -0.0300 0.545 473
(.045)
[.592]

Uses performance rewards (non-professionals) -0.0740 0.562 473
(.045)*
[.417]

Retrains poor performers 0.0390 0.719 473
(.04)
[.588]

Notes: Each row reports a separate regression. For each regression, we report the estimated ITT from
participating in the job fair, the mean in the control group, and the number of observations. Standard

errors are reported in parentheses; False Discovery Rate q-values are reported in square brackets.
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Appendix Figure B.1: Attrition rate from the Phone Survey by Month

.08

.06

.04

Attrition by Month

.02

Notes: This figure shows the trajectory of monthly attrition rates over the course of the
phone survey. Attrition is defined as failure to complete one interview.
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Appendix Table B.16: Impacts on firm growth and productivity

Outcome Estimated ITT  Control Mean  Observations
Firm is for-profit -0.0140 0.867 471
(.011)
(1]
Sales Revenue (last year) -17575 144370 331

(23388.044)
(1]

Value Added -15491 80851 327
(11969.701)

(1]

Profit (inferred) 6026 12975 326
(4791.574)
1]
Self-reported profit 1853 29626 313
(7175.053)
1]
Capital stock 60034 185398 279

(123774.721)
(1]

Investment (12 months) -6452 20147 398
(5920.8)
1]
Sales per worker -57.12 604.5 330
(76.278)
1]
Value added per worker 19.45 220.3 326
(28.102)

(1]

Notes: Each row reports a separate regression. For each regression, we report the estimated ITT from
participating in the job fair, the mean in the control group, and the number of observations. Standard

errors are reported in parentheses; False Discovery Rate q-values are reported in square brackets.
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Appendix Table B.17: Firms’ reasons for not hiring workers they met at the fairs

Main self-reported reason Percent
Insufficient work experience 34.38
Wrong expertise 7.03
Wrong educational qualifications 23.44
Poor performance at the interview 7.03
The candidates we wanted were hired by other firms 3.91
Poor references 2.34
Salary disagreement 2.42
Workers were not interested or did not apply 1.61
Workers arrived late 1.61
Firm did not have vacancies at the time of the fair ~ 3.23
Other 10.48
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Appendix Table B.18: Dyadic regressions:

function of worker characteristics

Firm requests to meet workers as

M @) @) @
Firm requested to meet worker
Worker has some permanent work experience 0.0173*** 0.0151** 0.0132**
(0.00657) (0.00652) (0.00617)
Worker is recent graduate 0.00185 0.00185 -0.000304 0.00153
(0.00379) (0.00379) (0.00450) (0.00479)
Worker has certificate with application 0.00190 0.00190 0.00136 0.00182
(0.00273) (0.00273) (0.00285) (0.00286)
Worker has postsecondary education 0.00729***  0.00729%**  0.00783***  (0.00808***
(0.00257) (0.00257) (0.00270) (0.00279)
Permanent work experience * fresh graduate -0.00610 -0.00610 -0.00317 -0.000833
(0.00948) (0.00948) (0.01000) (0.0107)
Permanent work experience * Highschool only -0.0180***  -0.000785  -0.0162**  -0.0139**
(0.00663) (0.00421) (0.00679) (0.00652)
Permanent work experience * postsecondary education 0.0173***
(0.00657)
GS- algorithm suggested match 0.0256***  0.0266***
(0.00805) (0.00833)
GS- matches we randomly suggested -0.000233 -0.00527
(0.00792) (0.00661)
Controls: Firms’ vacancy characteristics No No Yes Yes
Controls: Firm baselien characteristics No No No Yes
Observations 19,110 19,110 18,185 17,491
R-squared 0.003 0.003 0.005 0.007

Notes: We regress on worker-firm dyadic data for all workers and firms who were invited to the same

job fair, whether the firm requested to meet that worker in person, using a centralized meeting-request

system facilitated at the job fairs.

We include controls for worker characteristics, firm characteristics,

and vacancy characteristics (vacancies held by the firm in question at the time of the job fairs).
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