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Abstract

Essays in Development Economics:
Lessons from an apprentice placement program in Ghana

by

Jamie Lee McCasland

Doctor of Philosophy in Economics

University of California, Berkeley

Professor Edward A. Miguel, Chair

The present thesis uses original survey data from a national-scale government job training
program to provide empirical microeconomic evidence on the functioning of firms, labor
markets, and program targeting in low income countries. The program, apprenticeship
training in informal sector Ghana, and the corresponding multi-tiered evaluation are ongoing.
In the first two chapters, I utilize the random match between treatment apprentices and
training firms to estimate the effects of access to labor on firms and of firm quality on
apprentices. In the final chapter, I study the unusual implementation scenario in which we
observe a sample of apprentices selected for the program by government officials alongside
the entire pool of applicants eligible for the larger randomized controlled trial. Each of the
three essays addresses, more or less directly, private enterprise development in low-income
countries, an area of development economics that I believe is deeply in need of more research.

Small firms in developing countries are typically modeled as facing a frictionless market
for workers, characterized by low search costs, full information, and a lack of regulation.
In the first chapter, we report the results of a field experiment documenting that firms
find it costly to hire workers on the open market, that the marginal revenue product of
labor is positive and quite large in small firms, and that there is substantial heterogeneity
in these returns as a function of (unobserved) worker ability. We study the impact of the
program that randomly placed unemployed young people as apprentices with small firms in
Ghana. The program provided a novel worker screening technology to firms (in addition to
simply reducing search costs), as (voluntary) participation included non-monetary costs for
unemployed young people applying to the program. We find that firms that were offered
apprentices by the program hired and retained them for at least six months (the end of
our study window). Secondly, treatment firms experience increases in revenues and profits
of about seven to ten percent per assigned apprentice. Together, these findings suggest the
presence of economically significant search costs in our context. Moreover, revenue and profit
gains are particularly large for firms treated with high cognitive ability apprentices. This
result highlights the importance of worker screening in firms’ hiring decisions, and echoes
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the widespread use of a sophisticated bond posting mechanism to hire apprentices in our
baseline labor market. A simple model in which productivity differences associated with
worker ability necessitate costly screening can predict the impacts of our program. In sum,
our findings have implications for our basic understanding of labor markets in low-income
settings and in particular suggest that high youth unemployment in developing economies is
the result, at least in part, of substantial labor market frictions.

Apprenticeships and other types of on-the-job training are important sources of human
capital development in low-income countries. In the program we study, as in most of West
Africa, this training is typically undertaken by very small firms and by firm owners with
relatively little formal education. In the second chapter, I study firm-level determinants of
apprenticeship training quality in this context using the same program feature exploited in
the first chapter: that apprentices were randomly matched with small firms conditional on
their stated preferences. I find that larger and more profitable firms cause better apprentice
performance, as measured by firm owner reported apprentice competency on ten craft-specific
skills. Firm owner performance on a cognitive test and past experience training apprentices
are also positively associated with apprentice competency. In an effort to understand the
channels by which these firm-level characteristics drive apprentice performance, we also
investigate the relationship between baseline firm size, baseline firm sales, baseline firm
profits, whether the firm employed any non-family workers at baseline, firm owner cognitive
performance, and firm owner training experience on apprentice time use and apprentice
attendance. We find broadly positive trends. These characteristics are associated with more
working hours, better attendance, and less time spent doing errands unrelated to the craft.

In the final chapter, I study the direct selection by district officials of a portion of the ap-
prentices who would ultimately be offered a space in the training program. These “priority”
applicants were guaranteed admission, while the remainder of eligible applicants entered a
randomization that assigned them to treatment or control status (after which randomized
treatment and priority applicants were invited to participate in placement meetings that led
to random assignment to firms, as noted above). I find that district officials select better
educated applicants, who come from wealthier and better educated families, and who have
more relatives working in local government, relative to the entire pool of eligible applicants.
The results are strongest in the most urban region of the country, Greater Accra. Using the
same firm-level follow-up data employed in chapters one and two, I estimate the relationship
between priority status and apprentice-level outcomes. Priority applicants are more likely
to attend a placement meeting, and ultimately to enroll in apprenticeship training through
the program. They do not, however, appear to perform better once in the apprenticeship.
Point estimates on their craft-specific skill competency are negative.

The essays in this dissertation, and particularly chapters two and three, will benefit
from additional planned data collection. An independent assessment of apprentice skill is
scheduled for later this year, and an apprentice-level survey on labor market outcomes for
2016/2017. Additional firm-level data collection with the entire sample we study in chapter
one will take place this year as well.
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Chapter 1

Are Small Firms Labor Constrained?
Experimental Evidence from Ghana

with Morgan Hardy

1.1 Introduction

Two of the most ubiquitous features of economic activity in poor countries are an abundance
of very small firms and high rates of youth unemployment.1 Conventional wisdom argues that
small firms face a frictionless market for workers, characterized by a lack of regulation Rauch
(1991) and community networks that limit information constraints and prevent coordination
failures (Zenou (2008)). On the other side of the market, it is often argued that unemployed
youth lack the skills to be productively employed (Johanson and Adams (2004)), yet have free
entry into small firm employment (Harris and Todaro (1970)). Empirical research on small

1The World Bank Enterprise Surveys, firm-level data from 135 countries which include primarily formal
firms and only those with five or more employees, nonetheless show a strikingly higher density of small firms
in poorer countries and poorer regions. In Ghana, the National Industrial Census (NIC) attempts to capture
at least some proportion of informal manufacturing firms and shows 94% of manufacturing firms have fewer
than twenty workers and these account for 48% of manufacturing employment (in 2000). Both the Enterprise
Surveys and the NIC have been used to argue that firms in Sub-Saharan Africa start small and do not grow
over time, in contrast to surviving firms in other regions (Iacovone, Ramachandran and Schmidt (2014),
Sandefur (2010)). Hsieh and Olken (2014) present more comprehensive data of both formal and informal
firms of all sizes (which is generally unavailable for countries in Sub-Saharan Africa) from India, Indonesia,
and Mexico, where 98%, 97%, and 92% of firms have fewer than 10 employees, and 65%, 54%, and 22% of
the labor force work in firms with fewer than 10 employees, respectively.

International Labor Organization measures put youth (age 15-24) unemployment at 11.8% in Sub-Saharan
Africa and 12.6% in Ghana in 2012 (ILO (2013)). The unemployment rate may also understate the difficulties
young people face in the labor market, as many are classified as employed but working only a few hours in
agriculture or petty trade. Inactivity rates are also quite high, reaching 50% in some countries, and at least
20% in a majority of Sub-Saharan Africa countries with data, even among young men (Garcia and Fares
(2008)).
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firm growth has focused primarily on credit constraints (e.g. De Mel, McKenzie and Woodruff
(2008)) and managerial skill deficits (e.g. Bloom and Reenan (2007))2. However, there is
little empirical evidence to substantiate assumptions that small firms are unconstrained by
labor market frictions. In fact, anecdotal evidence suggests that small firms face high labor
market search costs. For instance, firms in our baseline labor market require potential
apprentices to post a monetary bond3 to buy into a job, and firm owners in our baseline
survey cite difficulty finding and hiring good workers as a major constraint to growth.

In this paper, we study a national-scale government-initiated and implemented worker
placement program. The program recruited unemployed young people interested in appren-
ticeships and placed them with small firms in Ghana. It included no subsidy to firms (or
workers) beyond in-kind recruitment services, and wages paid by firms to program appren-
tices are equivalent on average to those paid to non-program apprentices within sample firms.
We interpret the intervention primarily as providing firms with a non-monetary screening
mechanism to identify high-quality workers. In our empirical setting, workers pay this “sweat
equity” bond by attending several meetings, interviews, and surveys, and continuing to show
interest in the apprenticeship despite a long lag in program roll-out.

Unemployed young people targeted by the program were chosen before any firm recruit-
ment, which then centered around occupational trades preferred by program apprentices and
geographic areas with high concentrations of program apprentices. Chosen apprentices and
firm owners interested in hiring apprentices through the program were required to attend
one of over a hundred district and trade level meetings. At these meetings, firm owners in-
troduced themselves and apprentices were given the opportunity to list the firms with which
they would be willing and able to work, based on geographic feasibility and general interest.
These listed preferences generated apprentice-specific firm sets.

Within these apprentice-specific firm sets each apprentice was randomly assigned to one
of his or her listed firms. Each randomization was independent and apprentices had equal
probability of being assigned to each of their listed firms. Firms, consequently, were assigned
a random number of apprentices (of differing ability levels at baseline) conditional on non-
random apprentice interest. 383 firms were assigned zero apprentices. The remaining 700
firms were assigned between one and six apprentices, with 411 firms assigned one apprentice,
187 firms assigned two apprentices, and 102 firms assigned three or more. In our preferred
specification, we control for non-random apprentice interest by including firm-level lottery
fixed effects, within which each firm faces an equal probability of being assigned each of
the multi-valued treatment assignments. Functionally, we measure the impact of a marginal
apprentice across firms with similar levels of apprentice interest.

In addition, apprentices participated in a series of cognitive tests, including a Ravens
matrices test, a short math test, an oral English vocabulary test, and a Digit Span Recall
test. This detailed data on worker cognitive ability (unobservable to the firm) allows us to

2See also e.g. Anagol and Udry (2006), Bloom et al. (2013), Karlan, Knight and Udry (2012), and
Kremer et al. (2013)

3We use the terminology bond posting to align with the literature on labor market bonding, but the
bond functions more like a fee, as it is non-refundable.
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estimate experimental impacts of sub-treatments defined by splitting the apprentice sample
into two groups. We split apprentices into those who perform above and below the median
on each of the cognitive tests, and estimate differential treatment effects by (unobserved)
worker cognitive ability (in the sample of firms that were listed by both above and below
median workers). We are also able to compare these findings to differential treatment effects
in sub-experiments defined by a largely observable measure of cognitive ability, namely the
completion of Junior Secondary School (the end of free and compulsory education in Ghana).

We study a labor market in which firm owners, in the absence of the intervention, make
use of a sophisticated bond-posting mechanism to hire inexperienced workers, and nearly
universally cite a desire to screen workers as the impetus for the bond4. Under the program
intervention, firm owners do not charge a monetary fee to begin an apprenticeship, yet
screening via a non-monetary mechanism is executed by the government program. The non-
monetary screening mechanism echoes the monetary bond-posting requirement. We develop
a stylized model to formalize this insight. Workers, who vary by both ability type and
wealth, know their type. Firms, however, have no useful signals about worker type. In
the absence of any affordable screening technology, large lump sum search costs cause the
market to collapse completely and small firms employ no workers (every firm is size one, the
owner). In the market equilibrium we observe before intervention, firm owners screen out
the lowest quality workers by requiring new apprentices to post a bond in order to begin
an apprenticeship. Wages are paid as a proportion of revenues, which depend on ability.
Consequently, only those workers whose ability is above a certain minimum level can expect
a wage large enough to compensate them for the payment of the up-front bond. Missing
credit markets cause a market failure in that workers whose ability exceeds fixed hiring costs
remain unemployed if they cannot afford to post the bond.

We then model the worker recruitment and job placement program as a government-
financed alternative (non-monetary) screening technology. Workers pay a “sweat equity”
bond to signal ability. The model predicts an increase in employment as high ability workers
who were previously unable to buy into jobs become employed. If we additionally model the
program as paying (all or part of) the fixed costs of vacancy posting and search, employment
would increase further as it becomes profitable (or at least zero profit in expectation) to
employ lower ability workers.

Our first main result is that firm size increased in proportion to treatment assignment.
Like most job training and placement programs, apprentice take-up was less than perfect.
However, firms complied with the program design and did not reject assigned apprentices.
We show a strong and linearly increasing relationship between total firm size and treatment
assignment. Measured using lottery fixed effects, firm size increased by about half a worker
for each assigned apprentice. These results imply two things. First, firms assigned one or
more apprentices did not substitute away from other employment by firing existing work-
ers. Second, firms assigned zero apprentices through the program failed to hire apprentices

4A market of this type is highly unusual, but the intuition behind it fits a large literature on the bonding
critique to efficiency wage models, starting with Becker and Stigler (1974).
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through some other means six months after apprentice placement. This suggests that though
the program included no subsidy, the search and screening costs necessary to hire new ap-
prentices are both a meaningful channel for policy intervention and potentially economically
prohibitive for individual firms.

In the second main result of the paper, we show that apprentice labor inputs increased
both reported revenues and reported profits, by about seven to ten percent over two rounds
of firm-level follow-up data in the Intention To Treat (ITT) specification. We also estimate
heterogeneity in revenue and profit effects by occupational trade group, gender, and baseline
firm size. We find that effects do not vary by occupational trade group, but may vary by
gender (with large and negative, but insignificant point estimates on the interaction term).
Our most robust heterogeneity finding is that treatment effects are larger for firms that are
smaller at baseline, suggesting that these firms are indeed facing higher search costs. It is
worth noting that estimated increases in profits represent a lower bound for the fixed cost
of search. We find no evidence that treatment firms invest in capital to complement the
additional labor available for production.

Leveraging variation in worker cognitive ability and educational background at baseline,
we show that above median cognitive ability apprentices generate larger treatment effects
on revenues and profits. This third main result underlies the potential importance of ad-
verse selection in the labor market for inexperienced workers, even in the context of high
unemployment and largely unregulated small firms. In the presence of fixed costs to post
a vacancy, identify potential workers, and train new hires, firm owners require a screening
mechanism to ensure that these costs are recouped in expectation by worker output. Im-
perfect or missing screening technologies (and in general high search costs) can generate
inefficiently low hiring in equilibrium. The ability metrics we use to show that high ability
apprentices generate larger treatment effects are not immediately available to firm owners
seeking to hire a worker. Signals that are available, like evidence of having completed Junior
Secondary School, have no predictive power over the size of treatment effects.

This paper’s findings have potentially important implications for theory and policy. The
closest paper to ours is De Mel, McKenzie and Woodruff (2013), the first experimental study
to our knowledge of a labor market intervention with small firms in a developing country
context. They offered a wage subsidy to a sample of firms in Sri Lanka which was taken up
by only about 20% of the firms in the sample, and found no effects on revenues or profits.
The program required firm owners to find, screen, and hire their own workers in order to
qualify for the subsidy. We should note that in our screening model, a reasonably sized
wage subsidy would not increase employment. This is because in our model the binding
labor market constraint comes from lump sum search costs and asymmetric information
over worker quality, rather than minimum wage restrictions.

We also add to a classic literature on the dual economy and dual labor markets, pioneered
by Lewis (1954) and implicit in influential theoretical work on rural/urban migration (Harris
and Todaro (1970)). These models argue that in a dual sector labor market, small firms in the
informal sector hire mostly family members and thus suffer from fewer coordination failures
(Zenou (2008)). In our sample, while family and other socially connected individuals make
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up a sizable portion of the existing workforce, apprentices previously unknown to the firm
owner are common. Recent macro models of informality have started to consider search
costs in the informal sector, but direct empirical evidence is still missing (Ulyssea (2010),
Meghir, Narita and Robin (2012))5.

Finally, apprenticeship training is widespread in Ghana and West Africa, and a com-
mon employment arrangement by which small firms can access low wage labor inputs and
apprentices can gain both training and work experience. Recent non-experimental research
has found that apprenticeship training has positive labor market impacts on earnings for
completed apprentices (Frazer (2006), Monk, Sandefur and Teal (2008)). This paper is the
first evidence on the impact of apprentice labor on firm output and suggests that apprentice
placement programs like the one studied here could generate benefits not only for unemployed
young people but also for small firms in similar contexts.

The remainder of the paper proceeds as follows. Section 2 describes the setting. Section
3 develops our stylized conceptual framework. Section 4 presents the experimental design,
describing our data, the randomization, the program details, and estimation. Section 5
presents our first two main results, and Section 6 discusses our results on worker ability.
Section 7 concludes.

1.2 Setting

Apprenticeships in Ghana

Employment in informal sector Ghana is heavily influenced by the apprenticeship system.
The emergence and prevalence of apprentices as workers in West Africa is documented in
Frazer (2006)6. Though the apprenticeship institution has a long history throughout West
Africa, it is arguably increasing rather than decreasing in importance7. The National Indus-
trial Census reports that in 1984, 18% of wage employees in manufacturing were apprentices,
while in 2000, 34% of wage employees in manufacturing were apprentices (Sandefur (2010)).
These figures are likely understated for small firms, where the vast majority of workers are

5Besley and Burgess (2004) do provide empirical evidence on the topic, but consistent with older litera-
ture find that stronger labor regulation in Indian states pushes workers and firms into the (less productive)
informal sector. As Rauch (1991) notes, firm size and firm formality are empirically distinct ways to char-
acterize the firm landscape. The majority of both the theoretical and empirical literature focuses on the
formal/informal distinction and/or on minimum wage and other direct regulatory restrictions. Our study in
contrast focuses on small firms, regardless of formality status, and on search costs inherent in the functioning
of the labor market (rather than imposed by government regulation).

6The significance of the institution is documented as well in Bas (1989), Boehm (1997), and Birks et al.
(1994). Callaway (1964) and King (1977) put apprenticeship in historical context. Mazumdar and Mazaheri
(2003) report on survey data from seven countries in Sub-Saharan Africa, where they find that in Ghana
and Cote d’Ivoire, over half of manufacturing sector entrepreneurs have completed apprenticeship training.

7Apprentices as a proportion of the manufacturing workforce increased dramatically in Ghana in the last
thirty years, following liberalization in the eighties and massive expansion in the number of informal sector
firms.
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apprentices. Additionally, while historically the institution tended to function within ex-
tended families, modern apprentices are most often hired from outside the extended family.

Although the system has no centralized rules or regulations, it is characterized by a
few widely practiced customs. Most firm owners and their apprentices (or apprentices’
families) enter into verbal or written employment and training contracts with a duration
that varies but is typically three years. These agreements generally require the posting of
a bond to start the apprenticeship and the payment of “chop money” or wages throughout
the apprenticeship. These wages tend to be quite low, but increase with seniority. At the
completion of the apprenticeship, which is marked by the end of the fixed contract duration,
by the discretion of the firm owner, or by the apprentice passing an external craftsmanship
exam, the apprentice becomes a “master” of their craft. “Master” workers then transition
into one of several roles. They may be retained and receive a sharp increase in wages
commensurate with their new title. They may be retained and receive only a slight increase
in wages under the title “senior apprentice”. Most commonly, they may leave the firm, to
start their own shop elsewhere, to work as a “master” worker at another firm, or to leave
the craft entirely.

Apprenticeship training is concentrated in small-scale manufacturing and services, where
young people can learn a craft, such as masonry, carpentry, or garment-making. Large
firms do, however, employ apprentices and often employ “master” workers who completed
apprenticeships at smaller firms. Gender segregation by occupation is nearly universal,
though garment-making, the most common trade, is done by both men and women. Training
often includes basic literacy and numeracy as well as craft skills, and apprentices begin
working on actual customer orders almost immediately.

Labor Market for Apprentices

We began our study with a series of informal interviews with small firms owners in Accra
and in rural areas around the country. These discussions highlighted several key features of
the labor market for apprentices. First, small firms owners want to hire more high quality
apprentices and consider them profitable inputs in the business. Secondly, difficulty finding
high quality apprentices and the risk associated with hiring low quality apprentices are
widely cited as reasons to avoid hiring at all. Third, the bond posting required to begin
an apprenticeship is nearly universally motivated by a desire to force apprentices to signal
investment in the apprenticeship, and willingness and ability to learn.

Firm-level baseline surveys included a series of questions meant to quantify, in part, the
qualitative observations we gleaned from these interviews and survey piloting. The evidence
largely validates our early anecdotal conclusions. Appendix Table 1 reproduces some of these
questions, and the most common responses.
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1.3 Conceptual Framework

In this section, we present a stylized model to formalize the insight that, in the presence of
search costs and asymmetric information over worker ability, unemployment arises from firm
owners’ inefficient solution to screening workers. In the model, firms decide whether to hire an
individual apprentice and workers decide whether or not to work given an equilibrium wage
contract. The model makes a series of simplifications for convenience. Firms are modeled as
perfectly competitive, an assumption that is unlikely to hold in reality. Workers are modeled
as having discrete ability types, though in reality ability is continuous. The model is single-
period, and ignores training inputs and their potential effects on productivity. Instead, it
focuses on the individual decision of a firm-owner to hire or not hire an individual apprentice,
which implicitly assumes constant returns to scale over labor inputs.

The first goal of the simple model is to describe the market failure that limits employment
without the intervention. The customary apprenticeship bond is modeled as a screening
mechanism designed to attract only higher productivity workers. High ability workers expect
to gain a return on their bond through wages commensurate with firm revenues, modeled as
a share of their contribution to the firm. This solution successfully screens out the lowest
ability workers, who would garner negative profits for the firm. However, in the absence of
credit markets, it also excludes higher ability workers who cannot afford to post the bond.

Secondly, we use the model to formalize how the intervention affects the market for
workers. The program intervention can be modeled in one of two ways. First, it could be
the case that the intervention reduced search costs enough to induce the employment of
lower ability workers. Second, the program intervention can be seen as providing a non-
monetary screening mechanism, which allowed high ability workers unable to afford the
bond an entry into employment. We favor the second interpretation, which finds support
in the fact that program apprentices earn wages equivalent to non-program apprentices, on
average. Modeled as a non-monetary screening mechanism, competitive bidding up of the
share of revenues paid as wages is limited by the fixed, government-imposed non-monetary
screening mechanism and firms’ continued desire to screen out the lowest ability workers.
This constraint generates positive profits in equilibrium.

Finally, and most importantly, the model predicts that the program intervention should
increase employment. It is worth noting that a wage subsidy equivalent to the market wage
would not increase employment in our model.

Model Set-up

Workers are either high ability θH or low ability θL. A worker’s contribution to a firm is
Y (θ) = θ. Hiring a worker costs c > 0, where 0 ≤ θL < c < θH . Therefore, it is unprofitable
for a firm to hire workers with ability θL and potentially profitable for a firm to hire workers
with ability θH . Firm owners do not observe ability and make hiring decisions using expected
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ability θ̂. For simplicity, we assume that θ̂ < c for all workers8.
A worker is willing to work if the offered compensation rw(θ) > ro(θ), the worker’s

outside option. For simplicity, we assume that the outside option for any ability worker is
ro(θ) = 0 and that workers weakly prefer their outside option, meaning that all workers
want to work for any compensation package rw(θ) > 0. Additionally, workers have an initial
wealth endowment of γ ≥ 0 and there is no access to credit. Wealth γ is continuously
distributed across workers with some cumulative distribution function Fg.

Market Equilibrium

If all firms had perfect information about all worker types, then θL workers would not work
and θH workers would work for wH = θH − c. However, if firms are unable to observe worker
type prior to incurring c and unable to screen workers, then there is no effective wage w > 0
such that expected profits π̂ = θ̂ − w − c ≥ 0. Therefore, without some form of screening,
no hiring will occur.

Now suppose that firms offer a contract with a negative initial wage w, but positive
revenue sharing (s ∈ [0, 1]), in an attempt to differentiate between low and high type workers.
Expected profits are:

π̂ = (1− s)(θ̂|s, w) + w − c
where w is the bond posted by the worker to buy into the job.

If w and s are set such that sθL ≤ w, then the firm can effectively screen out low ability
workers and expected profits become:

π̂ = (1− s)θH + w − c
where high types are willing to post a bond up to w < sθH .

In the perfectly competitive equilibrium, firms raise s and lower w until π̂ = (1− s)θH +
w − c = 0 or sθL = w. Because w is unbounded (can take negative values), both of these
conditions will hold in equilibrium. Plugging sθL = w into π̂ = (1− s)θ̂+w− c = 0 we find:

(1− s∗)θH + s∗θL − c = 0
=⇒ s∗ = θH−c

θH−θL
and w∗ = s∗θL = ( θH−c

θH−θL
)θL

8These assumptions apply primarily in the anonymous market for non-family workers. Empirically,
family members are rarely required to post a bond, and even close acquaintances or neighbors may also
be exempt from the requirement. In these cases, we would presume a few key differences with our model.
First, the search and screening costs for family members are likely lower. Secondly the firm owner likely
has better information about the ability of the worker he/she knows and can therefore choose to employ or
not employ him/her on the basis of that information. Finally, some potential intrahousehold transfers could
be enclosed in the employment relationship between family members. Wages in the case of family members
would be a function of ability, whether the firm can afford to post the bond elsewhere, whether the worker
has connections to multiple firms, and intrahousehold transfers paid as wages. In our data, family members
are paid more than non-family members, which we interpret to be the result primarily of intrahousehold
transfers paid as wages.
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High ability workers whose type is unknown will work if γ > w∗.

Government Intervention

In our preferred interpretation of the government program, the recruitment process required
workers to pay a non-monetary “sweat equity” bond, which allowed for the screening out of
low ability workers without the use of a monetary bond. In our empirical setting, the “sweat
equity” bond consists of attending several meetings, interviews, and surveys; and continuing
to show interest in the apprenticeship despite a long lag in program roll-out. We call this
non-monetary screening cost u and assume u < (1− c

θH
)θL.

In the model, firms still seek to screen out workers with ability θL, such that u ≥ s′θL,
where s′ is the share of revenues paid to program apprentices. However, unlike w, u is fixed
by the program and does not adjust until profits are zero. In equilibrium, s′θL = u and firms
earn positive profits:

π̂ = (1− s′)(θ̂|u, s)− c >
(1− u

θL
)θH − c >

(1−
θL(1− c′

θH
)

θL
)θH − c = c− c = 0

Allowing workers to post the bond in a non-monetary way draws out of unemployment
that segment of the workforce where u < s∗θH but personal savings γ < w∗. This solves
the market failure generated by the combination of the bond-posting screening mechanism
and missing credit markets to finance that bond. The model also predicts that workers
from poorer households would be employed through the program. Though we do not have
data on the household wealth of the existing workforce, we have anecdotal evidence from
program apprentices that the cost of the monetary bond posting kept them from becoming
apprentices in local firms prior to the implementation of the program.

Of course in reality, there is a continuum of types. In our empirical work we will rely
on variation in ability within high types employed through the program to estimate whether
worker ability directly affects firm revenues and profits. In that case, the reader should
interpret the findings as a comparison of high ability workers to “medium” (or marginal)
ability workers (who barely meet the fixed cost cut off).

Search Costs and Wage Subsidies

An alternative (or additional) modeling of the program could argue that program recruitment
of workers lowered the cost of hiring c to c′, where 0 ≤ c′ < θL < θH . In this case, the
competitive equilibrium would result in the employment of all workers at wages wH = θH−c′
and wL = θL − c′. It would also imply that the average worker employed by the program
is lower ability than the average existing worker. Though we do not have the same detailed
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cognitive ability data for existing workers as we do for program apprentices, mean years of
schooling are similar between program apprentices and existing apprentices in sample firms.

It is worthwhile to note that in our market equilibrium, a wage subsidy equal to sθH
would not predict an increase in employment unless it exceeded the difference between c
and θL. Where θL + sθH < c, firm owners would still seek to charge a bond to begin an
apprenticeship in order to screen out the lowest ability workers, and the market failure caused
by credit constraints would remain.

1.4 Experimental Design

Sample Recruitment

Our study sample comes from 32 districts around Ghana, randomly drawn from the 100
districts slated to participate in the second year of a national scale apprentice placement
program9. The districts include Accra and Kumasi, the two largest cities in Ghana, as well
as rural districts in all ten regions. Figure 1 shows the selected districts.

Firms in the sample were recruited by local government officials and craft-specific trade
associations to hire and train the unemployed young people who were the real targeted re-
cipients of the program from the perspective of the government10. Recruitment of firms
took place independently of apprentice recruitment and after the apprentice recipients were
chosen, though it was targeted in the sense that local government officials and trade as-
sociation leadership sought firms that broadly matched the location and trade preference
of program apprentices. The program targeted three main trade groups: garment-making,
hair/beauty/cosmetology, and construction. In our sample, garment-making includes both
men and women, hair and beauty is nearly all women, and construction is nearly all men,
both among firm owners and apprentices. In general, firms were approached directly and
asked if they would be interested in hiring apprentices through the government program.
Interested firms were then invited to attend one of 149 district and trade group level meet-
ings. It was at these meetings that the research team first enrolled firms in the study, and
at these meetings that firm owners participated in the baseline survey11.

9The National Apprenticeship Program (NAP) is the flagship program of the Council for Technical and
Vocational Education and Training (COTVET), a relatively new national body that acts under the office of
the president (rather than a particular ministry) to coordinate technical training across ministries. COTVET
has no operational presence outside of the capital city, however, and the majority of the implementation of
the program was carried out by district-level officials of the Ghana Education Service (the operational arm
of the Ministry of Education).

10The experiment on which we report in this paper was enclosed in a larger randomized controlled trial,
which randomized over unemployed young people applying to become apprentices targeted by this gov-
ernment program. That randomization took place before any firms were recruited. We do not report on
apprentice outcomes in this paper, though labor market impacts of apprenticeship training will be the subject
of future work.

11The NAP was originally conceived as a subsidy which more closely mirrors the standard apprenticeship,
including a bond payment at the start of the apprenticeship and a gift of a toolset to program apprentices.
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Apprentices were likewise recruited by local government officials, via advertisements pub-
licly posted at the district office and elsewhere in town centers and via visits to churches and
community meetings. The program intended to target economically disadvantaged young
people, but did nothing to enforce an income requirement. Apprentices participating in
the program were required to submit a formal application to the local government office
and attend a short interview with local government officials (generally the district technical
training coordinator, another education official, and someone from the local district assem-
bly). Apprentices were later also required to attend the same district and trade group level
meetings that interested firms attended.

About 50% of the unemployed young people who completed the initial application com-
pleted all application requirements (attended all required meetings). Though we cannot
characterize selection from the universe of unemployed young people into our initial sample,
we can use attrition from the initial sample through to the placement meetings and place-
ment randomization as a check of our model intuition. In Appendix Table 9, we validate
broadly our findings. First, unemployed young people who come from richer households
(those with higher asset indices) appear to be less likely to complete the application proce-
dures, which is unsurprising since they can access apprenticeships either through the program
or privately. Secondly, findings suggest that among the poorer applicants, those who perform
better on our metrics of cognitive ability are those who are most likely to proceed through
the application procedures and enter the pool of apprentices offered to firms for hiring.

Placement Intervention

The timeline of program activities is detailed in Figure 2. The program began in August 2012
with the recruitment of apprentices, at which time they participated in a baseline survey.
There was then a long lag in the roll-out of the program as the national government agency
that initiated and designed the program failed to move forward with activities or to instruct
district level education officials on the same12. Starting in May 2013 firm recruitment and

The bond payment was the subject of contentious negotiation between trade association leadership and
COTVET during the government’s program design period. At the time of the follow-up surveys, no bond
payments had been made and firm owners widely recognize that they are unlikely to receive a monetary
benefit from the government. Toolsets for apprentices (to use and keep) have been procured and at the
time of this writing are beginning to be distributed many months after apprentices began. Despite the
dispute, firm owners continued to be interested in hiring through the program, and the dispute does not
appear to have affected training and employment of NAP apprentices. It is possible, however, that interest in
interacting formally with the government and/or hope of future government benefits or subsidies motivated,
in part, firm owner interest in the program.

12Recruitment of apprentices began in August 2012, group meetings took place in mid-2013, and program
placement did not begin until October 2013. In general, logistical challenges on the part of the implementing
government partners led to significant delays in all districts, and the start of apprenticeships in three phases.
21 districts, 657 apprentices, and 684 firms made up Phase 1, starting training in October and November
2013; 7 districts, 388 apprentices, and 280 firms made up Phase 2, starting training in December 2013 and
January 2014; and 4 districts, 152 apprentices, and 123 firms made up Phase 3, starting training in February
and March 2014. Phase 3 apprentices and firms were excluded from the first January 2014 follow-up survey.
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district and trade group meetings began. At these meetings firm owners were briefed on the
program in more detail. In particular, conditional on geographic feasibility and apprentice
willingness, apprentices would be randomly allocated. This protocol was acceptable in part
because the assignment of apprentices to firms was seen by firm owners as a government
benefit, so random placement allowed for arguably fair distribution of that benefit. In
addition, firm owners would not have the opportunity to reject program apprentices (because
the design sought to ensure a placement for every apprentice). Information on capacity
constraints was also collected, though due to a relatively disperse sample across districts and
trades capacity constraints were never binding (i.e. no firm owner was randomly assigned
more apprentices than he or she was willing to accept). Firm owners still interested in
hiring apprentices through the program then introduced themselves to the gathered group
of apprentices, and stated the precise location of their businesses13.

Apprentices, for their part, were then given the opportunity to provide a list of firms with
which they would be willing and able to work and train. The instruction was to provide
information on firms within their craft of interest that were close enough to their homes that
they could reach them without incurring large transport costs. However, detailed GPS or
other information on firm location and apprentice home location was not available at the time
so district officials and research field teams had no ability to enforce that instruction. Con-
sequently, the apprentice-specific firm sets include both geographic feasibility (walkability,
generally) and idiosyncratic preference. No minimum or maximum was placed on the number
of firms listed and apprentices who listed only one firm were assigned that firm. However,
the majority of apprentices listed at least two firms, with a mean of 2.2 firms. Anecdotally,
we believe the firm sets to be an honest revelation of preferences, where apprentices who
listed multiple firms were willing to work at all of the listed firms.

The application process, including the formal application, interview, attendance at group
meetings, and the long lag in program roll-out function empirically as the non-monetary
screening emphasized in the conceptual framework. In general it required a non-trivial
investment of time and energy from potential apprentices.

Data

Data come from four sources: (1) firm baseline surveys, (2) apprentice baseline surveys, (3)
apprentice-specific firm sets, and (4) two firm-level follow-up surveys conducted at approx-
imately 3 and 6 months after the start of employment. 1,070 of 1,083 sample firms partici-
pated in a baseline survey which included personal background, digit span recall, four math
questions, capital stock, detailed labor inputs, revenues and profits, managerial aptitude
questions, and information on apprenticeship training experiences. 1,136 of 1,168 sample
apprentices participated in a baseline survey which included education, training and work
background, and a series of cognitive tests, including digit span recall, four math questions,

13The formal meeting activities were heavily monitored, though unmonitored communication between
participants was also common.
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Ravens matrices group B, and a fifteen word oral English vocabulary definition/recognition
test. 1,062 of 1,083 sample firms participated in one or both of the follow-up surveys, with no
differential survey attrition by treatment assignment. Follow-up surveys included revenues,
profits, detail on program apprentices, and updates on non-program apprentices labor in-
puts. The second follow-up also included updated capital stock measures. The use of two
follow-ups was intended to increase power for the key outcome variables, as profits and sales
for microenterprises are both extremely noisy and have relatively low auto-correlation over
time (McKenzie (2012)).

All survey questions and strategies were extensively piloted. Because Ghana has eleven
government-sponsored languages and the sample spans 32 districts and all 10 regions, the
surveys were printed in English and translated on the spot. Surveyors had with them simple
dictionaries developed specifically to assist in the correct translation of important ques-
tions/words. Following De Mel, McKenzie and Woodruff (2009b), the revenues and profits
questions in each firm survey were as follows:

“What were the TOTAL SALES from your business LAST MONTH?”

“What was the total INCOME the business earned LAST MONTH after paying all expenses
including wages of employees, but not including any INCOME you paid yourself. That is,
what were the PROFITS of your business LAST MONTH?”

Labor inputs in the firm baseline were captured by category (“master” worker, apprentice,
unpaid worker), and included detail on the sex, age, hours, wages, and training experience
of each worker. Capital stock data was collected in seven categories: land, building(s),
furniture, machinery and equipment, tools, inventory, and any other assets, only the last
five of which were included in the second follow-up. Craft-specific pictorial aids were used
to assist survey respondents in including capital stock by category.

Apprentice cognitive tests include the Ravens matrices group B, a commonly used mea-
sure of abstract cognitive ability. It is a series of 12 patterns, each with a missing piece.
The respondent chooses from six options which piece fits the pattern for each of the 12
patterns. The Digit Span Recall test is essentially a memory test, in which surveyors read
out a number or series of numbers and respondents repeat the numbers. The number of
digits increases over time so that later questions are more difficult than earlier ones. The
oral English vocabulary test includes fifteen English words and possible synonyms for those
words, and asks respondents to choose the synonym. We created the math test ourselves via
survey piloting, and it consists of four word problems that require critical thinking and the
use of simple arithmetic.

Seasonal variation in economic activity at these firms is important. The firm baseline
surveys were completed between May and November 2013, with all surveys within a district
completed around the same time. The first follow-up survey was completed in January 2014,
and thus refers to revenues and profits from December, the heaviest month for both garment-
makers and beauticians, particularly in the Christian south of Ghana. The second follow-up
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survey was completed in April 2014 and refers to economic activity from March 2014. It is
important to note that Ghana suffered from high rates of inflation over the course of the
study. At present all specifications include nominal Ghana Cedis.

Randomization

Randomization was done on the individual apprentice level. Given the firm set of each
apprentice, a random firm was chosen using a computer generated random number. No
re-randomization or stratification beyond individual apprentice was done, and each random-
ization was independent. If the apprentice only listed a single firm as both geographically
feasible and desirable generally, he or she was assigned to that firm.

Consequently, our identifying exogenous variation is conditional on non-random appren-
tice interest in each firm, and generates a multi-valued treatment assignment. Specifically,
because each apprentice-specific randomization is independent, the probability distribution
function for the treatment value of a given firm is conditional both on the number of appren-
tices who listed that firm and the number of other firms each of those apprentices listed.

As an example, consider a district and trade in which there is only a single apprentice.
Suppose that apprentice listed three firms. In this case, each of the three firms would be
in our sample and the apprentice would have a 1/3 probability of being assigned to any of
the three firms. The randomization would assign the apprentice to one of the three firms,
which would become the treatment firm and the remaining two would become control firms.
Each of the three firms would have a 1/3 probability of being assigned one apprentice, a 2/3
probability of being assigned no apprentices, and zero probability of two or more. And each
of the three firms could be compared to each other as members of the same lottery.

Most districts and trades, however, had more than one apprentice. Suppose, for example,
there are two apprentices (and still three firms). The first apprentice lists each of the three
firms as before, but now the second apprentice lists two of the three. Now the first firm
has a 1/3 chance of being assigned one apprentice, a 2/3 probability of being assigned no
apprentices, and zero probability of two or more. However, the second and third firms have
a (2/3*1/2) + (1/3*1/2) = 1/2 chance of being assigned one apprentice, a (2/3*1/2) = 1/3
chance of being assigned zero apprentices, a (1/3*1/2) =1/6 chance of being assigned two
apprentices, and zero probability of three or more. Now the second and third firms retain
the same probability of each treatment assignment and remain in the same lottery, but can
no longer be strictly compared to the first firm.

In practice, though there are many more than one or two apprentices in each district and
trade, relatively small numbers like this were common because of the geographic dispersion of
the sample. The randomization resulted in firm treatment assignment taking values between
zero and six apprentices.14 Figure 3 shows the distribution of treatment assignment by

14Four firms of 1,087 were assigned seven or eight apprentices because of unusual circumstances in the
particular neighborhoods where those firms reside. No other firms share their Lottery Fixed Effect, so they
would not contribute to the estimation strategy discussed below. Consequently, they have been dropped
from the analysis.
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firm, underlining the fact that the vast majority of firms were assigned zero, one, or two
apprentices.

In order to control for differences across firms in apprentice interest and for different
probability distributions of the treatment value, we execute a fixed effects specification akin
to strata or school-choice lottery fixed effects. Our main estimation strategy includes these
lottery fixed effects (ϕl) within which each firm faces an equal probability of being assigned
each of the multi-valued treatment assignments.

An alternative way of articulating the same, is to recognize that we implement an ap-
proximation to an exact propensity score match across a multi-valued treatment assignment.
First, note that the randomization ensures that:

Y (t) ⊥ T | X for all t ∈ τ
where τ is the set of possible treatment assignments [0, 6], T is the randomized and observed
treatment assignment, Y (t) is the set of potential outcomes associated with each of the
possible treatment assignments, and X is the full set of all apprentice-specific firm sets.
This is saying that conditional on the full matrix of apprentice interest preferences, the
treatment assignment is random. Following Hirano and Imbens (2004), it follows that:

Y (t) ⊥ T | fT (t | X)
where fT |X(t | X) is the conditional density of the treatment assignment given the co-

variate matrix X of all apprentice-specific firm sets. In a typical generalized propensity score
design, these are selection on observables assumptions. In our design, these hold because we
literally randomized conditional on X.

In our estimation, the potential outcomes are independent of the treatment assignment
conditional on the lottery fixed effects. One important consideration is that the lottery
fixed effects cut the data quite thin (we have over 200 unique lottery fixed effects for a
sample of 1,083 firms). We note, however, that over half of the firms in the sample fall
into one of the 15 most common lottery fixed effects. These most common lottery fixed
effects include firms listed by relatively few apprentices, usually one, two, or three. Our
findings are qualitatively robust to controlling for the randomization in other ways. We will
display OLS in the main tables, but the findings are also robust to instead controlling for the
moments of the probability distribution of the treatment assignment, or probabilities of each
treatment assignment (similar to propensity score regression adjustment). We considered
these more parameterized alternative specifications, but prefer lottery fixed effects as they
control directly for the probability of treatment.

Estimation

We have three main outcome groups of interest: (1) labor inputs and firm size, (2) revenues
and profits, and (2) complementary other inputs.15 Following McKenzie (2012), our main

15This project was registered with the American Economics Association Randomized Controlled Trial
Registry, complete with a Pre-Analysis Plan (PAP). The PAP was intended to coalesce ideas on the direction
of analysis, and limit both the risks and perception of data mining or specification search. The estimation
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specification stacks data from the two follow-up rounds, controls for the baseline value of
the outcome variable, and includes a follow-up round 2 fixed effect (η2), as follows:

Yit = α + βTi + γYi0 + η2 + ϕl + εit (1.1)

The coefficient β estimates the Intent-to-Treat effect and is identified from within-round,
within lottery variation. β can be interpreted as the average effect of each assigned apprentice
across follow-up rounds, where the effect of each apprentice enters the function linearly.
Standard errors are clustered at the district level.

To measure treatment effects across rounds, we estimate:

Yit = α + β1Ti ∗ η1 + β2Ti ∗ η2 + γYi0 + η2 + ϕl + εit (1.2)

In additional specifications, we interact treatment assignment with baseline character-
istics of the firm (gender of the firm owner, firm trade, baseline firm size) to explore het-
erogeneous treatment effects. We also run Local Average Treatment Effect specifications,
instrumenting for firm size with treatment assignment.

Finally, we define treatment assignments Tabovemedian and Tbelowmedian partitioned from
the total value of Ti, where Tabovemedian is the number of apprentices assigned who performed
better than the median among all program apprentices on the noted cognitive test and
Tbelowmedian is the number of apprentices assigned who did not. In the education tables, TJSS
is apprentices who finished Junior Secondary School and TnoJSS is those who did not. We
then run variations of the following as our main specification in the ability analysis:

Yit = α + βTi−abovemedian + γYi0 + η2 + ϕL−abovemedian + εit (1.3)

The randomization over these partitioned treatment assignments is exactly the larger
randomization, but again is conditional on non-random apprentice interest. Consequently,
the firm samples in each of the partitioned experiments differ slightly, as we discuss below.
Partitioned treatment assignment specific lottery fixed effects (e.g. ϕabovemedian−l) are also
generated.

Summary Statistics

In our nationwide sample of 1,083 small firms, apprentices comprise the vast majority of
the workforce. In the 962 firms who have any workers besides the owner at baseline, 80%
of the 3,695 workers are apprentices. 46% of the workforce was previously unknown to the
firm owner, underlying that modern apprenticeship is largely an anonymous market activity.

procedures described in the PAP did not properly control for non-random apprentice interest and were
thus abandoned. The main hypotheses, however, laid out in the PAP, are tested in this paper. These
include that treatment firms would increase in size, that treatment firms would see increases in revenues and
profits associated with apprentice labor inputs, and that apprentice cognitive ability would matter for these
outcomes.
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The mean monthly wage for an apprentice during his/her first year of work in our baseline
sample is about 21 Ghana Cedis, which at the time of baseline surveys was about 10 US
dollars.

Column 1 of Table 1 displays the summary statistics for a range of other variables at
baseline. We see that garment-makers are the most common trade, that we have more female
firm owners than male firm owners in the sample, and that only about 7% of the sample is
registered with the Registrar General (to pay taxes). Our sample firms are slightly larger
than those in many studies of microenterprises, though broadly still classified as small firms
or microenterprises in the terminology of the discipline.

Balance Along Observables

Columns 2 through 11 of Table 1 test for raw balance along observable firm characteristics
across the most common treatment assignments. Control are firms assigned zero apprentices,
T=1 are firms assigned one apprentice, T=2 are firms assigned two apprentices, and T=3
are firms assigned three apprentices. Columns labeled mean give the mean value for each of
these groups, in order. Columns 4-5, 7-8, and 10-11 show the difference between the mean
in the control group and the three most common treatment groups (one apprentice, two
apprentices, three apprentices), with the corresponding p-value on the test of equality.

The reader will notice that several variables reveal imbalance across individual treatment
assignment groups in the raw data which does not control for non-random apprentice in-
terest. In particular, baseline firm size is unbalanced without lottery fixed effects controls.
This reveals that firms with larger baseline firm size received more apprentice interest and
consequently, on average, a higher treatment assignment.

Next we test whether this imbalance across treatment and control groups with respect to
random treatment assignment persists when we control for non-random apprentice interest.
We regress firm baseline characteristics on treatment assignment, controlling for lottery fixed
effects to confirm that treatment does not predict baseline characteristics. Each cell in Table
2 comes from a separate regression of the following form:

Baselinei = α + βTi + ϕl + εi (1.4)

with lottery fixed effects (ϕl). What we would want to see in this table is that each coefficient
is precisely and exactly zero. Though the point estimates are not exactly zero, we note
that only one is significant, implying that imbalance across baseline firm characteristics
nearly disappears when we control for lottery fixed effects16. Accordingly, the randomization
procedure achieved conditional balance across treatment assignments.

16Note that regressions of this form that exclude lottery fixed effects do produce significant coefficient
estimates.
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1.5 Results

Take Up and Other Production Inputs

Take-up requires both that the firm owner accept to train and employ apprentices and that
apprentices report to their employment assignments. To our knowledge, only one firm in
the study refused to train and employ the apprentice(s) assigned to their firm. Of the 1,168
apprentices assigned training and employment via the random match process, 767 (66%)
reported to their assigned firm, 77 (6%) reported to a firm in the study other than their
assigned firm, 305 (26%) did not report to any firm in the study, and 19 (2%) were not
confirmed as their assigned firms attrited from the study.

Table 3 shows the results of estimating a standard OLS specification as well as Equations
1 and 2 on treatment assignment. Without lottery fixed effects, each additional assigned
apprentices increases firm size by about .8 workers. Some of this effect is driven by the fact
that apprentices preferred larger firms. Estimating the same using the lottery fixed effects,
we find that each assigned apprentice increases firm size by about .5 workers. The median
firm had 4 people (including the owner) at baseline, so half a worker increases the size of the
firm about 10%. Figure 4 displays this result graphically.

In Appendix Table 2, we investigate the impact of the treatment program on other pro-
duction inputs, including capital stock, firm owner hours worked, and reported hours of
instruction given by the firm owner to apprentices. Note that capital stock and instruction
hours were only captured in Round 2 of data collection. We show no complementary in-
vestment in other inputs. One possible explanation is credit constraints, such that though
firms may prefer to invest in additional capital, they are unable to do so. Another possible
explanation is that firm owners may incorporate the largely temporary nature of apprentice
labor inputs, as the majority of apprentices outside this program leave the firm rather than
graduate to master workers within the firm (at the time of this writing, program apprentices
are still working and training in their assigned firms).

Treatment Effects on Revenues and Profits

Our second main set of results is presented in tables 4, 5, A3 and A4. The ITT effect
of each treatment apprentice is an increase in revenues of seven percent and a Treatment
on the Treated (TOT)/Local Average Treatment Effect (LATE) of twelve percent. Profits
increase in similar magnitudes, with an ITT estimate of eleven percent and a TOT estimate
of eighteen percent. Tables 4 and 5 also show that raw revenues and profits estimates are
qualitatively similar but insignificant. In Appendix tables A3 and A4, we investigate whether
these power differences are driven by functional form or outliers in our revenues and profits
data by running quantile regressions on both raw revenues and profits and log revenues and
profits. We find that, while both may be important, outliers are the most likely cause of the
loss of power in regressions on raw data.
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This finding shows that profitable employment relationships were created by the search
and screening intervention that did not occur in the absence of intervention. Mean monthly
wages paid to program apprentices in Round 1 are 23 GHC, with a median of 15 GHC. In
Round 2, this number increased to a mean of 25 GHC and a median of 20 GHC, likely due to
both increasing worker productivity and inflation over the months between follow-up rounds.
These numbers are broadly consistent with total additional revenues less wages and other
expenses equaling total additional profits. The profit effects are essentially a lower bound to
the fixed cost of search, and interpreted as such, are extremely high.

These findings also independently imply that unemployed young people with relatively
little formal schooling and limited skills have a positive and quite large marginal revenue
product, which is a meaningful finding in itself.

Heterogeneity in Treatment Effects

Table 6 explores heterogeneous treatment effects by firm characteristics at baseline. We find
no evidence that treatment varies by trade group. Though not significant, point estimates
suggest that female-owned firms in garment-making (the only major trade with large numbers
of both men and women) benefit far less than male-owned firms in the same trade for
each assigned program apprentice. This finding relates to De Mel, McKenzie and Woodruff
(2009a) which finds that female-owned small firms benefit less from infusions of capital.
Fafchamps et al. (2013) finds that female-owned firms benefit more from in-kind capital
grants than cash, suggesting that the liquid nature of cash could be vulnerable to leakage
into the household and/or greater levels of impatience among female owners. Labor is
essentially an in-kind production input and therefore should not be subject to leakage into
the household or into consumption. Our finding on heterogeneity in returns by firm owner
gender is not significant however, and thus only contributes suggestive evidence to the puzzle
of productivity differences between male and female-owned firms.

The most robust heterogeneity result is that the smaller firms at baseline benefit most
from the treatment. Appendix Table 5 attempts to explore this finding further. Though
consistent with simple decreasing returns to additional labor inputs, these robust findings
also suggest that the smallest subsistence firms may represent a special case.

1.6 Worker Ability

Next we turn to an attempt to characterize the nature of the labor market friction identified
in Section 5. The coincidence of high youth unemployment and evidence of high search costs
is puzzling at first glance. We present evidence that worker ability impacts the marginal
revenue product of labor in our setting, and that missing signals of ability may make it
difficult for firm-owners to screen directly. In particular, revenues and profit effects respond
to cognitive ability as measured by the researcher but not to cognitive ability as measured
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by educational outcomes. These findings underlie the difficulty many small firm owners have
identifying apprentices who can add to the profits of their firms.

Cognitive Ability

Econometrically, this analysis separates the treatment into two sub-experiments. We use the
same manner to control for randomization and non-random apprentice interest as we do in
the main analysis; however, in this case, we split the apprentices into two groups. So one
experiment takes all apprentices who are above median performance on a particular cognitive
test and another experiment takes all apprentices who are below median performance on
the same test. We then estimate equation 3 on firms who received interest from both
above median and below median apprentices. This limits our sample but ensures that we
are studying firms of a similar type and that differences are not driven by unobservable
differences across firms. In addition, new lotteries apply to the above median and below
median experiments and require us to estimate them separately.

Panel A of Table 7 shows the results of estimating equation 3 for above median ability
treatment, as measured using the Digit Span Recall Test. We see that, even in this small
sample, higher ability apprentices have quite large ITT effects on revenues and profits. Panel
B of Table 7 shows the results of estimating equation 3 for below median ability treatment,
as measured by performance on the Digit Span Recall Test. Here, the point estimates are
slightly negative and not significant. Though the difference between above median and below
median point estimates is not significant, these findings are nonetheless striking in this small
sample of overlapping firms.

The pattern persists in our other measures of cognitive ability. Appendix Tables 5 through
8 show similar estimates for sub-experiments using the Ravens test, the math test, and the
English vocabulary test. Though these measures are correlated, their relationship is very
far from perfectly overlapping. As four independent measures of cognitive ability, each adds
to the argument that high cognitive ability apprentices generate larger treatment effects on
revenues and profits. Firms treated with apprentices who scored above the median (in our
apprentice sample) on each of our cognitive tests experience much higher revenue and profit
effects. Firms treated with apprentices who scored below the median are near break-even.

These findings are robust to running the specifications on the full sample in each sub-
experiment (rather than restricting the sample to overlapping firms), in which case we have
similar point estimates and more statistical significance. In addition, alternative specifica-
tions that control for non-random apprentice interest less rigorously and include treatment
variables for both above median and below median cognitive ability apprentices have quali-
tatively similar findings.

Education

Tables 8 tells a different story. Panel A of Table 8 estimates equation 3 for apprentices who
completed Junior Secondary School (the end of free and compulsory education in Ghana).
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Panel B of Table 8 estimates equation 3 for apprentices who did not complete Junior Sec-
ondary School. Here we see that again coefficients on the two experimental treatments are
not significantly different. However, if anything the evidence suggests that less well educated
apprentices benefit firm outcomes more. This is despite the fact that education is positively
correlated with each of our four measures of cognitive ability.

The fact that we find no evidence that more years of schooling predict treatment effects
on revenues and profits underlies the lack of useful signals of ability available to hiring firms.

1.7 Conclusion

Previous models of small firms in developing countries have largely assumed they face a fric-
tionless market for workers. The justification for modeling firms in this way comes primarily
from the idea that larger firms are subject to more stringent regulations and wage premiums
and therefore face much higher hiring costs. This line of thinking, however, misses the fact
that large firms have the ability and capacity to put significant resources into recruitment
and screening of potential workers. Consequently, they have access to both a larger pool
and a more complex mechanism by which to screen workers. Small firms, on the other hand,
while they may have more private information about local young people, have very limited
ability and resources to devote to complicated screening on ability, motivation, and other
potentially productivity-enhancing worker characteristics.

This paper argues that small firms in Ghana face high labor market search costs, and in
particular that screening over ability is both difficult and costly. Using the results from a
field experiment which randomly gave firms access to worker recruitment services, we show
that small firms offered workers through the program chose to hire them. Further, control
firms not offered workers through the program failed to hire workers through other means
by six months after the program began.

In addition, we show that the marginal revenue product of labor (even when that labor is
unemployed young people not productively employed elsewhere) is positive and quite large.
It appears that there is substantial room for small firms to grow in terms of employment
and retain profitability. This finding is important because it stands in contrast to an oft-
cited argument in development economics that small firms are low-productivity subsistence
enterprises.

Finally, we present evidence that cognitive ability matters in the degree to which workers
contribute to firm revenues and profits. Understanding how worker characteristics interact
with productivity is of broad interest in economics, and meaningful in our context because
it argues that there is substantial (largely unobservable) heterogeneity in the pool of unem-
ployed young people in Sub-Saharan Africa. Signals that are available to firms (both large
and small) do not appear to affect productivity as we might expect.

More work remains to be done to better understand small firms and labor markets in
developing countries. This paper attempts to test of the type of labor market friction con-
straining employment in small firms, but its limitations leave further empirical tests as future
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work. In addition, the findings in this paper suggest that labor market institutions in Ghana
in this portion of the labor market are either missing or poorly functioning. Studying these
institutions and policy options to address their failings is an important research agenda going
forward.
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Figure 1.1: Sample Districts. The map highlights the 32 sample districts included in the
study, which include Kumasi Metropolitan and Accra Metropolitan, the two largest urban
centers. The sample also includes many very rural (and poor) districts. The government
program was slated to take place in about half of the districts in Ghana, and the evaluation
districts are a random subset of those.
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Figure 1.2: Project Timeline. The project timeline below describes the order of apprentice
recruitment, firm recruitment, and data collection. Randomization took place just before
placement, which signifies that apprentices received instruction to report to their assigned
firms and firms received information about who they were assigned, if anyone.

Aug-Dec 2012 May-Sept 2013 Oct-Dec 2013 Jan 2014 Apr 2014
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Figure 1.3: Distribution of Treatment Assignments. The vast majority of our sample
firms were assigned zero, one, or two apprentices via the randomization. These numbers are
a function of the lottery and the relatively small numbers of apprentices interested in each
sample firm. Note that firms assigned larger numbers of workers were also listed by more
interested apprentices, though these differences are controlled for by including lottery fixed
effects.
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Figure 1.4: Firm Size And Labor Market Constraints. This figure plots raw firm size
(including the firm owner) at baseline (time 0), first follow-up (time 1), and second follow-
up (time 2). First follow-up took place approximately three months after placement, and
second follow-up approximately six months after placement. Note that these raw data do
not control for lottery fixed effects, which is why we observe imbalance in firm size at time
0 in this figure. The figure shows two striking patterns: (1) control firms fail to hire outside
the program, and (2) firm size increases roughly in proportion to treatment.
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Table 1.1: Summary statistics and raw covariate balance. Columns labeled mean give the mean value for all
firms in our sample, control firms, firms assigned one apprentice, firms assigned two apprentices, and firms assigned
three apprentices, in that order. Columns 4-5, 7-8, and 10-11 show the difference between the mean in the control
group and the three most common treatment groups (one apprentice, two apprentices, three apprentices), with the
corresponding p-value on the test of equality.

All Firms Control T=1 C-T1 T=2 C-T2 T=3 C-T3
mean mean mean diff p-val mean diff p-val mean diff p-val

Female Owner 0.66 0.69 0.63 0.06 0.08 0.65 0.04 0.34 0.83 -0.14 0.03
Garment Makers 0.42 0.44 0.41 0.03 0.32 0.39 0.05 0.25 0.45 -0.01 0.87
Hairdressers and Beauticians 0.33 0.34 0.31 0.03 0.32 0.35 -0.01 0.75 0.38 -0.04 0.59
Construction 0.25 0.22 0.29 -0.07 0.03 0.26 -0.04 0.32 0.17 0.05 0.41
Firm Size 4.47 4.02 4.44 -0.42 0.03 4.95 -0.93 0.00 5.06 -1.04 0.01
Has any worker(s) besides owner 0.89 0.86 0.90 -0.04 0.07 0.90 -0.04 0.13 0.91 -0.05 0.35
Paid Workers 0.53 0.55 0.51 0.04 0.63 0.56 -0.02 0.88 0.42 0.13 0.43
Apprentices 2.77 2.33 2.74 -0.40 0.02 3.19 -0.86 0.00 3.51 -1.18 0.00
Unpaid Workers 0.16 0.13 0.20 -0.07 0.13 0.16 -0.03 0.53 0.13 -0.00 0.99
Proportion of workforce is family 0.15 0.16 0.15 0.01 0.48 0.15 0.02 0.50 0.07 0.09 0.03
Revenues (nominal GHC) 717 626 700 -75 0.31 868 -243 0.03 530 95 0.53
Profits (nominal GHC) 337 298 354 -56 0.20 399 -101 0.07 285 13 0.87
Assets (nominal GHC) 7181 7822 7002 820 0.31 6178 1644 0.15 6549 1273 0.46
Assets excl building (nominal GHC) 4223 4450 3979 471 0.35 4256 194 0.81 3144 1307 0.20
Firm Age 11.5 12.07 11.56 0.51 0.35 10.59 1.47 0.02 11.04 1.03 0.34
Bank Account 0.67 0.64 0.67 -0.03 0.33 0.71 -0.07 0.11 0.68 -0.04 0.59
Electricity connection 0.87 0.91 0.86 0.05 0.05 0.84 0.07 0.02 0.84 0.06 0.15
Registered w/district assembly 0.34 0.34 0.34 0.00 0.96 0.37 -0.04 0.41 0.36 -0.02 0.77
Registered w/registrar general 0.07 0.08 0.08 0.00 0.88 0.05 0.03 0.14 0.04 0.05 0.25
Management Practices (of 5) 2.45 2.56 2.42 0.15 0.20 2.40 0.17 0.24 2.60 -0.04 0.87
Owner years schooling 8.95 9.03 9.14 -0.11 0.65 8.41 0.63 0.04 8.96 0.07 0.88
Owner digits span recall (of 14) 6.92 6.96 7.14 -0.18 0.31 6.62 0.34 0.13 6.34 0.62 0.09
Owner math correct (of 4) 2.62 2.61 2.63 -0.02 0.78 2.56 0.05 0.57 2.74 -0.13 0.36

Number of Firms 1083 383 411 187 53
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Table 1.2: Covariate Balance with Lottery Fixed Effects. Each coefficient is from a
separate regression of the number value of the treatment assignment (zero, one, two, etc.) on
the baseline firm-level covariate.

(1) (2) (3) (4) (5)
Female Garment Hairdressers Construction Firm
Owner Makers & Beauticians size

Treatment 0.02 0.00 0.01 -0.01 0.06
Assignment (0.03) (0.03) (0.03) (0.03) (0.16)
Observations 1083 1083 1083 1083 1067
R2 0.296 0.308 0.305 0.307 0.329
Lottery FEs YES YES YES YES YES

(6) (7) (8) (9) (10)
Has any Paid Apprentices Unpaid Prop of workers

worker(s) workers workers are family
Treatment 0.00 0.04 -0.04 0.06∗ -0.01
Assignment (0.02) (0.07) (0.15) (0.04) (0.02)
Observations 1083 1067 1070 1067 945
R2 0.221 0.204 0.360 0.182 0.261
Lottery FEs YES YES YES YES YES

(11) (12) (13) (14) (15)
Revenues Profits Assets Assets excl build Firm

(nom GHC) (nom GHC) (nom GHC) (nom GHC) age
Treatment -2.45 30.08 -681.34 -166.07 0.18
Assignment (80.81) (37.95) (725.73) (504.79) (0.43)
Observations 1061 1062 1070 1070 1068
R2 0.336 0.233 0.230 0.238 0.288
Lottery FEs YES YES YES YES YES

(16) (17) (18) (19) (20)
Bank Electricity Reg w/ Reg w/ Mgmt

account connection dist assemb reg general Practices (of 5)
Treatment 0.00 -0.02 0.03 -0.02 0.07
Assignment (0.03) (0.02) (0.03) (0.02) (0.09)
Observations 1068 1010 1068 1067 1059
R2 0.248 0.234 0.264 0.289 0.300
Lottery FEs YES YES YES YES YES

(21) (22) (23)
Owner yrs Digits span Math
schooling recall (of 14) correct (of 4)

Treatment 0.21 0.06 0.04
Assignment (0.20) (0.15) (0.05)
Observations 1067 1069 1066
R2 0.308 0.248 0.250
Lottery FEs YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01



29

Table 1.3: Take-Up. Regressions include round fixed effects, lottery fixed effects, and baseline values of the dependent
variable where applicable, with errors clustered at the district level. Controlling for lottery fixed effects, about half a
program apprentice is found to be working at follow-up for each assigned program apprentice. The point estimate on
total firm size is also about half a worker, implying that control firms did not grow without the program and treatment
firms did not fire existing workers. Program apprentices work around forty hours per week, and accordingly we see total
hours worked in sample firms increasing by about 20 hours for each assigned apprentice.

Take Up: Firm Size: Firm Size:
Program Apps Working Total Number of Workers Total Number of Hours

(1) (2) (3) (4) (5) (6) (7) (8) (9)
OLS FE: FE: OLS FE: FE: OLS FE: FE:

Pooled By round Pooled By round Pooled By round
Treatment Assignment 0.76∗∗∗ 0.47∗∗∗ 0.82∗∗∗ 0.48∗∗∗ 41.65∗∗∗ 22.42∗∗∗

(0.05) (0.05) (0.07) (0.12) (3.91) (7.28)

Treatment - Round 1 0.42∗∗∗ 0.45∗∗∗ 21.40∗∗

(0.05) (0.13) (7.82)

Treatment - Round 2 0.51∗∗∗ 0.52∗∗∗ 23.38∗∗∗

(0.05) (0.13) (7.76)
Number of Firms 1051 1051 1051 1051 1051 1051 1051 1051 1051
Total Observations 1879 1879 1879 1877 1877 1877 1876 1876 1876
Mean of Dep Variable 0.81 0.81 0.81 5.54 5.54 5.54 282.17 282.17 282.17
R squared 0.59 0.80 0.80 0.59 0.71 0.71 0.60 0.70 0.70
Lottery FEs NO YES YES NO YES YES NO YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.4: Treatment Effects on Revenues. Revenues here are self-reports of all sales in
the reported month. All regressions control for baseline values of the dependent variable. All
FE regressions include lottery fixed effects. Columns 1-4 include round fixed effects. Errors are
clustered at the district level. Intention to Treat (ITT) effects reported in Panel A-Column 2 show
increases in revenues of about seven percent per assigned apprentice across two rounds of follow-up
data. Local Average Treatment Effect estimates reported in Panel A-Column 4 show increases in
revenues of twelve percent per apprentice. See Appendix Table 3 for quantile regressions reported
at the median. Level regressions with revenues trimmed at 5% are also significant (not reported).
Note that levels are nominal Ghana Cedis (at first follow-up in January 2014, one US dollar was
equivalent to 2.35 GHC).

Log Revenues
(1) (2) (3) (4) (5) (6)

OLS FE: FE: FE IV: FE IV: FE IV:
Pooled By round Pooled Round 1 Round 2

Treatment Assignment 0.05∗∗ 0.07∗∗∗ 0.12∗∗

(0.02) (0.03) (0.05)
Treatment - Round 1 0.04 0.08

(0.03) (0.07)
Treatment - Round 2 0.10∗∗∗ 0.15∗∗

(0.03) (0.07)

Number of Firms 1018 1018 1018 1018 846 922
Total Observations 1768 1768 1768 1768 846 922
Mean of Dep Variable 6.17 6.17 6.17 6.17 6.33 6.02
R squared 0.40 0.49 0.49 0.49 0.57 0.51
First Stage F Stat 18.72 6.14 9.74
Lottery FEs NO YES YES YES YES YES
District FEs YES NO NO NO NO NO

Revenues Per Month (Nominal GHC)
(1) (2) (3) (4) (5) (6)

OLS FE: FE: FE IV: FE IV: FE IV:
Pooled By round Pooled Round 1 Round 2

Treatment Assignment 15.09 71.05 117.24
(43.30) (78.22) (117.30)

Treatment - Round 1 54.92 144.21
(97.44) (245.38)

Treatment - Round 2 86.49 95.59
(67.98) (59.42)

Number of Firms 1034 1034 1034 1034 875 948
Total Observations 1823 1823 1823 1823 875 948
Mean of Dep Variable 875.75 875.75 875.75 875.75 1037.62 726.35
R squared 0.11 0.24 0.24 0.27 0.34 0.26
First Stage F Stat 18.72 7.09 10.03
Lottery FEs NO YES YES YES YES YES
District FEs YES NO NO NO NO NO

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.5: Treatment Effects on Profits. Profits here are self-reports of all sales less all expenses
(including the wage bill) in the reported month. All regressions control for baseline values of the
dependent variable. All FE regressions include lottery fixed effects. Columns 1-4 include round fixed
effects. Errors are clustered at the district level. Intention to Treat (ITT) effects reported in Panel
A-Column 2 show increases in profits of about eleven percent per assigned apprentice across two
rounds of follow-up data. Local Average Treatment Effect estimates reported in Panel A-Column
4 show increases in profits of eighteen percent per apprentice. See Appendix Table 4 for quantile
regressions reported at the median. Level regressions with profits trimmed at 5% are also significant
(not reported). Note that levels are nominal Ghana Cedis (at first follow-up in January 2014, one
US dollar was equivalent to 2.35 GHC).

Log Profits
(1) (2) (3) (4) (5) (6)

OLS FE: FE: FE IV: FE IV: FE IV:
Pooled By round Pooled Round 1 Round 2

Treatment Assignment 0.05∗ 0.11∗∗∗ 0.18∗∗∗

(0.03) (0.04) (0.07)
Treatment - Round 1 0.07∗ 0.17

(0.04) (0.11)
Treatment - Round 2 0.14∗∗∗ 0.18∗∗

(0.04) (0.09)

Number of Firms 1014 1014 1014 1014 842 916
Total Observations 1758 1758 1758 1758 842 916
Mean of Dep Variable 5.61 5.61 5.61 5.61 5.74 5.49
R squared 0.30 0.39 0.39 0.32 0.41 0.39
First Stage F Stat 17.86 6.41 9.66
Lottery FEs NO YES YES YES YES YES
District FEs YES NO NO NO NO NO

Profits Per Month (Nominal GHC)
(1) (2) (3) (4) (5) (6)

OLS FE: FE: FE IV: FE IV: FE IV:
Pooled By round Pooled Round 1 Round 2

Treatment Assignment 6.74 18.38 31.60
(15.22) (23.99) (37.60)

Treatment - Round 1 5.45 4.06
(30.03) (81.93)

Treatment - Round 2 30.78 56.99
(21.60) (43.25)

Number of Firms 1036 1036 1036 1036 877 949
Total Observations 1826 1826 1826 1826 877 949
Mean of Dep Variable 472.74 472.74 472.74 472.74 527.80 421.87
R squared 0.10 0.15 0.15 0.17 0.26 0.14
First Stage F Stat 16.38 8.11 9.23
Lottery FEs NO YES YES YES YES YES
District FEs YES NO NO NO NO NO

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.6: Treatment Effect Heterogeneity. Regressions include round fixed effects,
lottery fixed effects, and baseline values of the dependent variable where applicable, with
errors clustered at the district level. Columns 1 and 4 show that firms that were smaller
at baseline benefit more from additional apprentice labor inputs in terms of percentage of
profits and revenues, suggesting that small firms are perhaps more labor constrained than
larger firms. Appendix Table 5 investigates this further and finds that heterogeneity in effect
size by baseline firm size is robust to several alternative explanations. Columns 2 and 5 show
that effects do not seem to vary by our three main trade classifications, where the excluded
trade is garment-making. Columns 3 and 6 show insignificant but suggestive evidence that
firms owned by women benefit less from the treatment. Note that these regressions are
restricted to garment-makers, where there are large numbers of both men and women.

Log Revenues Log Profits

(1) (2) (3) (4) (5) (6)
FE: FE: FE: FE: FE: FE:

Pooled Pooled Pooled Pooled Pooled Pooled

Treatment Assignment 0.20∗∗∗ 0.07∗∗ 0.23∗∗ 0.23∗∗∗ 0.12∗∗∗ 0.24∗∗

(0.06) (0.04) (0.11) (0.07) (0.04) (0.11)
Baseline Firm Size 0.07∗∗∗ 0.04∗∗∗ 0.02 0.08∗∗∗ 0.05∗∗∗ 0.02

(0.02) (0.01) (0.02) (0.02) (0.01) (0.02)
Baseline Workers*Treat -0.03∗∗ -0.03∗∗

(0.01) (0.01)
Construction 0.52∗∗∗ 0.48∗∗∗

(0.12) (0.12)
Beautician 0.10 0.03

(0.11) (0.11)
Construction*Treat 0.00 -0.02

(0.08) (0.07)
Beautician*Treat -0.02 -0.04

(0.06) (0.06)
Female 0.03 -0.03

(0.16) (0.19)
Female*Treat -0.18 -0.14

(0.14) (0.15)

Number of Firms 1018 1018 432 1014 1014 433
Total Observations 1768 1768 764 1758 1758 765
Mean of Dep Variable 6.17 6.17 5.86 5.61 5.61 5.40
R squared 0.50 0.52 0.45 0.41 0.42 0.39
Lottery FEs YES YES YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01



33

Table 1.7: Quality Treatment Effects - Digit Span Recall. The firm sample in these regressions
includes only firms that received apprentice interest from both above median cognitive ability apprentices
and below median cognitive ability apprentices. Power in these regressions is limited by this restriction.
Alternative specifications that include the entire sample for each sub-experiment have similar point estimates
and more statistical significance. These two regressions for above median and below median cognitive ability
had to be run separately in our preferred specification because above median and below median lottery
fixed effects differ. Alternative specifications that control for non-random apprentice interest less rigorously
and include treatment variables for both above median and below median cognitive ability apprentices have
qualitatively similar findings. Digit Span Recall is a memory/cognitive function test. Similar tables using the
Ravens test, the math test, and the English vocabulary test (correlated but different measures of apprentice
cognitive ability) are broadly consistent and shown in Appendix Tables 6, 7 and 8. Regressions include round
fixed effects, lottery fixed effects, and baseline values of the dependent variable where applicable, with errors
clustered at the district level.

Take-Up Log Profits Log Sales
(1) (2) (3) (4) (5) (6)
FE: FE: FE: FE: FE: FE:

Pooled By Round Pooled By Round Pooled By Round

T-above median 0.60∗∗∗ 0.09 0.05
(0.09) (0.07) (0.06)

T-above median - Round 1 0.51∗∗∗ 0.01 -0.03
(0.10) (0.09) (0.07)

T-above median - Round 2 0.67∗∗∗ 0.16∗∗ 0.12∗

(0.09) (0.06) (0.06)

Observations 795 795 747 747 754 754
Number of Firms 441 441 429 429 429 429
R squared 0.64 0.65 0.34 0.34 0.47 0.48
Lottery FEs YES YES YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Take-Up Log Profits Log Sales
(1) (2) (3) (4) (5) (6)
FE: FE: FE: FE: FE: FE:

Pooled By Round Pooled By Round Pooled By Round

T-below median 0.35∗∗ -0.03 -0.05
(0.17) (0.10) (0.05)

T-below median - Round 1 0.33∗ -0.04 -0.07
(0.17) (0.11) (0.05)

T-below median - Round 2 0.36∗∗ -0.01 -0.03
(0.17) (0.10) (0.05)

Observations 795 795 747 747 754 754
Number of Firms 441 441 429 429 429 429
R squared 0.53 0.53 0.32 0.32 0.47 0.47
Lottery FEs YES YES YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.8: Quality Treatment Effects - Completed JSS. The firm sample in these regressions
includes only firms that received apprentice interest from both apprentices who had completed
JSS and apprentices who had not completed JSS. Power in these regressions is limited by this
restriction. Alternative specifications that include the entire sample for each sub-experiment have
similar point estimates and more statistical significance. These two regressions for completed
JSS and did not complete JSS had to be run separately in our preferred specification because the
lottery fixed effects differ. Alternative specifications that control for non-random apprentice interest
less rigorously and include treatment variables for both completed JSS and did not complete JSS
apprentices have qualitatively similar findings. Regressions include round fixed effects, lottery fixed
effects, and baseline values of the dependent variable where applicable, with errors clustered at the
district level.

Take-Up Log Profits Log Sales
(1) (2) (3) (4) (5) (6)
FE: FE: FE: FE: FE: FE:

Pooled By Round Pooled By Round Pooled By Round

T-JSS 0.48∗∗∗ 0.04 0.00
(0.09) (0.09) (0.06)

T-JSS - Round 1 0.41∗∗∗ 0.03 -0.01
(0.09) (0.10) (0.07)

T-JSS - Round 2 0.54∗∗∗ 0.05 0.02
(0.10) (0.09) (0.06)

Observations 675 675 643 643 653 653
Number of Firms 372 372 361 361 361 361
R squared 0.65 0.65 0.42 0.42 0.55 0.55
Lottery FEs YES YES YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Take-Up Log Profits Log Sales
(1) (2) (3) (4) (5) (6)
FE: FE: FE: FE: FE: FE:

Pooled By Round Pooled By Round Pooled By Round

T-not JSS 0.56∗∗∗ 0.04 0.10∗

(0.13) (0.07) (0.05)
T-not JSS - Round 1 0.49∗∗∗ -0.02 0.06

(0.13) (0.09) (0.07)
T-not JSS - Round 2 0.64∗∗∗ 0.11 0.13∗∗

(0.13) (0.08) (0.06)

Observations 675 675 643 643 653 653
Number of Firms 372 372 361 361 361 361
R squared 0.59 0.59 0.34 0.35 0.55 0.55
JSS Lottery FEs YES YES YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Chapter 2

Firm Level Determinants of
On-the-Job Training Quality in Ghana

2.1 Introduction

The efficacy (or inefficacy) of job training programs is among the most studied topics in
empirical microeconomics. This paper contributes to the literature in three important ways.
First, we study the question in a Sub-Saharan African context, where productive skill short-
ages are particularly acute and institutional education and training infrastructure particu-
larly insufficient. Second, while many evaluations include heterogeneity analysis by trainee
type, we focus on heterogeneity in training firm characteristics, about which there is rel-
atively little evidence. The experimental design allows for well-identified estimates of the
effect of firm characteristics on trainee outcomes. Finally, the skill progress metrics included
in this current version of the paper, combined with an upcoming independent skills assess-
ment and a 2016/2017 apprentice-level follow-up survey, will allow us to measure both actual
skill accumulation and medium-term labor market returns.

We study a government apprentice placement program, which placed unemployed young
people with small manufacturing and services firms around the country to complete an
apprenticeship. Young people taking part in the program were invited to a series of district
and craft level meetings, at which they were introduced to local firm owners interested in
being assigned apprentices through the program. Apprentices listed the firms with which
they would be willing and able to train, based on geographic feasibility and general interest,
and these listed preferences generated apprentice-specific firm sets. Within these apprentice-
specific firm sets, each apprentice was randomly assigned to one of his or her listed firms.
Each randomization was independent and apprentices have an equal probability of being
assigned to each of their listed firms. Note that firms were given no right of refusal. If
they chose to participate in the program, they agreed to take any apprentice assigned to
their firm, subject to capacity constraints (which, as it turns out, were never reached). In
addition, the program offered no wage subsidy or stipend to either workers or firms.
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The randomized assignment of apprentices to firms generates exogenous variation in the
characteristic of the firm with which each apprentice trains. Using this exogenous variation,
we estimate the effect of firm-level characteristics on apprentice outcomes, as measured
using two firm-level follow-up surveys, conducted approximately three and six months after
the commencement of the apprenticeships. The firm-level characteristics we study include
baseline firm profits, baseline firm sales, the number of workers in the firm, and whether the
firm has any non-family workers at baseline. We also study some characteristics of the firm
owner, namely their experiences training apprentices in the past and their performance on
a memory test given at baseline. Apprentice-level outcome variables in the two follow up
surveys include a proxy for attendance (whether the apprentice was present on the day of the
followup survey), hours worked/labor supply, measures of instruction time and other time
use by the apprentices, and measures of apprentice skill. Apprentice skill is measured using
a ten point series of craft-specific tasks, on which apprentices are rated by their trainers as
unable to do, somewhat competent in doing, or having fully mastered. Though firm owners
report this measure (and it is therefore not fully objective), it is unlikely that reporting bias
explains our results. In addition, independent assessments of apprentices are scheduled for
later this year, and labor market surveys for all apprentices are scheduled for 2016/2017.
These additional outcome measures will allow us to provide further evidence on firm-level
determinants of apprentice outcomes in later versions of this article.

Our main finding is that larger, more profitable firms increase apprentice learning, as
measured by apprentice partial competence and mastery in craft-specific skills. In addition,
firm owners who perform better on our cognitive test and who have more experience training
apprentices also result in higher craft-specific partial competence for apprentices. We also
estimate whether these firm characteristics affect hours worked in the last work day or week,
whether the apprentice was present on the day of the survey, and how the apprentice used
his or her time during the last work day. We find positive trends, but nothing particularly
conclusive. Findings on hours worked depend on the variable we choose to study. Firms with
higher than average baseline firm sales, higher than average baseline firm profits, and firm
owners with some experience training apprentices are associated with approximately four
more work hours in the last week. Firms with more than two workers besides the owner, at
least one non-family worker, and firm owners with higher than average performance on our
measure of cognitive ability are associated with about a half an hour of additional apprentice
labor supplied (and demanded) in the last work day.

Firm owner cognitive ability and baseline firm sales are positively related to attendance,
with point estimates around 10%. Though total instruction is not predicted by firm charac-
teristics, apprentices who are matched to firms with a larger number of senior apprentices
at baseline receive more instruction from those senior apprentices. Our follow-up surveys
captured apprentice time use, as reported by the firm owner, in the last work day. We divide
the day into six categories: Instruction by firm owner, instruction by someone else in the
business, observation, practice not for a customer, work on a customer order, and errands or
other duties for the shop owner. Observation in this context basically means watching the
firm owner perform some task, and perhaps holding string or handing over tools. Practice



37

not for a customer is particularly common in garment making and hairdressing, where work
with paper fabric or on model hair is common early in an apprenticeship. Errands or other
duties for the shop owner is meant to capture time spent not actually working on business
matters, as it is quite common for firm owners to ask apprentices to do personal errands on
behalf of the firm owner. Perhaps the most striking time use finding is that time spent in the
last day doing errands is about half an hour less for apprentices assigned to firms with higher
than average baseline sales, higher than average baseline profits, and higher than average
performance on our measure of cognitive ability.

Taken together, our findings suggest that firm characteristics are an important predictor
of apprentice learning. As we might expect, firm owners with high cognitive ability and
more training experience are beneficial. Note, however, that we find no effect of firm owner
years of formal schooling on apprentice outcomes. The seemingly more important firm-level
features are not characteristics of the firm owner, but of the business. Larger and busier
firms are simply better places to learn.

Much of the job training literature in rich countries studies large-scale center based
programs, such as the Job Corps program in the United States. In a large scale evaluation of
that program, Burghardt and Schochet (2001) find no differences in outcomes by geographical
features of the training center, training center size, or interestingly, training center ratings
and performance reviews by the national government. Several other papers have compared
classroom training to on-the-job training and have somewhat conflicting findings regarding
which type of job training leads to larger gains in employment and earnings for trainees (e.g.
Attanasio, Kugler and Meghir (2008), Card and Sullivan (1988))1. Rosholm and Dabalen
(2007) study currently employed workers in formal sector enterprises in Kenya and Zambia,
matching those who receive on-the-job training to those who do not to generate estimates
of the wage returns to on-the-job training. They find that wages increase at a higher rate
for those who receive on-the-job training, with heterogeneously high returns for workers in
firms with 10 or more employees. Our paper provides the first well-identified evidence, to our
knowledge, of firm-level determinants of on-the-job training returns in Sub-Saharan Africa,
and focuses on the informal sector where the majority of vocational skills training takes
place.

The remainder of the paper proceeds as follows. Section 2 describes the context. Section
3 presents the experimental design. Section 4 discusses our results, and Section 5 concludes.

2.2 Context

Apprenticeship training is by far the most common type of job training in West Africa, and is
concentrated in small-scale manufacturing and services. A detailed discussion of the history

1See Card, Kluve and Weber (2010) for a meta analysis of nearly 100 evaluations, and Betcherman et al.
(2007) for a global inventory of job training programs and evaluations targeted specifically to young people.
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and prevalence of the institution can be found in Frazer (2006)2. Although the system has
no centralized rules or regulations, it is characterized by a few widely practiced customs.
Most firm owners and their apprentices (or apprentices’ families) enter into verbal or written
employment and training contracts with a duration that varies but is typically three years.
These agreements generally require the payment of a fee to start the apprenticeship and the
payment of “chop money” or wages throughout the apprenticeship. These wages tend to
be quite low, but increase with seniority. At the completion of the apprenticeship, which
is marked by the end of the fixed contract duration, by the discretion of the firm owner,
or by the apprentice passing an external craftsmanship exam, the apprentice becomes a
“master” of their craft. “Master” workers then transition into one of several roles. They
may be retained and receive a sharp increase in wages commensurate with their new title.
They may be retained and receive only a slight increase in wages under the title “senior
apprentice”. Most commonly, they may leave the firm, to start their own shop elsewhere,
to work as a “master” worker at another firm, or to leave the craft entirely. While the
majority of these young masters will work their entire careers in the informal sector, is it
not uncommon to take skills learned in the informal sector and work short stints in formal
sector garment making factories, construction projects, or other related businesses.

Training within firms takes many forms, but quite a large number of the firm owners in
our sample mention using structured syllabi at the start of the apprenticeship. In Ghana,
both government agencies involved in promoting youth employment and craft-specific trade
associations made up of local business owners have made intermittent efforts to standard-
ize, monitor, and certify apprenticeship training that takes place in small firms around the
country. To date, these efforts are, at most, marginally successful. Training often includes
basic literacy and numeracy as well as craft skills, and apprentices begin working on actual
customer orders almost immediately.

The apprentice placement program we study in this paper3 retains a majority of the

2The significance of the institution is documented as well in Bas (1989), Boehm (1997), and Birks et al.
(1994). Callaway (1964) and King (1977) put apprenticeship in historical context. Mazumdar and Mazaheri
(2003) report on survey data from seven countries in Sub-Saharan Africa, where they find that in Ghana
and Cote d’Ivoire, over half of manufacturing sector entrepreneurs have completed apprenticeship training.

3The National Apprenticeship Program (NAP) is the flagship program of the Council for Technical and
Vocational Education and Training (COTVET), a relatively new national body that acts under the office of
the president (rather than a particular ministry) to coordinate technical training across ministries. COTVET
has no operational presence outside of the capital city, however, and the majority of the implementation of
the program was carried out by district-level officials of the Ghana Education Service (the operational arm
of the Ministry of Education).

The placement experiment on which we report in this paper was enclosed in a larger randomized controlled
trial, which randomized over unemployed young people applying to become apprentices targeted by this
government program. The 2016/2017 labor market follow up survey will target both treatment young
people (who entered the placement randomization) and control applicants (who did not enter the placement
randomization, as they were not invited to placement meetings). This follow-up survey, in combination
with the original randomization, will provide for estimates of the average effect of access to apprenticeship
training. The placement randomization we study in this paper, will augment that analysis by allowing for
exogenous heterogeneity analysis of the returns to apprenticeship training by firm type.
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features of a traditional apprenticeship, in that training is done by local business owners,
apprentices work as employees during their training, apprentices receive small tips for their
work, and firm owners retain discretion over specific apprentice duties and the specific struc-
ture of the apprenticeship. Differences include the fact that the firms did not receive up front
payment at the start of the apprenticeship4, and that the program attempted to shorten the
period of the apprenticeship from three years to one year (this part, however, mostly failed,
and we expect apprentices to remain in their apprenticeship for a typical three years). In
addition, it is common traditionally for apprentices to bring some minimal tools to their
training. In this program, the government promised tools to trainees, delivered them late if
at all, and apprentices only supplied their own tools occasionally.

Our study sample comes from 32 districts around Ghana, randomly drawn from the 100
districts slated to participate in the second year of the national-scale apprentice placement
program. The districts include Accra and Kumasi, the two largest cities in Ghana, as well
as rural districts in all ten regions. Both apprenticeship applicants and firms wishing to
participate were recruited by local government officials and craft-specific trade associations.
The program intended to target economically disadvantaged young people, though there was
no enforcement of an income or family wealth requirement. Apprentices participating in the
program were required to submit a formal application to the local government office, attend
a short interview with local government officials (generally the district technical training
coordinator, another education official, and someone from the local district assembly), and
attend one of 149 district and trade group level meetings. Recruitment of firms took place
independently of apprentice recruitment and after the apprentice recipients were chosen,
though it was targeted in the sense that local government officials and trade association
leadership sought firms that broadly matched the location and trade preference of program
apprentices. In general, firms were approached directly and asked if they would be interested
in hiring apprentices through the government program and interested firm owners were also
required to attend the one of the placement meetings.

The program targeted three main trade groups: garment-making, hair/beauty/cosmetology,
and construction (which in our skill classifications is grouped into welding and metalwork,
carpentry and home construction, and masonry and building). In our sample, garment-
making includes both men and women, hair and beauty is nearly all women, and construction
is nearly all men, both among firm owners and apprentices.

4The NAP was originally conceived as a subsidy which more closely mirrors the standard apprenticeship,
including a fee payment at the start of the apprenticeship and a gift of a toolset to program apprentices. The
fee payment was a subject of contentious negotiation between trade association leadership and COTVET
during the government’s program design period. At the time of the follow-up surveys, no fee payments had
been made and firm owners widely recognize that they are unlikely to receive a monetary benefit from the
government. Toolsets for apprentices (to use and keep) have been procured and at the time of this writing
are beginning to be distributed many months after apprentices began. Despite the dispute, firm owners
continued to be interested in hiring through the program, and the dispute does not appear to have affected
training and employment of NAP apprentices. It is possible, however, that interest in interacting formally
with the government and/or hope of future government benefits or subsidies motivated, in part, firm owner
interest in the program.
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2.3 Experimental Design

1,197 apprentices and 1,083 firms participated in placement meetings, which began with firm
owners introducing themselves, and stating their area of work and the precise locations of
their businesses. Apprentices were then given the opportunity to list the firms with which
they would be willing and able to work and train, based on geographic feasibility and general
interest. The instruction was to provide information on firms within their craft of interest
that were close enough to their homes that they could reach them without incurring large
transport costs. However, detailed GPS or other information on firm location and apprentice
home location was not available at the time so district officials and research field teams had
no ability to enforce that instruction. Consequently, the apprentice-specific firm sets include
both geographic feasibility (walkability, generally) and idiosyncratic preference. No minimum
or maximum was placed on the number of firms listed and apprentices who listed only one
firm were assigned that firm. However, the majority of apprentices listed at least two firms,
with a mean of 2.2 firms. Anecdotally, we believe the firm sets to be an honest revelation
of preferences, where apprentices who listed multiple firms were willing to work at all of the
listed firms.

Within each apprentice-specific firm set, apprentices were randomly assigned to firms.
Each randomization was independent, and firm-level capacity constraints were collected but
never reached given that the sample is relatively disperse across trades and districts. Appren-
tices had equal probability of being assigned to each firm within their set. The explanatory
variation we leverage in this paper comes from apprentices who listed more than one firm
and who listed firms with different baseline characteristics. Conditional on these preferences,
we estimate the effect of being assigned to a firm with a particular baseline characteristic.
Our main specification controls for preference fixed effects, within which each apprentice has
the same probability of being assigned to a firm with a certain characteristic5.

Data come from four sources: (1) firm baseline surveys, (2) apprentice baseline surveys,
(3) apprentice-specific firm sets, and (4) two firm-level follow-up surveys conducted at ap-
proximately 3 and 6 months after the start of employment. 1,070 of 1,083 sample firms
participated in a baseline survey which included personal background, digit span recall, cap-
ital stock, detailed labor inputs, revenues and profits, managerial aptitude questions, and
information on apprenticeship training experiences. 1,136 of 1,168 sample apprentices par-
ticipated in a baseline survey which included education, training and work background, and
a series of cognitive tests. 1,062 of 1,083 sample firms participated in one or both of the
follow-up surveys. Follow-up surveys (for firms with currently-training program apprentices)

5Note that in this paper we report on apprentices who reported to their training firm, as we do not
have relevant data on apprentices who did not report to their training firm. Because every apprentice-level
randomization was independent, total take-up is econometrically irrelevant to the analysis. We should note,
however, that these results apply to the subsample of individuals who did choose to take-up. Table 2.2
verifies that firm level characteristics do not appear to have affected take-up. Though we do not present the
results in this paper, apprentice level characteristics did affect take-up. The randomization, however, and
the inclusion of preference fixed effects, allow us to abstract from this issue in this analysis.
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included apprentice attendance, time-use, hours worked, wages, and progress on a series of
craft-specific skills.

The development of the apprentice time-use and skill questions followed extensive pilot-
ing, and collaboration with local experts in the various trades. The six time use categories
(instruction by firm owner, instruction by someone else in the business, observation, practice
not for a customer, work on a customer order, and errands or other duties for the shop owner)
constitute the largest share of apprentice time, particularly in the first year of the appren-
ticeship. Skill questions were meant to follow the typical order of apprentice exposure to
new tasks as outlined in various versions of apprenticeship training syllabi and as explained
by experienced business owners, though firm owners vary in their philosophies about with
which skills to start training. They include a few soft skills (e.g. customer relations, create
his/her own styles), but focus primarily on technical skills (e.g. affix a button)6.

Our main estimating equation stacks the two follow up rounds as follows:

Yit = β0 + β1Xi + η2 + γd + ϕc + αf + δs + εit (2.1)

where Yit is the outcome variable for apprentice i in round t (such as hours worked the
previous day), Xi is the firm characteristic of the firm placement for apprentice i (such
as a firm whose baseline sales are high for their district, craft, and gender), η2 is a round
two dummy, γd are district dummies, ϕc are craft (industry/trade) dummies, αf controls
for apprentice gender, δs are strata dummies (which dummy out the probability of being
assigned to a firm with a given characteristic by apprentice), and εit is an error term.

We split firms by six characteristics: high or low sales for their district, craft, and gender,
high or low profits for the district, craft, and gender, whether the firm has any non-family
workers at baseline, whether the firm size is three or fewer or more than three at base-
line, whether the firm owner has ever successfully trained an apprentice to completion, and
whether the firm owner performed above or below the median on our memory test. We
then estimate, conditional on apprentice preferences (and specifically the apprentice specific
probability of being assigned to a firm in the “high” group), how being assigned to the high
group affects apprentice outcomes.

6Skill questions asked: “Can the apprentice...?” with three response options (“Yes, well”, “Yes, but
not well”, “No”). The skills are as follows: Garments: Buy inventory, do hemming, affix a button, take
measurements, use (at least one type of) sewing machine, sew a shirt (men) or kabbah (women) that is
already cut, trace and cut lining, cut fabric for and sew a shirt (men) or kabbah (women), create his/her
own styles/designs, customer relations; Hairdressing: Buy inventory, washing/shampooing, set rollers, braid
cornrows, braid rastas, fix a weave, do touch up, style with tonguing, flat iron, or hand dryer, create
his/her own styles/designs, customer relations; Welding: buy inventory, do filing, use an axel to cut rods,
take measurements, use an anvil to flatten plates, weld rods/plates, use an axel to cut plates, weld a gate
design the (firm owner) has created, create his/her own styles/designs, customer relations; Carpentry: buy
inventory, do sanding/use a saw to cut wood, plane wood, take measurements, do joining, make a kitchen
stool, do scaffolding, do wood polishing, create his/her own styles/designs, customer relations; Welding: buy
inventory, set a profile, cast concrete for a foundation, take measurements, lay blocks to a footing level,
cast concrete with iron rods for pillars, gable, independently measure to mix concrete, create his/her own
styles/designs, customer relations.
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2.4 Results

We begin by looking at our main outcome variables in the raw data, to get a sense for the
broad patterns. Figures 1 and 2 show partial competence and mastery across the two survey
rounds. We observe that our skill competence measure increases over time, as we would
expect. This provides some additional confidence that our measure is capturing something
meaningful. Figures 3 and 4 show the relationship between partial competence and raw
baseline firm sales and baseline firm size, respectively. Though our preferred estimates differ
slightly because they control for non-random apprentice preference fixed effects, the raw
relationship is a useful starting point. The positive relationship is striking. Figure 5 shows
time use by baseline firm sales, using again the continuous baseline firm sales measure rather
than the binary measure we employ in the main regression specifications. We note that firms
with higher revenues are associated with less time spent doing errands and practicing alone,
and more time spent receiving total instruction (by the firm owner or others in the firm)
and working directly on customer orders.

Table 1 shows that conditional on preference fixed effects, apprentice baseline observables
are balanced across the binary firm-characteristic treatment assignments. In Table 2 we test
for differential take-up by firm-characteristic treatment assignment and find little evidence
that take-up varies by characteristics of the firm.

Tables 3 and 4 are our main results. On average, apprentices randomly assigned to firms
with higher sales, higher profits, more workers, and more experienced and cognitively able
firm owners (as measured by binary treatment variables) are partially competent in about
half an additional skill. This amounts to nearly one third of a standard deviation (the mean
across the two rounds is 8.31 and the standard deviation is about 1.7). Apprentices assigned
to these more effective firms also master about half an additional skill, though the mastery
results are slightly less strong (this amounts to about one fourth of a standard deviation of
this measure).

Next, we investigate mechanisms for these skill differences, looking specifically at hours
worked and time use. Tables 5 and 6 show a positive relationship between our effective firms
and hours worked, while Table 7 shows a negative relationship between our effective firms
and time spent doing errands. Recall that errands or other duties for the shop owner is meant
to capture time spent not actually working on business matters, as it is quite common for
firm owners to ask apprentices to do personal errands on behalf of the firm owner. Appendix
tables A1-A3 investigate effects on instruction time, and find few significant effects. We
also measured effects on attendance, as proxied by whether the apprentice was present on
the days of the two surveys. Sales and firm owner cognitive ability are positively related to
attendance, with all point estimates positive.

Tables 8 and 9 test for heterogeneous treatment effects by trade group and gender, with
some significant differences across these classifications but no clear pattern in terms of who
benefits most from being assigned to an effective training firm. Our final results table,
Table 10, tests whether effects matter more in the first or second follow up survey. We
could imagine a logical argument for either case, and testing whether apprentices at less



43

effective training firms catch up is important to any policy implications that can be drawn
from this paper. Effects do appear to be slightly stronger in the first round (three months
after apprentices began their apprenticeships), though the coefficients are only statistically
significantly different from each other for firm owner cognitive ability.

2.5 Conclusion

Apprenticeships and other types of on-the-job training are important sources of human cap-
ital development in low-income countries. In Ghana, this training is typically undertaken by
small firms and by firm owners with relatively little formal education. Consequently, under-
standing which types of firms and which types of firm owners generate the highest quality
training (and the highest returns to training for trainees) is important for understanding
labor force productivity, and the design and scale-up of job training programs.

Using an experimental study which randomly matched apprentices to one of a list of feasi-
ble training firms in Ghana, we show that firm characteristics matter for apprentice outcomes.
Larger and more profitable firms appear particularly effective, as random placement with
a larger and more profitable firm translates to better firm owner reported performance on
a series of craft-related tasks. Firm owner characteristics also matter, as firm owners with
more training experience and who perform better on our memory test are associated with
higher apprentice outcomes. In thinking about the mechanisms by which these firms are able
to offer higher quality training, we show that apprentices work longer hours at larger and
more profitable firms and with experienced and more cognitively able firm owners. Though
time use data does not reveal more instruction time at these more effective training firms,
it does show that apprentices at these more effective training firms spend less time doing
errands unrelated to the craft at hand.

An independent skills assessment of apprentices and a labor market outcomes follow-up
survey, planned for later this year, and 2016/2017, respectively, will shed more light on this
question in our context. In addition, more research is needed on the firm-level determinants
of on-the-job training quality, and how these translate into labor market outcomes in low-
income countries.
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Figure 2.1: Partial Skill Competence by Round. Partial skill competence in the 10
craft-specific skills increases over the three months between the first and second followup
surveys.
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Figure 2.2: Skill Mastery by Round. Skill mastery in the 10 craft-specific skills increases
over the three months between the first and second followup surveys.
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Figure 2.3: Partial Competence by Baseline Firm Sales. This figure plots the raw
relationship between firm sales and apprentice partial skill competence. Transforming the
firm value into a binary and controlling for non-random apprentice preference fixed effects,
we still see a strong relationships between baseline firm sales and apprentice learning.
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Figure 2.4: Partial Competence by Baseline Firm Size. This figure plots the raw
relationship between firm size and apprentice partial skill competence. Transforming the
firm value into a binary and controlling for non-random apprentice preference fixed effects,
we still see a strong relationships between baseline firm size and apprentice learning.
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Figure 2.5: Time Use by Baseline Firm Sales. This figure plots apprentice time use in
the last work day. Note that larger firms are associated with less time spent doing errands,
more total instruction, more time spent on customer orders, and less time practicing alone.
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Table 2.1: Covariate Balance with Preference Fixed Effects.
Each coefficient is from a separate regression of the firm assignment
binary on the apprentice-level baseline covariate.

Female Yrs Sch Digits Score Assetscore
High Sales Firm -0.01 0.41 0.30 -0.17
Assignment (0.05) (0.34) (0.26) (0.12)
Observations 1138 1120 1141 1095
Lottery FEs YES YES YES YES

Female Yrs Sch Digits Score Assetscore
High Profits Firm 0.00 0.16 0.16 -0.20∗

Assignment (0.05) (0.35) (0.27) (0.12)
Observations 1138 1120 1141 1095
Lottery FEs YES YES YES YES

Female Yrs Sch Digits Score Assetscore
Non Family Worker -0.10 -0.61 0.09 -0.18
Assignment (0.07) (0.45) (0.35) (0.16)
Observations 1142 1123 1145 1099
Lottery FEs YES YES YES YES

Female Yrs Sch Digits Score Assetscore
Firm Size Above 3 -0.09∗ -0.06 0.05 -0.10
Assignment (0.05) (0.34) (0.26) (0.11)
Observations 1146 1127 1149 1103
Lottery FEs YES YES YES YES

Female Yrs Sch Digits Score Assetscore
Owner Exp -0.08 0.00 -0.48 -0.04
Assignment (0.06) (0.41) (0.32) (0.14)
Observations 1139 1120 1142 1096
Lottery FEs YES YES YES YES

Female Yrs Sch Digits Score Assetscore
Owner Cognitive 0.01 0.26 0.33 -0.04
Assignment (0.05) (0.32) (0.25) (0.11)
Observations 1146 1127 1149 1103
Lottery FEs YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2.2: Take up. All specifications include district fixed effects, industry/trade fixed
effects, strata/probability fixed effects, and controls for worker gender and round.

(1) (2) (3) (4) (5) (6)
Enrolled Enrolled Enrolled Enrolled Enrolled Enrolled

High Sales Firm 0.04
(0.04)

High Profits Firm 0.02
(0.05)

Non Family Worker -0.07
(0.06)

Firm Size Above 3 -0.00
(0.04)

Owner Trained Before 0.00
(0.05)

Owner High Cognitive -0.10∗∗

(0.04)

Constant 0.56∗∗∗ 0.56∗∗∗ 0.64∗∗∗ 0.58∗∗∗ 0.60∗∗∗ 0.62∗∗∗

(0.07) (0.07) (0.08) (0.07) (0.08) (0.07)
Observations 1121 1121 1125 1129 1122 1129
Mean of Dep Variable 0.74 0.74 0.74 0.74 0.74 0.74

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2.3: Number of skills at which apprentice is partially competent (of
10). All specifications include district fixed effects, industry/trade fixed effects,
strata/probability fixed effects, and controls for worker gender and round.

(1) (2) (3) (4) (5) (6)
Skills Skills Skills Skills Skills Skills

High Sales Firm 0.38∗∗

(0.16)

High Profits Firm 0.50∗∗∗

(0.17)

Non Family Worker 0.81∗∗∗

(0.21)

Firm Size Above 3 0.51∗∗∗

(0.17)

Owner Trained Before 0.53∗∗∗

(0.19)

Owner High Cognitive 0.49∗∗∗

(0.17)

Constant 8.34∗∗∗ 8.28∗∗∗ 7.83∗∗∗ 8.19∗∗∗ 8.21∗∗∗ 8.34∗∗∗

(0.26) (0.26) (0.31) (0.26) (0.29) (0.25)
Observations 1422 1422 1425 1427 1426 1427
Mean of Dep Variable 8.31 8.31 8.31 8.31 8.32 8.31

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2.4: Number of skills apprentice has mastered (of 10). All specifica-
tions include district fixed effects, industry/trade fixed effects, strata/probability
fixed effects, and controls for worker gender and round.

(1) (2) (3) (4) (5) (6)
Skills Skills Skills Skills Skills Skills

High Sales Firm 0.27
(0.20)

High Profits Firm 0.59∗∗∗

(0.20)

Non Family Worker 0.19
(0.26)

Firm Size Above 3 0.42∗∗

(0.20)

Owner Trained Before 0.27
(0.23)

Owner High Cognitive 0.39∗

(0.20)

Constant 6.78∗∗∗ 6.56∗∗∗ 6.63∗∗∗ 6.46∗∗∗ 6.67∗∗∗ 6.67∗∗∗

(0.32) (0.32) (0.38) (0.32) (0.35) (0.31)
Observations 1422 1422 1425 1427 1426 1427
Mean of Dep Variable 5.52 5.52 5.52 5.52 5.52 5.52

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2.5: Apprentice hours worked on the last work day. All specifications
include district fixed effects, industry/trade fixed effects, strata/probability fixed effects,
and controls for worker gender and round.

(1) (2) (3) (4) (5) (6)
Hrs Day Hrs Day Hrs Day Hrs Day Hrs Day Hrs Day

High Sales Firm -0.08
(0.12)

High Profits Firm 0.04
(0.13)

Non Family Worker 0.35∗∗

(0.17)

Firm Size Above 3 0.24∗

(0.13)

Owner Trained Before -0.01
(0.15)

Owner High Cognitive 0.26∗∗

(0.13)

Constant 10.04∗∗∗ 9.98∗∗∗ 9.67∗∗∗ 9.79∗∗∗ 9.90∗∗∗ 9.93∗∗∗

(0.20) (0.20) (0.24) (0.20) (0.22) (0.19)
Observations 1431 1431 1434 1436 1435 1436
Mean of Dep Variable 9.18 9.18 9.17 9.17 9.17 9.17

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01



54

Table 2.6: Apprentice hours worked in the last week. All specifications include
district fixed effects, industry/trade fixed effects, strata/probability fixed effects, and
controls for worker gender and round.

(1) (2) (3) (4) (5) (6)
Hrs Wk Hrs Wk Hrs Wk Hrs Wk Hrs Wk Hrs Wk

High Sales Firm 3.97∗∗

(1.73)

High Profits Firm 4.70∗∗∗

(1.78)

Non Family Worker 2.01
(2.28)

Firm Size Above 3 0.19
(1.78)

Owner Trained Before 3.87∗

(2.01)

Owner High Cognitive 1.80
(1.75)

Constant 49.86∗∗∗ 49.73∗∗∗ 49.62∗∗∗ 51.65∗∗∗ 48.91∗∗∗ 50.80∗∗∗

(2.75) (2.74) (3.24) (2.81) (3.03) (2.68)
Observations 1429 1429 1432 1434 1433 1434
Mean of Dep Variable 49.54 49.54 49.55 49.54 49.55 49.54

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2.7: Errands - hours last work day that apprentice did firm/owner
errands. All specifications include district fixed effects, industry/trade fixed effects,
strata/probability fixed effects, and controls for worker gender and round.

(1) (2) (3) (4) (5) (6)
Errands Errands Errands Errands Errands Errands

High Sales Firm -0.24∗∗

(0.11)

High Profits Firm -0.45∗∗∗

(0.12)

Non Family Worker 0.03
(0.15)

Firm Size Above 3 0.04
(0.12)

Owner Trained Before -0.20
(0.13)

Owner High Cognitive -0.24∗∗

(0.12)

Constant 0.82∗∗∗ 0.93∗∗∗ 0.67∗∗∗ 0.64∗∗∗ 0.83∗∗∗ 0.79∗∗∗

(0.18) (0.18) (0.21) (0.18) (0.20) (0.18)
Observations 1435 1435 1438 1440 1439 1440
Mean of Dep Variable 0.73 0.73 0.73 0.73 0.73 0.73

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2.8: Partial Competence Treatment Effects by Craft. All specifications
include district fixed effects, strata/preference fixed effects, and controls for worker
gender and round.

(1) (2) (3) (4) (5) (6)
Skills Skills Skills Skills Skills Skills

High Sales Firm 0.38∗∗

(0.19)
Beautician*Treatment -0.25

(0.20)
Construction*Treatment 0.41∗

(0.23)
High Profits Firm 0.59∗∗∗

(0.20)
Beautician*Treatment -0.46∗∗

(0.21)
Construction*Treatment 0.44∗∗

(0.22)
Non Family Worker 1.04∗∗∗

(0.25)
Beautician*Treatment -0.72∗∗

(0.29)
Construction*Treatment 0.30

(0.44)
Firm Size Above 3 0.51∗∗

(0.20)
Beautician*Treatment -0.15

(0.20)
Construction*Treatment 0.18

(0.23)
Owner Trained Before 0.67∗∗∗

(0.22)
Beautician*Treatment 0.37

(0.25)
Construction*Treatment -0.94∗∗∗

(0.25)
Owner High Cognitive 0.52∗∗∗

(0.19)
Beautician*Treatment -0.02

(0.21)
Construction*Treatment -0.05

(0.23)

Observations 1422 1422 1425 1427 1426 1427

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2.9: Partial Competence Treatment Effects by Gender. All specifica-
tions include district fixed effects, industry/trade fixed effects, strata/preference fixed
effects, and controls for round.

(1) (2) (3) (4) (5) (6)
Skills Skills Skills Skills Skills Skills

High Sales Firm 0.95∗∗∗

(0.22)
Female*Treatment -0.78∗∗∗

(0.21)
High Profits Firm 1.02∗∗∗

(0.22)
Female*Treatment -0.71∗∗∗

(0.20)
Non Family Worker 0.83∗∗

(0.34)
Female*Treatment -0.02

(0.34)
Firm Size Above 3 0.68∗∗∗

(0.22)
Female*Treatment -0.24

(0.21)
Owner Trained Before 0.02

(0.24)
Female*Treatment 0.78∗∗∗

(0.22)
Owner High Cognitive 0.53∗∗

(0.22)
Female*Treatment -0.05

(0.21)

Observations 1422 1422 1425 1427 1426 1427

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2.10: Partial Competence Treatment Effects by Round. All specifica-
tions include district fixed effects, industry/trade fixed effects, strata/preference fixed
effects, and controls for worker gender.

(1) (2) (3) (4) (5) (6)
Skills Skills Skills Skills Skills Skills

High Sales Firm - R1 0.39∗∗

(0.19)
High Sales Firm - R2 0.36∗∗

(0.18)
High Profits Firm - R1 0.54∗∗∗

(0.19)
High Profits Firm - R2 0.47∗∗

(0.18)
Non Family Worker - R1 0.99∗∗∗

(0.25)
Non-Family Worker - R2 0.66∗∗∗

(0.25)
Firm Size Above 3 - R1 0.51∗∗∗

(0.19)
Firm Size Above 3 - R2 0.52∗∗∗

(0.18)
Owner Trained Before - R1 0.70∗∗∗

(0.22)
Owner Trained Before - R2 0.42∗∗

(0.21)
Owner High Cognitive - R1 0.66∗∗∗

(0.19)
Owner High Cognitive - R2 0.36∗∗

(0.18)

Observations 1422 1422 1425 1427 1426 1427

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Chapter 3

Relative Advantage: The
decentralized targeting of a
government job training program

3.1 Introduction

Program participant selection is an often overlooked, but critical feature in the implemen-
tation of government job training programs. While there is a rich empirical literature on
heterogeneous returns to various types of job training, and an influential theoretical and em-
pirical literature on distributive politics in low-income countries, we have little evidence that
links the two. In the context of limited resources and limited spots in any particular training
program, local bureaucrats are often tasked with choosing participants. Consequently, un-
derstanding this selection process is necessary if we wish to predict (1) the social insurance
success of job training programs in the absence of intense monitoring, and (2) how this type
of selection might affect average returns once evaluators have left the building.

This paper presents descriptive evidence on program participant selection from a unique
implementation scenario. We, as evaluators, developed a relationship with the national
government agency that initiated a national scale apprenticeship training program. The
national government officials sought a randomized evaluation of the program, seeing it as
the gold-standard in terms of evidence of the program’s success or failure.

In the course of implementation, which was decentralized to the district level, our staff
brushed up against significant pushback from local government administrators on the ran-
domization. This type of pushback is not uncommon. Though distributive political ambi-
tions could inspire pushback, it is also commonly inspired by concern that randomization
might leave out some of the neediest potential recipients. Whatever the inspiration, the
national officials pushing the evaluation proposed a somewhat novel solution to meet the
demands of local government officials while still maintaining the integrity of the evaluation.
They proposed that 20% of program spaces in each district be reserved for personal selection
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by the district officials. The randomization then pulled from the remaining eligible applicants
to assign treatment status for the final 80%. For the remainder of the paper, we refer to the
20% interchangeably as “priority” and “official-selected”. Note that these chosen individuals
were guaranteed a space in the program. In addition, the number turned out to vary a bit
by district, but hovers around 20% of available spaces. In total, this then makes up about
10% of all eligible applicants (with about half of the remaining 90% of eligible applicants
subsequently assigned to treatment and the other half to control).

This unusual solution leaves us with administrative micro data on all eligible applicants
to the program, and on the small fraction that were directly chosen by government officials
across 32 districts participating in the evaluation. In our analysis, we drop four districts that
chose not to select any priority applicants, leaving us with applicant survey data from 28
unique districts. In addition, we have demographic and survey data on some of the district
officials who participated in each of the decentralized districts. It is missing from three of
the remaining districts, leaving 25, with an average of two officials per district. This data
allows us to measure whether observable district committee member characteristics could be
driving any results.

We find, first, that priority young people are better connected to government (through
family members with government jobs). On average, priority applicants have 1.2 family
members working in local government, and 1 “close” family member working in local gov-
ernment. A close family member is a parent, sibling, aunt/uncle, or spouse. Decomposed
into those working with the Ghana Education Service, which was the primary implementing
body at the district level, those working with the District Assembly, an elected office which
was also often involved, and other, we find that official-selected participants have more fam-
ily members working both with GES and the District Assembly than the total eligible pool.
Also note that the eligible pool seems to have a relatively high number of family members in
government, an artifact of the fact that this is a government program and we observe only
eligible applicants, who are probably more likely to hear about and apply for the program
if they have some government connection. This highlights one important weakness in our
data, though it still allows us to utilize the administrative feature of the micro data (i.e. we
have all relevant applicants).

Next, we find that priority applicants are more likely to be female, suggesting perhaps
some social insurance motive. However, other demographics point in the opposite direction.
Priority applicants have far better educated mothers and fathers, and are less likely to
be parents themselves. This suggests regressive selection policies. We also test for ethnic
favoritism in a few different ways. First, we measure whether having ethnic representation
in the district committee that matches the ethnicity of the applicant (i.e. at least one
committee member of the applicant’s ethnicity) affects priority selection. We find that it
does not. The participant selection was carried out in an election year, so we also test for
politically motivated ethnic favoritism. In August 2012, the sitting President John Atta
Mills passed away and was succeeded peacefully by his Vice President John Mahama, who
then ran to retain the seat in Dec 2012. He won the election in Dec 2012, and at the
time of this writing, is still the sitting president. We check for ethnic favoritism towards
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Fante (the ethnicity of President John Atta Mills) or Gonja (the ethnicity of President John
Mahama) individuals and find no evidence of ethnicity based favoritism. Though ethnicity
based favoritism is a central topic in the literature on patronage and distributive politics,
we are not surprised by this finding. Anecdotal experience in Ghana suggests that ethnicity
is a much less divisive issue there than in many other countries in Sub-Saharan Africa.

Our relatively rich dataset on all eligible applicants also includes several cognitive ability
measures. We find that official-selected participants are better educated than the total
eligible pool. They also perform much better on an oral test of English vocabulary. They
do not, however, differ in their performance with respect to the other cognitive and non-
cognitive ability measures we capture in the survey. We interpret the English vocabulary
performance as primarily capturing affluence, as English language knowledge is much higher
among more affluent Ghanaians (both in terms of having better educated parents, and in
terms of wealth).

Finally, we test for differences between the pool of eligible applicants and official-selected
applicants on measures of baseline labor market outcomes, and measures of household wealth,
as captured by an asset index. We find no difference in baseline labor market outcomes, as
very few applicants are wage or self employed at baseline. We do find differences in household
assets, where priority applicants are more likely to live in a household with a car and with
a refrigerator. They also live in households with higher asset wealth when reduced to a
first principal component analysis, and personally have more pairs of shoes. Together these
suggest that priority applicants come from relatively wealthier households, on average.

Taken together, these findings suggest evidence of distributive politics, wherein resources
are channeled to connected, affluent individuals, rather than the neediest or those for whom
the program could yield the highest returns. It could be the case, however, that well-
connected people are also the people for whom returns are highest. Though the program
is still in progress, we do have some intermediate outcomes that we can use to investigate
whether priority applicants who enter the training are doing better than other applicants.
To do so, we first regress priority status on enrollment, attendance, hours worked, and
mastery of tasks associated with the particular craft. We find that priority apprentices are
significantly more likely to take-up the program, but do not appear to perform better, once in
the program. This suggests that official-selection could be beneficial in driving up enrollment
rates, while having no significant effect on average treatment effects. Note, however, that the
point estimates on skill mastery are negative. An independent skills assessment scheduled
for later this year and a 2016/2017 follow-up survey on apprentice labor market outcomes
could help clarify this finding. Should priority apprentices perform significantly better/worse
on the skills assessment or better/worse in terms of labor market returns, we will be able
to make a stronger case for the applicability of average treatment effect estimates generated
by randomized controlled trials and/or the detriment to average treatment effects associated
with patronage.

We also employ a propensity score matching approach to measure whether priority status
predicts outcomes conditional on the observable characteristics that predict priority status,
in an effort to get closer to a causal estimate of priority status on outcomes. We estimate
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the propensity to be priority using a probit specification and baseline data on gender, years
of schooling, vocabulary score, government connections, number of shoes, and whether the
applicant’s household has a car and/or a refrigerator. Essentially, we attempt to control
for each of the characteristics that we have shown predict priority status. We exclude only
mother and father education, as those variables are missing for a large fraction of the sample.
We then regress priority status on enrollment, attendance, hours worked, and mastery of
tasks associated with the particular craft, adjusting for the propensity score, controlling for
district dummies, and clustering at the district level. We again find evidence that conditional
on their propensity score, priority applicants are more likely to take up. We also find that
priority applicants appear more likely to be in attendance on the day of the survey (over two
rounds of surveys). We find, however, no evidence that they work more hours, or master
more skills (more quickly). Again, the estimates on partial skill competence and skill mastery
are negative.

In trying to explain our findings, we investigate whether characteristics of the district
official committee members or characteristics of the districts themselves can explain variation
across districts in the degree to which priority selection targets affluent individuals. We find
no significant relationships between district official characteristics and the degree of bias
towards affluent applicants, and no evidence that election outcomes at the district or region
level affect selection. We do, however, note that the Greater Accra region appears to display
the strongest preference for well-connected and affluent applicants.

This paper contributes to the empirical literature on differential returns to job training
programs. Monk, Sandefur and Teal (2008) find that returns to apprenticeship training
in Ghana are highest for those with little to no formal schooling. Similar heterogeneity
along baseline formal schooling is found in studies of programs in both the developed and
developing world (Grootaert and Mundial (1988), Blundell, Dearden and Meghir (1996)).
Gender is another important dimension of job training treatment effects variation, with many
credibly identified studies finding that women benefit more than men (Attanasio, Kugler
and Meghir (2008), Nopo, Saavedra-Chanduv and Robles (2007), Greenberg, Michalopoulos
and Robins (2003)). These heterogeneous returns highlight the importance of participant
selection in the context of job training1.

We also contribute to the empirical study of distributive politics2. Kramon and Posner

1See also Card et al. (2011), Bloom et al. (1997), Betcherman et al. (2007), Card, Kluve and Weber
(2010), and Kluve et al. (2005).

2 Alperovich (1984), Arulampalam et al. (2009), Berry, Burden and Howell (2010), Calvo and Murillo
(2004), Case (2001), Dahlberg and Johansson (2002), de la Fuente and Vives (1995), Johansson (2003), Levitt
and Snyder (1995), Sole-Olle and Sorribas-Navarro (2008), Tavits (2009), and Worthington and Dollery
(1998) study intergovernmental grants from national governments to state, provincial, or municipal govern-
ments around the rich and developing world. Blaydes (2011), Castells and Sole-Olle (2005), Golden and Picci
(2008), and Min (2010) study distributive politics in the context of infrastructure spending. Cole (2009)
and Kasara (2007) study agricultural subsidies and taxes in India and across African states, respectively.
Diaz-Cayeros, Magaloni and Estvez (2011), Gonzalez (2002), Winters (2009), and Zucco (2008) study the
distribution and targeting of cash transfers. Franck and Rainer (2012), Hawkins (2010), Fisman (2001b),
Stokes et al. (2011), and Vaishnav and Sircar (2009) study education and health spending. Banerjee, Mul-
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(2013) provide a survey of the extensive and growing literature on the topic, highlighting
that the degree and nature of biased distribution can depend critically on the patronage good
itself. In Ghana, Banful (2011) finds that intergovernmental transfers from the District As-
semblies Common Fund were higher in more politically competitive districts, and Miguel
and Zaidi (2003) find that decentralization may limit patronage in school funding. Alatas
et al. (2010) and Beaman et al. (2014) study allocative efficiency and the targeting of gov-
ernment programs: anti-poverty transfers and agricultural extension services, respectively.
In Kenya, Burgess et al. (2015), Barkan and Chege (1989), Kramon and Posner (2012), and
Morjaria (2013) document the ubiquity of political patronage and distributive politics along
ethnic lines. We, in contrast, find no evidence of ethnically-motivated allocative inefficiency.
Alesina, Danninger and Rostagno (1999) and Crampton (2004) study public employment
and job creation grants in Italy and Canada, potentially the closest program types to our
work.

The paper proceeds as follows: Section 2 discusses the political and administrative back-
ground in which our study resides, Section 3 details the program for which positions are
being allocated and the related data and evaluation, Section 4 presents our results, and
Section 5 concludes.

3.2 Political and Administrative Background

Administrative decentralization in Ghana started with the 1988 passage of the Local Gov-
ernment Law, which subdivided Ghana’s 10 regions into 110 districts3. As in many countries
in Sub-Saharan Africa, the number of districts grows with each election cycle, as political
candidates split districts (a move that is favored by many communities that want the per-
ceived benefits of district capitals). By 2012, there were 216 districts in Ghana. District
Assemblies (with 70% elected officials) and decentralization broadly were later inscribed in
the 1992 constitution, which established the Fourth Republic and marked the beginning of
multiparty democracy in Ghana4.

In August of 2012, Vice President John Mahama was peacefully inaugurated as President
after the death of President John Atta Mills. His National Democratic Congress party went
on to win the December 2012 election, winning 50% of the popular vote, and a majority in
eight of ten regions.

The Council for Technical and Vocational Education and Training (COTVET) is a rela-
tively new national body that acts under the office of the president (rather than a particular
ministry) to coordinate technical training across ministries. The National Apprenticeship

lainathan and Hanna (2012) provide and survey and theoretical framework for corruption in developing
countries, focusing in part on allocative inefficiency. Bertrand et al. (2007), Fisman (2001a), Reinikka and
Svensson (2004) are particularly influential empirical studies of corruption in developing countries.

3Ghana’s ten regions are Ashanti, Brong Ahafo, Central, Eastern, Greater Accra, Northern, Upper East,
Upper West, Volta, and Western, all of which are represented in our sample.

4See Crawford (2004) for more detail.



64

Program (NAP), which we study in this paper, was initiated and financed by COTVET.
However, COTVET has no operational presence outside of the capital city, and the majority
of the implementation of the program was carried out by district-level officials of the Ghana
Education Service (the operational arm of the Ministry of Education).

3.3 Program Details

Apprenticeship training is widespread in Ghana, where over 25% of working-age people
were apprentices at some point in their careers (Monk, Sandefur and Teal (2008)). It is
generally concentrated in informal sector manufacturing and services, where young people
who do not advance to higher education can learn a marketable skill. The NAP design was
broadly intended to mirror traditional apprenticeships, but also to specifically target young
people who could not afford to pay the customary apprenticeship buy-in fee, which is often
prohibitive.

The program originally targeted four main industrial categories: cosmetology, garment
making, construction, and information communications and technology (ICT). ICT was later
dropped for lack of training firms or training centers available (and due to general logistical
inefficiency). In this paper we include priority applicants selected to receive training in ICT,
as at the time of selection this is the relevant priority group. Note, however, that follow-up
data includes only cosmetology, garment making, and construction, in which apprentices
actually began their training. All apprentices chose their desired trade at application, and
thus prior to priority selection. ICT priority applicants (and ICT randomized treatment
applicants) were not reallocated to other trades when ICT was dropped, and thus were
essentially dropped from the program5.

The benefits of the program for applicants were originally intended to be two things:
(1) placement with a local firm as an apprentice without being required to pay a fee, and
(2) a toolset for use during the apprenticeship and to keep at completion. All priority
and treatment applicants who made it through all application procedures received the first
benefit. Toolsets were procured many months after apprenticeships began, and distribution
is currently incomplete, at best.

The data we use in this paper comes from 28 districts, in which district officials chose
to take the national government up on their offer to hand-pick applicants who would be
guaranteed a space in the program. In these districts, we use apprentice baseline data which
was collected at the time of application from August to December 2012. We also use district
official data collected in December 2012 by phone6. In apprentice outcome regressions, we

5Note also that priority selection was not required to be balanced along trades. No restrictions were
made whatsoever on priority selection except that priority applicants had to complete regular application
procedures.

6Note that the apprentice sample in this paper is larger than in our complementary papers on this
program, which focus exclusively on those apprentices who attended placement meetings and participated
in the random placement program. In this paper, we include all eligible applicants, which as noted above
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also use firm-level follow-up surveys, conducted approximately three and six months after
apprenticeships began.

3.4 Results

Recipient Characteristics

Tables 3.1 through 3.5 test for the equality of means between the priority group and the total
applicant pool eligible for the randomization. As Table 3.1 shows, priority applicants are
more likely to be female, less likely to have children, and tend to come from better educated
family backgrounds. Also note that ethnicity does not appear to be a significant factor in our
context, in contrast to many other studies of patronage in Sub-Saharan Africa. We believe
this null finding on ethnicity is driven first by that fact that ethnicity is a less salient political
force in Ghana than elsewhere, but also by the fact that selection was done at the district
level. While many districts are ethnically heterogeneous, within-district ethnic heterogeneity
is far more muted than across-district ethnic heterogeneity. Table 3.2 shows that priority
applicants are better educated and speak better English, findings we interpret as related
more to family affluence than to productivity-enhancing human capital differences.

Table 3.3 contains one of our main findings, that priority applicants are better connected
to government through family with government jobs, both in the Ghana Education Service
and in the District Assembly. This finding is the most striking evidence for the argument
that official-selection leads generally to patronage.

Table 3.4 shows that we find no differences in baseline labor market outcomes between
priority applicants and the total applicant pool eligible for randomization, while Table 3.5
confirms that young people from more affluent households are more likely to be official-
selected.

District and District Official Characteristics

Summary statistics on district officials can be found in Table 3.6 and as a comparison between
Greater Accra region and the rest of the sample in Table 3.8. District officials generally work
for the Ghana Education Service, are typically male, well-educated, and middle-aged, and
tend to prioritize youth employment as a policy program. Though we find no relationship
between official characteristics and the degree of observed patronage, we do find that districts
in Greater Accra region display stronger patronage patterns. Table 7 suggests that Greater

includes ICT, as well as applicants randomized out of the program as control individuals for the larger
randomized controlled trial intended to study the effects of access to an apprenticeship on labor market
outcomes for young people. This sample also includes priority and treatment applicants who were invited to
but did not show up to a placement meeting, a few of whom were later reported as training with a local firm
and remain part of the treatment sample. The total sample in Tables 3.1 to 3.5 is 4,308 applicants. In the
apprentice outcome analysis, we include only treatment and priority applicants on whom we have follow-up
data, leading to a sample size more similar to the accompanying papers.
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Accra region (which includes Accra, the capital city, as well as Tema, and several other fairly
urban districts) is driving our results on connections to government officials and assets.
There is some evidence that other districts do target better educated young people, and
young people whose parents are better educated, but the majority of the point estimates on
government connectedness and assets are driven by Greater Accra.

This finding is in contrast to a theory of the national government as principal and local
governments as agents in executing the implementation of the program, where monitoring
matters. Suppose the national government has altruist and efficient motives and were they
doing the selection, would choose applicants who are most needy and/or could expect better
returns (or simply randomize over the whole pool). Meanwhile local governments seek only
to target the benefit to family members and friends. The national government can expend
effort to monitor the activities of the local government, and garner some improvement in
outcomes via this monitoring. In this case, monitoring in Greater Accra should be cheapest
and most accessible, and thus Greater Accra should show most accord with the desires of
the national government. We see the opposite, suggesting instead that Greater Accra local
government officials had the most politicized distribution of priority spots.

Apprentice Outcomes

Table 3.9 reports results from a regression of priority status on apprentice outcomes, con-
trolling for district and round (in columns two through five) dummies and clustering at the
district level. The sample in the first column includes all priority and randomized treatment
applicants in the three trade groups for which the program was ultimately implemented.
The sample in the second through fifth columns includes stacked data over two follow-up
rounds for the portion of the priority and randomized treatment samples who took up the
apprenticeship.

We find that priority apprentices are much more likely to take-up, which is driven entirely
by the fact that they are much more likely to attend placement meetings when invited.
Present is a proxy for attendance, which comes from being present on the days of the two
follow-up surveys. Mastered and partial competence are raw measures of ability on a set of
ten craft-specific skills as reported by the firm owner. Competent implies that the apprentice
has partial competence in the task, and mastered implies that the apprentice has completely
mastered the task. We find no evidence that priority status is associated with attendance,
hours worked, or task mastery, and in fact the point estimate on both mastery measures in
negative.

Figure 3.1 plots the propensity to be priority, as measured by a probit specification includ-
ing baseline data on gender, years of schooling, vocabulary score, government connections,
number of shoes, and whether the applicant’s household has a car and/or a refrigerator. In
Table 3.10, we use that propensity score in a regression adjustment of the Table 3.9 regres-
sions, in an attempt to get closer to a causal estimate of the effect of priority status on
apprentice outcomes. We find again that priority individuals are more likely to be enrolled.



67

We also find evidence that they have better attendance, conditional on propensity score. We
again find no evidence that priority status is associated with hours worked or task mastery.

An independent skills assessment of all official-selected and randomized treatment ap-
prentices who took up the apprenticeship is planned for later this year. We will be collecting
apprentice level follow-up data on all treatment, control, and priority applicants in 2016/2017
after completion of the three year program. These two additional sets of data will allow us
to test again for evidence of differential returns by priority status, and take another look at
the question of private information in decentralized district selection.

3.5 Conclusion

Translating results from (even large-scale, government-affiliated) randomized controlled trials
to regular program implementation is complicated by recipient selection in the absence of
evaluators. Program targeting could improve without random selection if government officials
and other implementers have private knowledge of program candidates that allows them to
choose those for whom returns are highest. Alternatively, elite capture could favor wealthier
individuals or those with family members in government, limiting access for the program’s
stated target population and decreasing average returns. Targeting is particularly difficult for
programs outside the realm of basic redistribution, where recipient aptitude and motivation
are relevant (e.g. job-training, youth employment, small business development).

This paper presents descriptive evidence from a highly unusual program implementation
scenario, in which decentralized government officials personally selected a portion of the re-
cipients of a government-initiated apprenticeship training program and evaluators randomly
selected the remainder. We show that, on average, official-selected recipients were better
educated, had parents who were better educated, and came from wealthier families. In addi-
tion, official-selected recipients had many more personal connections to government officials,
as captured by self-reports of the number of family members and friends working in various
local government offices. These results are driven primarily by districts in the most urban
region of the country, Greater Accra.

We also show that official-selected applicants are more likely to take up the program,
though point estimates on performance are negative (though insignificant). Whether and
how take-up and apprentice performance affect average treatment effects on labor market
outcomes will be the subject of future work.



68

Table 3.1: Demographics. Comparison of means between applicants to the
program who were eligible for the randomization and applicants who were se-
lected as “district priority”, guaranteeing them a place in the program. Note that
these totals include applicants to computer training, which was never rolled out.
Excluding computer training applicants from both groups does not qualitatively
change results. These totals exclude four of the thirty two evaluation districts
that chose not to select “district priority” applicants. Including these districts
does not qualitatively change results.

Priority Eligible
Mean Obs Mean Obs Diff p=val

Female 0.72 398 0.65 3896 0.06∗∗ 0.011∗∗

Age 23.17 385 22.85 3758 0.32 0.168
Partnered 0.28 396 0.30 3875 -0.02 0.382
Has Children 0.35 401 0.40 3907 -0.05∗ 0.056∗

Mother Schooling 4.40 336 3.57 3313 0.83∗∗∗ 0.003∗∗∗

Father Schooling 7.06 296 6.04 3017 1.02∗∗∗ 0.007∗∗∗

Ethnic Match with Committee 0.70 353 0.68 3526 0.02 0.470
Mahama Ethnicity - Gonja 0.04 395 0.02 3878 0.01 0.116
Atta Mills Ethnicity - Fante 0.08 395 0.07 3878 0.01 0.512
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Table 3.2: Human Capital. Comparison of means between applicants to the
program who were eligible for the randomization and applicants who were se-
lected as “district priority”, guaranteeing them a place in the program. Note that
these totals include applicants to computer training, which was never rolled out.
Excluding computer training applicants from both groups does not qualitatively
change results. These totals exclude four of the thirty two evaluation districts
that chose not to select “district priority” applicants. Including these districts
does not qualitatively change results.

Priority Eligible
Mean Obs Mean Obs Diff p=val

Years Schooling 8.74 394 8.29 3815 0.46∗∗ 0.011∗∗

Digits Score (of 14) 7.49 397 7.28 3903 0.21 0.132
Ravens Score (of 12) 4.88 399 4.86 3901 0.02 0.868
Math Score (of 4) 2.37 388 2.39 3781 -0.02 0.754
Vocab Score (of 15) 7.79 401 6.93 3907 0.85∗∗∗ 0.001∗∗∗

Stated Literacy 0.67 400 0.65 3894 0.02 0.394
More Risk Averse 0.47 399 0.48 3904 -0.00 0.948
More Locus of Control 2.54 399 2.54 3901 -0.00 0.924
Confidence (of 30) 18.77 398 18.67 3895 0.10 0.576
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Table 3.3: Connections and Community Status. Comparison of means between
applicants to the program who were eligible for the randomization and applicants
who were selected as “district priority”, guaranteeing them a place in the program.
Note that these totals include applicants to computer training, which was never rolled
out. Excluding computer training applicants from both groups does not qualitatively
change results. These totals exclude four of the thirty two evaluation districts that
chose not to select “district priority” applicants. Including these districts does not
qualitatively change results.

Priority Eligible
Mean Obs Mean Obs Diff p=val

Number of Friends 5.41 399 5.55 3892 -0.14 0.868
Friends/Family in Govt 1.21 400 1.08 3904 0.13∗∗ 0.046∗∗

Friends/Family in GES 0.22 400 0.18 3904 0.04 0.167
Friends/Family in Assembly 0.08 400 0.06 3904 0.02∗ 0.078∗

Close Family in Govt 1.00 400 0.84 3904 0.16∗∗∗ 0.006∗∗∗

Close Family in GES 0.19 400 0.14 3904 0.05∗ 0.055∗

Close Family in Assembly 0.07 400 0.05 3904 0.02∗ 0.065∗
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Table 3.4: Baseline Labor Market Outcomes. Comparison of means be-
tween applicants to the program who were eligible for the randomization and
applicants who were selected as “district priority”, guaranteeing them a place
in the program. Note that these totals include applicants to computer train-
ing, which was never rolled out. Excluding computer training applicants from
both groups does not qualitatively change results. These totals exclude four
of the thirty two evaluation districts that chose not to select “district priority”
applicants. Including these districts does not qualitatively change results.

Priority Eligible
Mean Obs Mean Obs Diff p=val

Wage Employed 0.08 401 0.09 3906 -0.01 0.577
Wages if Employed 39.93 31 41.58 341 -1.66 0.819
Self Employed 0.20 401 0.21 3902 -0.01 0.767
Profits if Self Employed 43.99 72 65.33 671 -21.34 0.205
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Table 3.5: Household Assets. Comparison of means between applicants to
the program who were eligible for the randomization and applicants who were
selected as “district priority”, guaranteeing them a place in the program. Note
that these totals include applicants to computer training, which was never rolled
out. Excluding computer training applicants from both groups does not qual-
itatively change results. These totals exclude four of the thirty two evaluation
districts that chose not to select “district priority” applicants. Including these
districts does not qualitatively change results.

Priority Eligible
Mean Obs Mean Obs Diff p=val

HH has radio 0.78 401 0.80 3903 -0.02 0.381
HH has TV 0.64 401 0.63 3902 0.01 0.581
HH has bicycle 0.46 401 0.46 3903 -0.00 0.986
HH has car 0.15 401 0.11 3902 0.04∗∗ 0.024∗∗

HH has motorbike/scooter 0.26 401 0.23 3898 0.03 0.256
HH has refridgerator 0.41 398 0.36 3878 0.05∗∗ 0.050∗∗

HH Mobile Phones 3.57 400 3.59 3902 -0.02 0.897
Meals/Day 2.56 399 2.53 3899 0.03 0.370
Meat/Day 1.87 400 1.85 3904 0.02 0.727
Sleeps on a Mattress 0.73 398 0.71 3898 0.02 0.412
Num Sleep in One Room 1.98 400 1.84 3907 0.14∗ 0.075∗

Pairs of Shoes 4.85 401 4.30 3905 0.55∗∗ 0.014∗∗

First Principal Component 0.05 382 -0.04 3750 0.09∗ 0.098∗
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Table 3.6: District Official Summary Statistics. This includes data from 25 districts with district official survey
data.

Variable Mean Std. Dev. Min. Max. N
Ghana Education Service Employee 0.85 0.36 0 1 48
District Assembly Employee 0.15 0.36 0 1 48
Female 0.13 0.33 0 1 48
Age 48.98 9.71 32 68 47
Years Schooling 17.42 2.92 8 21 48
Tenure/Years with GES/Assembly 20.64 11.2 1.08 37 44
Completed Apprenticeship 0.13 0.33 0 1 48
Other Technical Training 0.42 0.5 0 1 48
Family From This District 0.29 0.46 0 1 48
Born in This District 0.36 0.49 0 1 47
Recipients should be those with no opportunity to further education 0.3 0.46 0 1 47
Recipients should be those who are hardworking, respectful, and trustworthy 0.66 0.48 0 1 47
Recipients should be those with aptitude for technical skills 0.4 0.5 0 1 47
Youth unemployment is the highest priority local policy issue 0.63 0.49 0 1 43
Other specific issue is highest priority (e.g. basic education, sanitation) 0.28 0.45 0 1 43
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Table 3.7: Heterogeneity by Region. District Priority selection in Greater Accra Region
was most susceptible to favoritism on the basis of demographics, connections, and wealth.
Note that these regressions include applicants to computer training, which was never rolled
out. Excluding computer training applicants from both groups does not qualitatively change
results. These regressions exclude four of the thirty two evaluation districts that chose not to
select “district priority” applicants. Including these districts does not qualitatively change
results. Standard errors are clustered at the district level.

(1) (2) (3) (4) (5) (6)
Priority Priority Priority Priority Priority Priority

Mother Any Sch -0.03∗∗

(0.01)
Mother Any Sch*Accra -0.01

(0.03)
Father Any Sch -0.01

(0.01)
Father Any Sch*Accra -0.03

(0.03)
Schooling 8th grade -0.02∗∗

(0.01)
Schooling 8th grade*Accra -0.07∗∗∗

(0.02)
Family in Govt -0.00

(0.01)
Family in Govt*Accra -0.15∗∗∗

(0.04)
Close Family in Govt -0.00

(0.01)
Close Family in Govt*Accra -0.17∗∗∗

(0.04)
High PC -0.01

(0.01)
High PC -0.09∗∗∗

(0.02)
Greater Accra -0.01 0.00 0.04∗ 0.05∗∗∗ 0.05∗∗∗ 0.06∗∗∗

(0.03) (0.03) (0.02) (0.01) (0.01) (0.01)
Observations 3649 3313 4209 4304 4304 4132
Mean of Dep Variable 0.91 0.91 0.91 0.91 0.91 0.91

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.8: District Committee Characteristics. Comparison of means between district committee members in
Greater Accra and outside of Greater Accra.

Non Accra Accra
Mean Obs Mean Obs Diff p-val

Ghana Education Service Employee 0.87 39 0.78 9 0.09 0.482
District Assembly Employee 0.13 39 0.22 9 -0.09 0.482
Female 0.13 39 0.11 9 0.02 0.892
Age 49.42 38 47.11 9 2.31 0.527
Years Schooling 17.38 39 17.56 9 -0.17 0.876
Tenure/Years with GES/Assembly 20.73 37 20.14 7 0.59 0.901
Completed Apprenticeship 0.10 39 0.22 9 -0.12 0.338
Other Technical Training 0.38 39 0.56 9 -0.17 0.359
Family From This District 0.36 39 0.00 9 0.36∗∗ 0.033∗∗

Born in This District 0.42 38 0.11 9 0.31∗ 0.085∗

Recipients should be those with no opportunity to further education 0.29 38 0.33 9 -0.04 0.801
Recipients should be those who are hardworking, respectful, and trustworthy 0.66 38 0.67 9 -0.01 0.961
Recipients should be those with aptitude for technical skills 0.45 38 0.22 9 0.23 0.225
Youth unemployment is the highest priority local policy issue 0.63 35 0.62 8 0.00 0.985
Other specific issue is highest priority (e.g. basic education, sanitation) 0.26 35 0.38 8 -0.12 0.514
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Table 3.9: Priority Applicant Outcomes. This table reports results from a re-
gression of priority status on apprentice outcomes, controlling for district and round
(in columns two through five) dummies and clustering at the district level. The
sample in the first column includes all priority and randomized treatment applicants
in the three trade groups for which the program was ultimately implemented. En-
rollment means that the apprentice was enrolled at all in either round. The sample
in the second through fifth columns includes stacked data over two follow-up rounds
for the portion of the priority and randomized treatment samples who took up the
apprenticeship. Present is whether the apprentice was present on the day of the
survey. Mastered is the raw number of skills the apprentice mastered (as reported
by the firm owner). Competent is the raw number of skills the apprentice has some
ability to do (as reported by the firm owner).

(1) (2) (3) (4) (5)
Take-Up Present Hours Week Mastered Competent

Priority 0.13∗∗∗ 0.06 1.09 -0.12 -0.12
(0.03) (0.04) (1.00) (0.17) (0.12)

Constant 0.39∗∗∗ 0.65∗∗∗ 51.10∗∗∗ 5.08∗∗∗ 7.79∗∗∗

(0.01) (0.02) (1.14) (0.13) (0.09)
Observations 2047 1389 1381 1376 1376
Mean of Dep Variable 0.41 0.61 49.83 5.57 8.35

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.10: Propensity Score Regression Adjustment. Propensity score es-
timated using a probit specification and the following covariates: female, years of
schooling, vocabulary score, number of friends and family in government jobs, num-
ber of close family (parents, spouse, sibling, aunt or uncle) in government jobs,
whether the household owns a car, whether the household owns a refrigerator, and
the number of pairs of shoes the applicant owns. Column one includes all priority and
randomized treatment applicants in the three trade groups for which the program
was ultimately implemented, controlling for district dummies and the propensity
score, and clustered at the district level. Enrollment means that the apprentice was
enrolled at all in either round. Regression adjustment in columns two through five
includes two stacked follow-up rounds, district dummies, a round two dummy, and
the estimated propensity score for the portion of the district-selected and randomized
treatment samples who took up the apprenticeship and for whom there is follow-up
data, with standard errors clustered at the district level. Present is whether the
apprentice was present on the day of the survey. Mastered is the raw number of
skills the apprentice mastered (as reported by the firm owner). Competent is the
raw number of skills the apprentice has some ability to do (as reported by the firm
owner).

(1) (2) (3) (4) (5)
Take-Up Present Hours Week Mastered Competent

Priority 0.12∗∗∗ 0.07∗ 1.05 -0.09 -0.09
(0.03) (0.04) (1.04) (0.16) (0.11)

Constant 0.30∗∗∗ 0.63∗∗∗ 52.23∗∗∗ 5.32∗∗∗ 7.82∗∗∗

(0.05) (0.05) (2.57) (0.37) (0.23)
Observations 1957 1333 1324 1319 1319
Mean of Dep Variable 0.41 0.61 49.84 5.55 8.34

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figure 3.1: Propensity Score Overlap. Propensity score estimated using a probit spec-
ification and the following covariates: female, years of schooling, vocabulary score, number
of friends and family in government jobs, number of close family (parents, spouse, sibling,
aunt or uncle) in government jobs, whether the household owns a car, whether the household
owns a refrigerator, and the number of pairs of shoes the applicant owns.

0
5

10
15

D
en

si
ty

.05 .1 .15 .2 .25
Estimated Propensity Score

Priority Non-Priority



79

Bibliography

Alatas, Vivi, Abhijit Banerjee, Rema Hanna, Benjamin A. Olken, and Julia Tobias. 2010.
“Targeting the poor: evidence from a field experiment in Indonesia.” NBER Working
Paper, No. w15980.

Alesina, Alberto, Stephan Danninger, and Massimo V. Rostagno. 1999. “Redistribution
through Public Employment: The Case of Italy.” NBER Working Paper, No. w7387.

Alperovich, Gershon. 1984. “The Economics of Choice in the Allocation of Intergovernmental
Grants to Local Authorities.” Public Choice, 44(2): 28596.

Anagol, Santosh, and Christopher Udry. 2006. “The Return to Capital in Ghana.” American
Economic Review: Papers and Proceedings, February.

Arulampalam, Wiji, Sugato Dasgupta, Amrita Dhillon, and Bhaskar Dutta. 2009. “Electoral
Goals and Center-State Transfers: A Theoretical Model and Empirical Evidence from
India.” Journal of Development Economics, 88(1): 10319.

Attanasio, Orazio, Adriana Kugler, and Costas Meghir. 2008. “Training Disadvantaged
Youth in Latin America: Evidence from a Randomized Trial.” NBER Working Paper,
No. 13931.

Banerjee, Abhijit, Sendhil Mullainathan, and Rema Hanna. 2012. “Corruption.” NBER
Working Paper, No. w17968.

Banful, Afua Branoah. 2011. “Do formula-based intergovernmental transfer mechanisms
eliminate politically motivated targeting? Evidence from Ghana.” Journal of Development
Economics, 96, no. 2 (2011): 380-390.

Barkan, Joel D., and Michael Chege. 1989. “Decentralising the State: District Focus and
the Politics of Reallocation in Kenya.” Journal of Modern African Studies, 27(3): 43153.

Bas, Daniel. 1989. “On-the-job Training in Africa.” International Labor Review, 128: 485–
496.

Beaman, Lori, Ariel BenYishay, Jeremy Magruder, and A. Mushfiq Mobarak. 2014. “Can
network theory based targeting increase technology adoption.” Working Paper.



80

Becker, Gary, and George Stigler. 1974. “Law Enforcement, Malfeasance, and Compensation
of Enforcers.” Journal of Legal Studies, 3(1), 1-18.

Berry, Christopher R, Barry C. Burden, and William G. Howell. 2010. “The President and
the Distribution of Federal Spending.” American Political Science Review, 104(4): 78399.

Bertrand, Marianne, Simeon Djankov, Rema Hanna, and Sendhil Mullainathan. 2007. “Ob-
taining a Drivers License in India: An Experimental Approach to Studying Corruption.”
Quarterly Journal of Economics, 122(4): 163976.

Besley, Timothy, and Robin Burgess. 2004. “Can Labor Regulation Hinder Economic Per-
formance? Evidence from India.” Quarterly Journal of Economics, 119(1): 91–134.

Betcherman, Gordon, Martin Godfrey, Susana Puerto, Friederike Rother, and Antoneta
Stavreska. 2007. “Global inventory of interventions to support young workers: Synthesis
Report.” World Bank Working Paper.

Birks, Stace, Fred Fluitman, Xavier Oudin, and Clive Sinclair. 1994. “Skills Acquisition in
Microenterprises: Evidence from West Africa.” OECD, Paris.

Blaydes, Lisa. 2011. “Elections and Distributive Politics in Mubaraks Egypt.” Working
Paper.

Bloom, Howard S., Larry L. Orr, Stephen H. Bell, George Cave, Fred Doolittle, Winston
Lin, and Johannes M. Bos. 1997. “The benefits and costs of JTPA Title II-A programs:
Key findings from the National Job Training Partnership Act study.” Journal of human
resources, 549-576.

Bloom, Nicholas, and John Van Reenan. 2007. “Measuring and Explaining Differences in
Management Practices Across Countries.” Quarterly Journal of Economics, 122(4): 1351–
1408.

Bloom, Nicholas, Benn Eifert, Aprajit Mahajan, David McKenzie, and John Roberts. 2013.
“Does Management Matter? Evidence from India.” Quarterly Journal of Economics, 128
(1).

Blundell, Richard, Lorraine Dearden, and Costas Meghir. 1996. “The Determinants and
Effects of Work Related Training in Britain.” Institute of Fiscal Studies Working Paper.

Boehm, Ullrich. 1997. “Human Resource Development in African Small and Microenter-
prises: The Role of Apprenticeship.” In: Bass, H.H., et al. African Development Perspec-
tives Yearbook 1996. Regional Perspectives on Labor and Employment.

Burgess, Robin, Remi Jedwab, Edward Miguel, and Ameet Morjaria. 2015. “The Value
of Democracy: Evidence from Road Building in Kenya.” American Economic Review,
Forthcoming.



81

Burghardt, J., and P. Schochet. 2001. “National Job Corps Study: impacts by center char-
acteristics.” Mathematica Policy Research.

Callaway, Archibald. 1964. “Nigeria’s Indigenous Education: The Apprenticeship System.”
University of Ife, Journal of African Studies, 62–79.

Calvo, Ernesto, and Maria Victoria Murillo. 2004. “Who Delivers? Partisan Clients in the
Argentine Electoral Market.” American Journal of Political Science, 48(4): 74257.

Card, David, and Daniel Sullivan. 1988. “Measuring the Effect of Subsidized Training Pro-
grams on Movements In and Out of Employment.” Econometrica, 56, 497-530.

Card, David, Jochen Kluve, and Andrea Weber. 2010. “Active Labour Market Policy Eval-
uations: A Meta Analysis.” The Economic Journal, 120, no. 548 (2010): F452-F477.

Card, David, Pablo Ibarraran, Ferdinando Regalia, David Rosas-Shady, and Yuri Soares.
2011. “The labor market impacts of youth training in the Dominican Republic.” Journal
of Labor Economics, 29, no. 2 (2011): 267-300.

Case, Anne. 2001. “Election Goals and Income Redistribution: Recent Evidence from Alba-
nia.” European Economic Review, 45: 40523.

Castells, Antoni, and Albert Sole-Olle. 2005. “The Regional Allocation of Infrastructure
Investment: The Role of Equity, Efficiency, and Political Factors.” European Economic
Review, 49(5): 1165205.

Cole, Shawn. 2009. “Fixing Market Failures or Fixing Elections? Agricultural Credit in
India.” American Economic Journal: Applied Economics, 1(1): 21950.

Crampton, Eric. 2004. “Distributive Politics in a Strong Party System: Evidence from Cana-
dian Job Grant Programs.” Working Paper.

Crawford, Gordon. 2004. “Democratic decentralization in Ghana: issues and prospects.”
POLIS Working Paper No. 9.

Dahlberg, Matz, and Eva Johansson. 2002. “On the Vote Purchasing Behavior of Incumbent
Govern- ments.” American Political Science Review, 96(1): 2740.

de la Fuente, Angel, and Xavier Vives. 1995. “Infrastructure and Education as Instruments
of Regional Policy: Evidence from Spain.” Economic Policy, 10(20): 1151.

De Mel, Suresh, David McKenzie, and Christopher Woodruff. 2008. “Returns to Capital in
Microenterprises: Evidence from a Field Experiment.” Quarterly Journal of Economics,
123(4): 1329–1372.



82

De Mel, Suresh, David McKenzie, and Christopher Woodruff. 2009a. “Are Women More
Credit Constrained? Experimental Evidence on Gender and Microenterprise Returns.”
American Economic Journal: Applied Economics, 1–32.

De Mel, Suresh, David McKenzie, and Christopher Woodruff. 2009b. “Measuring Microenter-
prise Profits: Must we ask how the sausage is made?” Journal of Development Economics,
88, pages 19-31.

De Mel, Suresh, David McKenzie, and Christopher Woodruff. 2013. “What Generates
Growth in Microenterprises? Experimental Evidence on Capital, Labor and Training.”
Working Paper.

Diaz-Cayeros, Alberto, Beatriz Magaloni, and Federico Estvez. 2011. “Strategies of Vote
Buying: Democracy, Clientelism, and Poverty Relief in Mexico.” Working Paper.

Fafchamps, Marcel, David McKenzie, Simon Quinn, and Chris Woodruff. 2013. “Microen-
terprise Growth and the Flypaper Effect: Evidence from a Randomized Experiment in
Ghana.” Journal of Development Economics.

Fisman, Raymond. 2001a. “Estimating the Value of Political Connections.” American Eco-
nomic Review, 91(4): 1095102.

Fisman, Raymond. 2001b. “Venezuelas Chavismo and Popu- lism in Comparative Perspec-
tive.” Working Paper.

Franck, Raphael, and Ilia Rainer. 2012. “Does the Leaders Ethnicity Matter? Ethnic Fa-
voritism, Education and Health in Sub-Saharan Africa.” American Political Science Re-
view, 106(2): 294325.

Frazer, Garth. 2006. “Learning the Master’s Trade: Apprenticeship and human capital in
Ghana.” Journal of Development Economics, 81: 259–298.

Garcia, Marito, and Jean Fares. 2008. “Youth in Africa’s Labor Markets.” World Bank
Publications, The World Bank: number 6578.

Golden, Miriam, and Lucio Picci. 2008. “Pork-Barrel Politics in Postwar Italy, 195394.”
American Journal of Political Science, 2(2): 26889.

Gonzalez, Maria de los Angeles. 2002. “Do Changes in Democracy Affect the Political Budget
Cycle? Evidence from Mexico.” Review of Development Economics, 6(2): 20424.

Greenberg, David H., Charles Michalopoulos, and Philip K. Robins. 2003. “A meta-analysis
of government-sponsored training programs.” Industrial and Labor Relations Review, 57,
no. 1 (2003): 31-53.

Grootaert, Christiaan, and Banco Mundial. 1988. “Cote dIvoires vocational and technical
education.” International Bank for Reconstruction and Development Working Paper.



83

Harris, J., and M. Todaro. 1970. “Migration, Unemployment and Development: A Two-
sector Analysis.” American Economic Review, 40: 126–142.

Hawkins, Kirk A. 2010. “Estimating the Value of Political Connections.” American Eco-
nomic Review, 91(4): 1095102.

Hirano, Keisuke, and Guido Imbens. 2004. “The Propensity Score With Continuous Treat-
ments.” In: Applied Bayesian Modeling and Causal Inference from Incomplete-Data Per-
spectives, Wiley.

Hsieh, Chang-Tai, and Benjamin Olken. 2014. “The Missing “Missing Middle”.” Journal of
Economic Perspectives, American Economic Association: vol. 28(3), pages 89–109, Sum-
mer.

Iacovone, Leonardo, Vijaya Ramachandran, and Martin Schmidt. 2014. “Stunted Growth:
Why Don’t African Firms Create More Jobs?” Working Paper 353, Center for Global
Development.

ILO. 2013. “Global Employment Trends for Youth.” Working Paper, International Labor
Organization.

Johanson, Richard K., and Avril V. Adams. 2004. “Skills Development in Sub-Saharan
Africa.” World Bank Publications, The World Bank: number 15028.

Johansson, Eva. 2003. “Intergovernmental Grants as a Tactical Instrument: Empirical Evi-
dence from Swed- ish Municipalities.” Journal of Public Economics, 7(5 6): 883915.

Karlan, Dean, Ryan Knight, and Christopher Udry. 2012. “Hoping to Win, Expected to Lose:
Theory and Lessons on Microenterprise Development.” NBER Working paper, 18325.

Kasara, Kimuli. 2007. “Tax Me If You Can: Ethnic Geography, Democracy and the Taxation
of Agriculture in Africa.” American Political Science Review, 101(1): 15972.

King, Kenneth. 1977. “The African Artisan: Education and the Informal Sector in Kenya.”
Heinemann, London.

Kluve, J., D. Card, M. Fertig, Jacobi Gra, M., P. L., Jensen, Nima L. Leetmaa, R., E. Patac-
chini, S. Schaffner, C.M. Schmidt, B. van der Klaauw, and A. Weber. 2005. “Study on the
effectiveness of ALMPs.” Report prepared for the European Commission, DG Employment,
Social Affairs and Equal Opportunities.

Kramon, Eric, and Daniel N. Posner. 2012. “Ethnic favoritism in primary education in
Kenya.” Working Paper.

Kramon, Eric, and Daniel N. Posner. 2013. “Who benefits from distributive politics? How
the outcome one studies affects the answer one gets.” Perspectives on Politics, 11(02),
461-474.



84

Kremer, Michael, Jean Lee, Jonathan Robinson, and Olga Rostapshova. 2013. “Behavioral
Biases and Firm Behavior: Evidence from Kenyan Retail Shops.” American Economic
Review: Papers and Proceedings, 103 (3).

Levitt, Steven D., and James M. Snyder. 1995. “Political Parties and the Distribution of
Federal Outlays.” American Journal of Political Science, 39(4): 95880.

Lewis, Arthur. 1954. “Economic Development with Unlimited Supplies of Labour.” Manch-
ester School, 22: 139–191.

Mazumdar, Dipak, and Ata Mazaheri. 2003. “The African Manufacturing Firm.” Routledge,
London.

McKenzie, David. 2012. “Beyond Baseline and Follow-up: The Case for more T in Experi-
ments.” Journal of Development Economics, 99, pages 210-221.

Meghir, Costas, Renata Narita, and Jean-Marc Robin. 2012. “Wages and Informality in
Developing Countries.” NBER Working Paper, 18347.

Miguel, Edward, and Farhan Zaidi. 2003. “Do Politicians Reward Their Supporters? Re-
gression Discontinuity Evidence from Ghana.” WGAPE Working Paper.

Min, Brian. 2010. “Democracy and Light: Public Ser- vice Provision in the Developing
World.” Ph.D. diss., University of California-Los Angeles.

Monk, Courtney, Justin Sandefur, and Francis Teal. 2008. “Does Doing an Apprenticeship
Pay Off? Evidence from Ghana.” CSAE Working Paper Series 2008-08, Centre for the
Study of African Economies, University of Oxford.

Morjaria, Ameet. 2013. “Is Democracy Detrimental for the Environment in Developing
Countries? Evidence from Kenya.” Working Paper.

Nopo, Hugo, Jaime Saavedra-Chanduv, and Miguel Robles. 2007. “Occupational Training
to Reduce Gender Segregation: The Impacts of ProJoven.” IDB Working Paper, No. 623.

Rauch, James. 1991. “Modeling the Informal Sector Formally.” Journal of Development
Economics, vol. 35(1), pages 33-47.

Reinikka, Ritva, and Jakob Svensson. 2004. “Local Capture: Evidence from a Central Gov-
ernment Trans- fer Program in Uganda.” Quarterly Journal of Economics, 119(2): 679705.

Rosholm, M., Nielsen H. S., and A. Dabalen. 2007. “Evaluation of training in African enter-
prises.” Journal of Development Economics, 84, 310-329.

Sandefur, Justin. 2010. “On the Evolution of the Firm Size Distribution in an African Econ-
omy.” CSAE Working Paper Series 2010-05, Centre for the Study of African Economies,
University of Oxford.



85

Sole-Olle, Albert, and Pilar Sorribas-Navarro. 2008. “The Effects of Partisan Alignment on
the Allocation of Intergovernmental Transfers: Differences-in- Differences Estimates for
Spain.” Journal of Public Economics, 92(12): 230219.

Stokes, Susan C., Thad Dunning, Marcelo Nazareno, and Valeria Brusco. 2011. “uying Votes:
Distributive Politics in Democracies.” Working Paper.

Tavits, Margit. 2009. “Geographically Targeted Spend- ing: Exploring the Electoral Strate-
gies of Incumbent Government.” European Political Science Review, 1(1): 10223.

Ulyssea, Gabriel. 2010. “Regulation of entry, labor market institutions and the informal
sector.” Journal of Development Economics, 91(1), 87-99.

Vaishnav, Milan, and Neelanjan Sircar. 2009. “The Geography of Patronage: Building
Schools in India.” Working Paper.

Winters, Matthew S. 2009. “The Political Targeting of a Cash Transfer Program in Ecuador.”
Working Paper.

Worthington, Andrew C., and Brian E. Dollery. 1998. “The Political Determination of In-
tergovernmental Grants in Australia.” Public Choice, 94(3): 299315.

Zenou, Yves. 2008. “Job Search and Mobility in Developing Countries: Theory and Policy
Implications.” Journal of Development Economics, vol. 86, pages 336-355.

Zucco, Cesar. 2008. “The Presidents New Constituency: Lula and the Pragmatic Vote in
Brazils 2006 Presidential Election.” Journal of Latin American Studies, 40(1): 2949.



86

Appendix A

Chapter 1



87

Table A1: Descriptive Characterizations of the Labor Market for Small Firms. The firm-level
baseline survey included a series of questions meant to quantify, in part, the qualitative observations we
gleaned from early piloting and focus groups. These focus groups were used prior to the design of the
experiment to build a conceptual understanding of the apprentice labor market and the nature of labor
constraints in our context, which were largely validated by the responses in the firm-level baseline survey
(of about 1,000 firms) displayed below.

Baseline Survey Question Common Response

Search and Hiring
What are the three biggest barriers to the growth
and success of your business?

The three most common response categories are
access to finance (68% of firms), access to labor
(52% of firms), and infrastructure (32% of firms).

Have you ever advertised or asked around for an
apprentice?

Only 35% of firms said yes. We interpret this
as evidence that simply posting a vacancy is un-
likely to garner a suitable new apprentice, and
that institutional centers for vacancy posting are
lacking.

After how many months does a typical new ap-
prentice begin to add to the profits of your busi-
ness?

The median response is four months, though 30%
of the sample firms said one month or less. About
14% of the firm owners think it takes a year or
more for a typical new apprentice to add to the
profits of the business.

Information about Worker Ability
After how many months do you typically know if
an apprentice is good or not very good?

The median response is three months, with 93%
of sample firms saying it takes at least one month.

What is the main reason apprentices are normally
required to make a payment at the start of an ap-
prenticeship?

By a landslide, the most common response (85%
of firms) is some variant of ensuring that the ap-
prentice is good and committed.

Do you give more chop money/tips/wages to bet-
ter performing apprentices?

80% of firms said yes.

Interest in Firm Growth
Why are you interested in training NAP (pro-
gram) apprentices?

27% of firms chose “It will be profitable for my
business”, while 21% of firms chose “I have many
customers and need help”. The most common
response was “I want to help young people”.

Overall, when you think of the size of your busi-
ness, would you prefer to have it be larger, the
same, or smaller?

96% of firms in the sample said they would like
their business to be larger.

How important is the following reason in your
choice to work in self-employment rather than a
wage job? The potential for my business to grow
much bigger in the future.

63% of firm owners said this reason was “very
important”, and another 31% said it was “impor-
tant” in their decision to become self-employed.
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Figure A1: Apprentices and Employment at Baseline. Our baseline sample reflects
the norm of small manufacturing and services firms in Ghana in composition of worker type,
relationship to the owner, and characteristics of the typical workforce.

80%

15%

5%

Apprentices
Master workers Unpaid workers

Worker Type Composition: In our sample of over
1,000 firms, over 80% of the non-owner workforce are
apprentices. Another 15% are “master” workers, who
have completed apprenticeships either in the current
firm or elsewhere and are paid much higher wages.
The final 5% are unpaid workers, generally young fam-
ily members. The workforce in the small firm sector
throughout Ghana generally reflects the proportions
in our sample.

14%

40%

45%

Family member/relative
Referred by a friend/contact Previously unknown to me

Worker Relationship to Owner Composition:
Among apprentices, master workers, and unpaid work-
ers in our sample (excluding firm owners), a full 46%
were unknown to the firm owner before employment.
It is among these unknown workers that the bond
tends to be required and highest.

29%

60%

11%

Apprenticed in this firm Apprenticed elsewhere
No apprenticeship

Master Worker Apprenticeship History: Mas-
ter workers almost always completed an apprentice-
ship (of between six months and three years) before
beginning higher paid employment. They tend to join
small firms with significant relevant occupational skills
(in contrast to new apprentices, who learn on the job).

80%

15%

5%

Apprentices
Master workers Unpaid workers
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Figure A2: Firm Size Effects - Program Apprentice Take-Up. Mean of raw number of
program apprentices working across two rounds, by treatment assignment. Note that there
are few firms at the higher treatment assignments so the mean value is noisier.
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Figure A3: Firm Size Effects - Total Firm Size Including Program Apprentices.
Mean of raw change in firm size across two rounds, by treatment assignment. Note that
there are few firms at the higher treatment assignments so the mean value is noisier.
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Figure A4: Firm Size Effects - Total Firm Hours Including Program Apprentices.
Mean of raw change in total firm hours across two rounds, by treatment assignment. Note
that there are few firms at the higher treatment assignments so the mean value is noisier.
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Table A2: Other Inputs. Regressions include round fixed effects, lottery fixed effects, and baseline values of the
dependent variable where applicable, with errors clustered at the district level. Capital stock is reported in nominal
Ghana Cedis. We find no effect of the treatment on capital stock, log capital stock, or firm owner hours per week,
suggesting that the availability of additional apprentice labor inputs did not lead to investments in complementary
capital or managerial inputs. We do, however, find that firm owners report spending about half an hour per apprentice
per day on instruction/training.

Capital Log Capital Firm Owner Firm Owner
Stock Stock Hours/Week Instruction Hrs/Day

(1) (2) (3) (4) (5) (6) (7) (8) (9)
OLS FE: OLS FE: OLS FE: FE: OLS FE:

Round 2 Round 2 Pooled By round Round 2

Treatment Assignment -85.45 -46.87 0.03 0.05 0.53 0.06 0.44∗∗∗ 0.44∗∗∗

(103.24) (258.92) (0.02) (0.05) (0.32) (0.86) (0.04) (0.08)

Treatment Assignment - Round 1 0.16
(0.83)

Treatment Assignment - Round 2 -0.03
(0.94)

Number of Firms 958 958 958 958 1047 1047 1047 987 987
Total Observations 958 958 958 958 1868 1868 1868 987 987
Mean of Dep Variable 3305.98 3305.98 7.61 7.61 54.51 54.51 54.51 0.83 0.83
R squared 0.17 0.33 0.36 0.51 0.06 0.21 0.21 0.19 0.46
Lottery FEs NO YES NO YES NO YES YES NO YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A3: Quantile Regression Treatment Effects on Revenues. Regressions include
round fixed effects, lottery fixed effects, and baseline values of the dependent variable, with
robust standard errors. Quantile regressions estimated at the median. Quantile regressions
are an alternative to log transformations in dealing with noisy data. Though it may well
be that the relationship between revenues and labor is concave, this table suggests that
regressions using a log transformation in our main tables is significant while levels are not
primarily due to power issues that come from outliers in the data.

Revenues Per Month Log Revenues
(1) (2) (3) (4)

FE QREG: FE QREG: FE QREG: FE QREG:
Pooled By Round Pooled By Round

Treatment Assignment 24.44∗∗∗ 0.04∗∗∗

(0.00) (0.00)

Treatment Assignment - Round 1 13.24∗∗∗ 0.12∗∗∗

(0.00) (0.00)

Treatment Assignment - Round 2 42.65∗∗∗ 0.03∗∗∗

(0.00) (0.00)
Number of Firms 1034 1034 1018 1018
Total Observations 1823 1823 1768 1768
Mean of Dep Variable 875.75 875.75 6.17 6.17
Lottery FEs YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A4: Quantile Regression Treatment Effects on Profits. Regressions include
round fixed effects, lottery fixed effects, and baseline values of the dependent variable, with
robust standard errors. Quantile regressions estimated at the median. Quantile regressions
are an alternative to log transformations in dealing with noisy data. Though it may well be
that the relationship between profits and labor is concave, this table suggests that regressions
using a log transformation in our main tables is significant while levels are not primarily due
to power issues that come from outliers in the data.

Profits Per Month Log Profits
(1) (2) (3) (4)

FE QREG: FE QREG: FE QREG: FE QREG:
Pooled By Round Pooled By Round

Treatment Assignment 25.45∗∗∗ 0.08∗∗∗

(0.00) (0.00)

Treatment Assignment - Round 1 16.24∗∗∗ 0.13∗∗∗

(0.00) (0.00)

Treatment Assignment - Round 2 40.52∗∗∗ 0.04∗∗∗

(0.00) (0.00)
Number of Firms 1036 1036 1014 1014
Total Observations 1826 1826 1758 1758
Mean of Dep Variable 472.74 472.74 5.61 5.61
Lottery FEs YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A5: Heterogeneous Effects for the Smallest Firms. Regressions include round fixed effects,
lottery fixed effects, and baseline values of the dependent variable where applicable, with errors clustered at
the district level. Column 1 shows that take-up did not differ by baseline firm size and thus cannot explain
the heterogeneous treatment effects by firm size. Columns 2 and 5 show that we do not find evidence of
decreasing returns to labor inputs within our treatment. This is not surprising as the vast majority of firms
were assigned zero, one, or two apprentices. Columns 3 and 6 investigate whether heterogeneous effects by
firm size are explained wholly by firms with no workers besides the owner, as one might think these firms
are a special case in which lack of management experience is a barrier to growth. These findings differ little
from Table 6 and present no strong evidence that management is driving these effects. Columns 4 and 7
control for other characteristics which could explain our heterogeneity by firm size findings (un-interacted
baseline characteristics are included in the regression but not reported in the table for space reasons). We
find that our heterogeneity by firm size effects are robust.

Take-Up Log Revenues Log Profits

(1) (2) (3) (4) (5) (6) (7)
FE: FE: FE: FE: FE: FE: FE:

Pooled Pooled Pooled Pooled Pooled Pooled Pooled
Treatment Assignment 0.43∗∗∗ 0.07 0.14∗∗ 0.28∗∗ 0.14∗∗ 0.24∗∗∗ 0.27∗

(0.07) (0.05) (0.06) (0.13) (0.06) (0.09) (0.15)
Baseline Firm Size -0.00 0.06∗∗∗ 0.08∗∗∗

(0.01) (0.02) (0.02)
Baseline Workers*Treatment 0.01 -0.02∗∗ -0.03∗∗

(0.01) (0.01) (0.01)
Treatment*Treatment -0.00 -0.01

(0.02) (0.02)
No workers besides owner -0.15 -0.25∗

(0.11) (0.13)
No workers besides owner*Treat 0.07 0.15

(0.07) (0.09)
Female*Treatment -0.03 0.03

(0.10) (0.10)
Construction*Treatment 0.02 0.02

(0.11) (0.12)
Beautician*Treatment -0.00 -0.03

(0.07) (0.07)
Owner Years Sch*Treatment -0.00 -0.00

(0.01) (0.01)
Assets*Treatment -0.00 0.00

(0.00) (0.00)
Owner Digits High*Treatment 0.05 0.01

(0.05) (0.05)
Owner Math High*Treatment -0.04 -0.04

(0.06) (0.07)
Mgmt Score High*Treatment -0.03 -0.03

(0.06) (0.07)
Number of Firms 1047 1018 1018 1003 1014 1014 1000
Total Observations 1871 1768 1768 1744 1758 1758 1736
R squared 0.80 0.49 0.49 0.53 0.39 0.39 0.43
Lottery FEs YES YES YES YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A6: Quality Treatment Effects - Ravens. The firm sample in these regressions
includes only firms that received apprentice interest from both above median cognitive abil-
ity apprentices and below median cognitive ability apprentices. Power in these regressions is
limited by this restriction. Alternative specifications that include the entire sample for each
sub-experiment have similar point estimates and more statistical significance. These two re-
gressions for above median and below median cognitive ability had to be run separately in our
preferred specification because above median and below median lottery fixed effects differ. Alter-
native specifications that control for non-random apprentice interest less rigorously and include
treatment variables for both above median and below median cognitive ability apprentices have
qualitatively similar findings. Regressions include round fixed effects, lottery fixed effects, and
baseline values of the dependent variable where applicable, with errors clustered at the district
level.

Take-Up Log Profits Log Sales
(1) (2) (3) (4) (5) (6)
FE: FE: FE: FE: FE: FE:

Pooled By Round Pooled By Round Pooled By Round
T-above median 0.64∗∗∗ 0.13∗ 0.10

(0.10) (0.07) (0.06)
T-above median - Round 1 0.53∗∗∗ 0.11 0.08

(0.10) (0.08) (0.07)
T-above median - Round 2 0.74∗∗∗ 0.15∗ 0.13∗

(0.10) (0.08) (0.07)
Observations 762 762 723 723 729 729
Number of Firms 423 423 411 411 411 411
R squared 0.59 0.59 0.36 0.36 0.49 0.49
Lottery FEs YES YES YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Take-Up Log Profits Log Sales
(1) (2) (3) (4) (5) (6)
FE: FE: FE: FE: FE: FE:

Pooled By Round Pooled By Round Pooled By Round
T-below median 0.51∗∗∗ 0.02 0.00

(0.16) (0.09) (0.05)
T-below median - Round 1 0.49∗∗∗ -0.03 -0.04

(0.16) (0.11) (0.07)
T-below median - Round 2 0.54∗∗∗ 0.07 0.04

(0.16) (0.10) (0.06)
Observations 762 762 723 723 729 729
Number of Firms 423 423 411 411 411 411
R squared 0.57 0.57 0.33 0.34 0.48 0.49
Lottery FEs YES YES YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A7: Quality Treatment Effects - Math. The firm sample in these regressions
includes only firms that received apprentice interest from both above median cognitive abil-
ity apprentices and below median cognitive ability apprentices. Power in these regressions is
limited by this restriction. Alternative specifications that include the entire sample for each
sub-experiment have similar point estimates and more statistical significance. These two re-
gressions for above median and below median cognitive ability had to be run separately in our
preferred specification because above median and below median lottery fixed effects differ. Alter-
native specifications that control for non-random apprentice interest less rigorously and include
treatment variables for both above median and below median cognitive ability apprentices have
qualitatively similar findings. Regressions include round fixed effects, lottery fixed effects, and
baseline values of the dependent variable where applicable, with errors clustered at the district
level.

Take-Up Log Profits Log Sales
(1) (2) (3) (4) (5) (6)
FE: FE: FE: FE: FE: FE:

Pooled By Round Pooled By Round Pooled By Round
T-above median 0.50∗∗∗ 0.11 0.07

(0.10) (0.07) (0.06)
T-above median - Round 1 0.44∗∗∗ 0.04 -0.01

(0.11) (0.09) (0.08)
T-above median - Round 2 0.55∗∗∗ 0.16∗∗ 0.13∗∗

(0.10) (0.06) (0.05)
Observations 730 730 686 686 694 694
Number of Firms 404 404 393 393 393 393
R squared 0.55 0.55 0.33 0.33 0.42 0.43
Lottery FEs YES YES YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Take-Up Log Profits Log Sales
(1) (2) (3) (4) (5) (6)
FE: FE: FE: FE: FE: FE:

Pooled By Round Pooled By Round Pooled By Round
T-below median 0.31∗ 0.02 0.01

(0.18) (0.09) (0.05)
T-below median - Round 1 0.25 -0.06 -0.04

(0.17) (0.10) (0.05)
T-below median - Round 2 0.36∗ 0.09 0.06

(0.18) (0.09) (0.07)
Observations 730 730 686 686 694 694
Number of Firms 404 404 393 393 393 393
R squared 0.55 0.55 0.36 0.37 0.42 0.43
Lottery FEs YES YES YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A8: Quality Treatment Effects - English Vocabulary. The firm sample in these re-
gressions includes only firms that received apprentice interest from both above median cognitive
ability apprentices and below median cognitive ability apprentices. Power in these regressions
is limited by this restriction. Alternative specifications that include the entire sample for each
sub-experiment have similar point estimates and more statistical significance. These two re-
gressions for above median and below median cognitive ability had to be run separately in our
preferred specification because above median and below median lottery fixed effects differ. Alter-
native specifications that control for non-random apprentice interest less rigorously and include
treatment variables for both above median and below median cognitive ability apprentices have
qualitatively similar findings. Regressions include round fixed effects, lottery fixed effects, and
baseline values of the dependent variable where applicable, with errors clustered at the district
level.

Take-Up Log Profits Log Sales
(1) (2) (3) (4) (5) (6)
FE: FE: FE: FE: FE: FE:

Pooled By Round Pooled By Round Pooled By Round
T-above median 0.44∗∗∗ 0.09 0.02

(0.11) (0.06) (0.05)
T-above median - Round 1 0.37∗∗∗ 0.04 -0.05

(0.12) (0.07) (0.07)
T-above median - Round 2 0.50∗∗∗ 0.15∗∗ 0.09∗

(0.11) (0.06) (0.05)
Observations 801 801 758 758 763 763
Number of Firms 444 444 432 432 432 432
R squared 0.56 0.56 0.36 0.36 0.48 0.48
Lottery FEs YES YES YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Take-Up Log Profits Log Sales
(1) (2) (3) (4) (5) (6)
FE: FE: FE: FE: FE: FE:

Pooled By Round Pooled By Round Pooled By Round
T-below median 0.40∗∗∗ 0.01 0.08∗

(0.11) (0.07) (0.04)
T-below median - Round 1 0.34∗∗∗ -0.03 0.06

(0.12) (0.09) (0.05)
T-below median - Round 2 0.45∗∗∗ 0.05 0.09∗

(0.11) (0.07) (0.05)
Observations 801 801 758 758 763 763
Number of Firms 444 444 432 432 432 432
R squared 0.60 0.61 0.37 0.37 0.48 0.48
Lottery FEs YES YES YES YES YES YES

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A9: Apprentice Selection. These are the only regressions in
the paper at the worker level rather than the firm level. Here we look
at whether our sample shows any evidence of selecting on ability as we
posit in our model from the first application to the program through
to placement. The outcome variable is a binary for whether the person
completed all application procedures. Regressions include a control for
gender and errors clustered at the district level. The full sample is all
workers who submitted an initial application and those whose outcome
variable is one constitute our final placed worker sample.

Digits Ravens Math Vocab
Paid Effort Cost/“Sweat Equity”

Cognitive High 0.01 -0.07∗ -0.03 -0.00
(0.02) (0.04) (0.04) (0.03)

Cognitive High*Asset Low 0.01 0.09∗∗ 0.07 0.11∗∗

(0.04) (0.04) (0.06) (0.04)

Asset Low 0.05 0.02 0.04 0.01
(0.05) (0.04) (0.05) (0.05)

Constant 0.46∗∗∗ 0.49∗∗∗ 0.47∗∗∗ 0.46∗∗∗

(0.05) (0.05) (0.04) (0.05)

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A1: Instruction By Workers - hours last work day that apprentice received
Instruction from other workers. All specifications include district fixed effects, indus-
try/trade fixed effects, strata/probability fixed effects, and controls for worker gender and
round.

(1) (2) (3) (4) (5) (6)
Instr Hrs Instr Hrs Instr Hrs Instr Hrs Instr Hrs Instr Hrs

High Sales Firm 0.01
(0.08)

High Profits Firm 0.12
(0.08)

Non Family Worker 0.32∗∗∗

(0.10)

Firm Size Above 3 0.17∗∗

(0.08)

Owner Trained Before 0.13
(0.09)

Owner High Cognitive -0.15∗

(0.08)

Constant 0.84∗∗∗ 0.75∗∗∗ 0.52∗∗∗ 0.71∗∗∗ 0.75∗∗∗ 0.93∗∗∗

(0.12) (0.12) (0.14) (0.12) (0.13) (0.12)

Observations 1435 1435 1438 1440 1439 1440
Mean of Dep Variable 0.57 0.57 0.57 0.57 0.57 0.57

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A2: Instruction By Owner - hours last work day that apprentice received In-
struction from firm owner. All specifications include district fixed effects, industry/trade
fixed effects, strata/probability fixed effects, and controls for worker gender and round.

(1) (2) (3) (4) (5) (6)
Instr Hrs Instr Hrs Instr Hrs Instr Hrs Instr Hrs Instr Hrs

High Sales Firm -0.00
(0.11)

High Profits Firm -0.05
(0.12)

Non Family Worker -0.15
(0.15)

Firm Size Above 3 -0.05
(0.12)

Owner Trained Before -0.22
(0.13)

Owner High Cognitive -0.01
(0.12)

Constant 2.65∗∗∗ 2.67∗∗∗ 2.79∗∗∗ 2.71∗∗∗ 2.82∗∗∗ 2.66∗∗∗

(0.18) (0.18) (0.22) (0.19) (0.20) (0.18)

Observations 1435 1435 1438 1440 1439 1440
Mean of Dep Variable 1.90 1.90 1.90 1.90 1.90 1.90

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A3: Total Instruction - hours last work day that apprentice received In-
struction from firm owner or other workers. All specifications include district fixed
effects, industry/trade fixed effects, strata/probability fixed effects, and controls for worker
gender and round.

(1) (2) (3) (4) (5) (6)
Instr Hrs Instr Hrs Instr Hrs Instr Hrs Instr Hrs Instr Hrs

High Sales Firm 0.01
(0.14)

High Profits Firm 0.07
(0.15)

Non Family Worker 0.17
(0.19)

Firm Size Above 3 0.12
(0.15)

Owner Trained Before -0.08
(0.16)

Owner High Cognitive -0.16
(0.14)

Constant 3.50∗∗∗ 3.43∗∗∗ 3.31∗∗∗ 3.42∗∗∗ 3.57∗∗∗ 3.59∗∗∗

(0.22) (0.22) (0.27) (0.23) (0.25) (0.22)

Observations 1435 1435 1438 1440 1439 1440
Mean of Dep Variable 2.48 2.48 2.47 2.48 2.48 2.48

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A4: Apprentice Present on the Day of the Survey. All specifications
include district fixed effects, industry/trade fixed effects, strata/probability fixed
effects, and controls for worker gender and round.

(1) (2) (3) (4) (5) (6)
Present Present Present Present Present Present

High Sales Firm 0.08∗

(0.05)

High Profits Firm 0.01
(0.05)

Non Family Worker 0.07
(0.06)

Firm Size Above 3 0.00
(0.05)

Owner Trained Before 0.02
(0.06)

Owner High Cognitive 0.12∗∗

(0.05)

Constant 0.43∗∗∗ 0.47∗∗∗ 0.38∗∗∗ 0.46∗∗∗ 0.44∗∗∗ 0.40∗∗∗

(0.08) (0.08) (0.09) (0.08) (0.09) (0.08)
Observations 1437 1437 1440 1442 1441 1442
Mean of Dep Variable 0.60 0.60 0.60 0.60 0.60 0.60

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01


	Contents
	Are Small Firms Labor Constrained? Experimental Evidence from Ghana
	Introduction
	Setting
	Conceptual Framework
	Experimental Design
	Results
	Worker Ability
	Conclusion

	Firm Level Determinants of On-the-Job Training Quality in Ghana
	Introduction
	Context
	Experimental Design
	Results
	Conclusion

	Relative Advantage: The decentralized targeting of a government job training program
	Introduction
	Political and Administrative Background
	Program Details
	Results
	Conclusion

	Bibliography
	Chapter 1
	Chapter 2



