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Abstract

Labor idleness is pervasive in small firms in developing countries, yet its causes and con-
sequences remain poorly understood. Using a novel five-year panel of over 1,000 firms in
Uganda, we document that firms face substantial and hard-to-predict demand, that capital
and labor adjustment costs are large, and that labor utilization is low. Firms with more
uncertain demand exhibit lower utilization and invest less in on-the-job training. Guided by
these facts, we develop a model of firm input and training choices under demand uncertainty.
A key mechanism is that training is a fixed investment paid upfront, while workers are paid
piece-rates only when utilized, so higher demand uncertainty lowers expected utilization and
reduces the returns to training. We estimate the model, identifying key parameters via a field
experiment offering firms a wage subsidy to recruit and train an additional worker. Counter-
factual simulations show that reducing demand uncertainty raises hiring and training nearly
as much as lowering training costs directly, and that the effectiveness of typical development
policies to stimulate firm size, productivity and growth — such as capital grants, management
training, and market access interventions — all depend critically on the uncertainty of demand
firms face. Our findings highlight a novel demand-side mechanism limiting human capital
accumulation, firm size, and the effectiveness of firm-targeted policies in low-income settings.
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1 Introduction

Nothing is more anemic to economic growth than productive resources being left idle. Labor
idleness — the phenomenon of workers being present at the firm but not engaged in productive
work — is a pervasive feature of small firms in developing countries. A growing empirical literature
documents that utilization rates are strikingly low in Sub-Saharan Africa [Bassi et al. 2025, Walker
et al. 2025]. This stands in sharp contrast to firms operating in high-income countries, where
capacity utilization fluctuates over the business cycle but remains high on average [Burnside et al.
1993, Burnside and Eichenbaum 1996].

A foundational insight from the macroeconomics literature is that variable utilization of inputs
is a key margin of adjustment through which firms respond to shocks: firms hoard factors in
downturns, keeping workers and machines partially idle rather than incurring adjustment costs,
and then respond to positive shocks by intensifying input use [Greenwood et al. 1988, Burnside
and Eichenbaum 1996, Basu et al. 2006]. In settings where firms face large demand uncertainty
and costly input adjustment, input underutilization may arise as a second-best optimum where
firms hedge against uncertainty by keeping resources idle [Cooley et al. 1995, Fagnart et al. 1999,
Boehm and Pandalai-Nayar 2022, Amberg et al. 2026 |.

We build on this intuition to study the causes and consequences of labor utilization in small
and medium-sized firms in Uganda. We begin by documenting and formalizing a mechanism not
studied before in developing country contexts: demand uncertainty combined with adjustment
costs leads firms to keep resources idle. We provide direct evidence on this mechanism using
high-frequency data from a five-year panel of firms in Uganda.

We then go beyond documenting low labor utilization to trace out its downstream consequences,
both for on-the-job training and the effectiveness of typical development interventions to stimulate
firm growth. Across much of Sub Saharan Africa, on-the-job training is the primary way in which
individuals gain skills post-labor market entry, and it is key to the growth of firms and the economy
as a whole [Filmer and Fox 2014, ILO 2023, Alfonsi et al. 2020]. To do so, we develop and estimate
a model of firm input and on-the-job training choices under uncertainty. To identify the model we
exploit a field experiment in which firms were randomly offered wage subsidies to hire and train a
new worker. A key mechanism is that training is a fixed investment paid upfront, while workers
are paid piece-rates only when utilized, so higher demand uncertainty lowers expected utilization
and reduces the returns to training. Our counterfactuals show that reducing demand uncertainty
raises hiring and training by nearly as much as lowering training costs directly, and that capital
grants, improved market access, and management training are all substantially less effective when
demand uncertainty is high.

Our firm panel is based on a representative sample of 1,025 firms with between 1 and 15
employees (excluding the firm owner) operating in eight manufacturing and services sectors that

are central to employment generation in Uganda: motor-mechanics, electrical wiring, welding,



plumbing, construction, hairdressing, tailoring and catering. Our baseline sample covers such
enterprises in 15 urban areas in 2012, and then firms were tracked near annually over four follow-
ups until 2017.

We collected survey data enabling us to measure and link demand uncertainty, adjustment
costs, labor utilization, and firm-sponsored training. We gathered high-frequency information on
both realized sales and firm owners’ expectations over the distribution of future sales, which we use
to construct measures of actual and expected demand volatility. We collected rosters of machines
and workers in each firm, to examine how quickly inputs adjust in response to demand shocks.
Importantly, we construct a measure of labor utilization using time-on-tasks data. More precisely,
for each worker we collected information on a typical product they work on, the time required
to complete that product, and the piece-rate payment received for their work on the product.
Dividing total monthly earnings by the per-product piece-rate yields an estimate of the number of
products completed per month. Multiplying this by the average time spent per product allows us
to compute the number of hours effectively worked per month: our key measure of labor utilization.
Finally, we collect detailed information on the on-the-job training received by employees.

The firm panel was collected as part of a field experiment where firms were offered various
labor market interventions. Some of these treatments were analyzed in previous work [Alfonsi et
al. 2020, Bandiera et al. 2025, Alfonsi et al. 2026]. For this paper, we exploit an additional
treatment arm in the original design, where firms were randomly offered a six-month wage subsidy
to hire and train a new worker of their choice. We use this experimental variation to identify and
validate the returns to training in our model of firm behavior.

We begin the analysis by establishing novel stylized facts on the demand uncertainty faced by
firms, input adjustment costs, and their implications for labor utilization and training provision.

First, we document that firms face substantial variability in both actual and expected demand
— either measured by revenues or customer numbers. Running fixed effects regressions on realized
monthly revenues, the majority of variability in revenues cannot be explained by firm, sector x
time or location x time fixed effects. Our evidence points to demand being not only highly
variable but also idiosyncratic and difficult for firms to predict. In contrast, capital and labor
inputs display lower and more predictable variability.

Second, we show that adjustment costs in both capital and labor are substantial. More pre-
cisely, we exploit our asset and worker rosters to conduct event studies showing firms adjust inputs
slowly over time following the hiring or firing of a worker. In addition, we show that in response
to demand shocks (proxied by instrumenting revenues with by the mean revenues of other firms in
the same location) firms do not adjust capital or labor inputs, and instead adjust rates at which
existing labor is utilized within the firm.

Third, we show that labor idleness is pervasive. While the average worker spends 269 hours per

1Our survey shows that rental markets are not well developed in our sectors of interest, in contrast with the
findings of Bassi et al. [2022] for the carpentry sector in the same context.



month at their firm, only 84 of these hours are spent engaged in production, implying a utilization
rate in production of 30% for the average firm. Allowing for a utilization rate in non-production
tasks of 20% [Bassi et al. 2025] brings the estimated overall utilization rate to about 50%, a figure
in line with Walker et al. [2025] for micro-enterprises in Kenya.

Fourth, training is an essential way in which firms access skilled workers, and training costs
are substantial. Half of the employees in our data have received on-the-job training at their
current employer. Training takes about nine months and is usually conducted by the firm owner:
conditional on having trainees, the average owner spends over 100 hours per month training
workers, implying large time costs associated with training provision.

Finally, we bring the analysis together to study the interplay between demand uncertainty,
labor utilization and training. Consistent with the mechanism proposed, we find that firms with
more variable demand have lower utilization and invest less time training workers. In short, when
faced with demand uncertainty, firms keep resources idle, lowering the expected returns to paying
the fixed costs of hiring and training workers, thereby reducing investment in training.

Building on these stylized facts and relationships, we develop a two-period model that links the
causes of utilization — demand uncertainty and input adjustment costs — to its consequences for
underinvestment in labor inputs, and in particular training. The model is in partial equilibrium,
and features monopolistically competitive firms making input choices under uncertainty. The
model incorporates standard mechanisms that limit on-the-job training — high training costs and
the possibility of workers leaving the firm after being trained — along with the novel utilization
channel. In the first period of the model, before the realization of an idiosyncratic demand shock,
firms set prices and choose capacity by investing in capital, hiring workers, and deciding how
much training to provide. In the second period, the demand shock is realized and firms adjust
utilization, choosing how intensively to deploy existing inputs, but cannot adjust capital stocks,
total employment (firm size), or training due to the presence of adjustment costs.

A key feature of the environment is that capital and training investments are fixed and paid
up-front, while workers are compensated on a piece-rate per unit of output and are therefore paid
only when utilized. As a result, higher demand uncertainty reduces expected utilization and lowers
the returns to fixed training investments. This creates a novel demand-side channel through which
uncertainty discourages firms from investing in workers’ skills.

We estimate the model using simulated method of moments. We target cross-sectional mo-
ments from the baseline and control firm data, exploiting our detailed measures of labor utilization
and firm-provided training to identify demand uncertainty and training costs. We use experimen-
tal variation from the wage subsidy intervention to identify the returns to training and workers’
labor supply responses. To validate the framework, we simulate the wage subsidy intervention in
the estimated model and compare the implied treatment effects to those observed in the data. The
simulated impacts on employment, training, utilization, and revenues closely track the experimen-

tal estimates, providing additional support for the model’s ability to capture the key mechanisms
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linking demand uncertainty, utilization, and investment in training.

We then use the model to conduct three sets of counterfactuals.

First, we run a horse race between demand uncertainty and three other frictions commonly
proposed as drivers of low levels of on-the-job training in low-income countries: training costs, high
turnover, and low average levels of demand. To do so, we change the parameters corresponding
to these different frictions so as to achieve a 10% increase in sales, and study the corresponding
impacts on firm choices of labor input and training. The key result is that reducing demand
uncertainty yields an increase in trained workers that is almost as large as that achieved by
reducing training costs or separations — typical channels that the earlier literature has focused
on.?

Second, we show that demand uncertainty shapes the returns to typical policies aimed at fos-
tering firm size, productivity and growth. We simulate the effects of capital grants (reductions in
the cost of capital), improved market access (an increase in the level of demand) or management
training (an increase in firm TFP if we think of management as a technology [Bloom et al. 2017])
across environments with different levels of demand uncertainty, and show that all these policies
yield significantly higher returns for firms when demand uncertainty is lower, with labor utilization
being an important mediating factor. This strong complementarity between demand stability and
policy effectiveness suggests the returns to conventional firm-targeted interventions are substan-
tially mediated by the demand environment in which they are implemented — a dimension largely
overlooked in the earlier literature.

The final set of counterfactual exercises come full circle to consider the origins of demand
uncertainty — and policies that could feasibly reduce it. We take as our starting point descriptive
evidence from our setting that uncertainty is negatively correlated with the number of customers,
for example. We use this to consider a counterfactual in which firms could share customers
with each other to smooth demand shocks. Such within-sector-location aggregation could be
implemented through centralized platforms where customers place orders and these are reallocated
across firms based on available capacity [Bergquist et al. 2025]. Such arrangements allow firms
to effectively share demand while maintaining decentralized production. To quantify the scope
for such sharing, we compare the coefficient of variation of revenues at the firm level to that of
aggregate sales within sector-location clusters. We show that such demand aggregation leads to a
substantial decline in demand uncertainty, consistent with the earlier evidence indicating a large
share of firm-level demand fluctuations reflect idiosyncratic shocks.

We then use the model to conduct a counterfactual in which each firm faces the level of demand
uncertainty implied by sharing customers in the cluster, while holding constant the mean level of

demand and all other parameters. We document this leads to large increases in firm outcomes:

2In a similar vein, we show that the effectiveness of wage subsidies to hire and train new workers depend on
the level of demand uncertainty. There is a strong complementarity: wage subsidy interventions are more effective
when demand is more stable.



firm size increases by 71%, while capital, effective labor, and profits increase by more than 80%. As
in most low-income settings, the fundamental friction that limits such demand sharing practices
being used is contractual. Reallocating customers across firms requires agreements over quality,
compensation, and future customer relationships, which may be difficult to monitor and enforce
in settings characterized by high levels of informality and weak institutions. As a result, we
quantify the extent to which demand remains fragmented across many small firms, each exposed
to substantial idiosyncratic risk — and the consequent impacts on the provision of training and
firm outcomes.

Our work contributes to three strands of the literature. First, we contribute to the litera-
ture on capacity utilization and its macroeconomic implications. Walker et al. [2025] establish
that slack is pervasive in low-income economies and has large aggregate consequences for fiscal
multipliers and aggregate supply elasticity. We complement their analysis by identifying demand
volatility and adjustment costs — distinct from input indivisibilities — as an additional source of
underutilization, and by studying its consequences for firm-level investment, firm size and human
capital accumulation.

The macro literature on utilization and shock propagation [Greenwood et al. 1988, Burnside
and Eichenbaum 1996, Basu et al. 2006] provides the theoretical foundations for our firm-level
framework: the same logic that makes utilization a key margin of aggregate adjustment in rich-
country business cycle models operates at the firm level in our setting, but with much larger
steady-state slack and qualitatively different consequences. Closest to our paper are two stud-
ies examining the relationship between demand uncertainty and utilization in developed-country
contexts. Butters [2020] uses data on hotels and airlines to show that demand volatility and adjust-
ment costs generate optimal underutilization and bias standard productivity measures. Amberg
et al. [2026] use quarterly survey data on Swedish manufacturing firms to show that firm-level
demand uncertainty lowers expected capacity utilization, with a larger effect among high-markup
firms, consistent with a newsvendor model of optimal capacity choice. We complement and ex-
tend this work in two main ways. First, we study a low-income setting where utilization rates are
markedly lower and adjustment costs likely more binding. Second, we trace the consequences of
labor slack for on-the-job training investment and for the effectiveness of canonical firm-targeted
development policies. In doing so, we also contribute to the broader literature on uncertainty
and firm investment [Bloom 2009, Bloom et al. 2018] by identifying a distinct utilization-based
channel operating in developing-country firms.

Second, we contribute to the literature on policies to improve firm performance and stimulate
SME growth in low-income countries. A large experimental literature has evaluated capital grants
[De Mel et al. 2008, Blattman et al. 2014, De Mel et al. 2019], management training [Bloom
et al. 2013, Bloom et al. 2014, McKenzie and Woodruff 2014, 2017], wage or training subsidies
[De Mel et al. 2019, Alfonsi et al. 2020, Hardy and McCasland 2023, Brown et al 2024], and
market access interventions [Atkin et al. 2017, Ali et al. 2025], often finding that impacts are



positive but modest, and sometimes short-lived. We contribute by documenting a new mechanism
that can limit the effectiveness of such interventions: when firms face high demand uncertainty
they optimally keep resources underutilized, which reduces the returns to any intervention that
increases input availability or quality.

Third, we contribute to the literature on the determinants of firm-sponsored training and, more
broadly, human capital accumulation on the job in low-income countries [Acemoglu and Pischke
1998, 1999, Lagakos et al. 2018, Caicedo et al. 2022, Ma et al. 2024, Cefala et al., 2025a, 2025b).
This literature has emphasized training costs, worker turnover, and poaching externalities as the
primary frictions limiting on-the-job training. We identify a novel demand-side channel: demand
uncertainty reduces expected utilization and therefore lowers the returns to the fixed costs of
training, providing a new explanation for why firm-sponsored training is so limited in developing
countries and why it responds so little to conventional supply-side interventions. As on-the-job
training is partially transferable across firms [Alfonsi et al. 2020], the reduced incentives to invest
in training due to demand uncertainty have implications that extend well beyond the training firm
and can ripple through the labor market.

The paper is organized as follows. Section 2 describes our firm data and the key measurements
enabling us to study the causes and consequences of labor utilization. Section 3 establishes stylized
facts on the interplay between demand uncertainty, input adjustment costs, labor utilization and
firm-provided training. In Section 4 we develop a model of firm input choices that reflects the key
stylized facts established and uses this to draw implications for firm-sponsored training of workers
and firm outcomes. Section 5 estimates the model, and uses the experiment to validate it. Section
6 presents counterfactual analysis to assess the importance of demand uncertainty for training,
the overall effectiveness of firm-targeted interventions in low-income countries, and considers the
impacts of policies aiming to reduce demand uncertainty. Section 7 concludes. Additional data

description and proofs are in the Appendix.

2 Data and Descriptives

2.1 Sample

Our data was collected as part of a two-sided labor market field experiment studying firms and
workers in Uganda [Alfonsi et al. 2020]. We drew our sample in 2012, from a census of firms oper-
ating in 15 urban labor markets across Uganda and selecting those: (i) having between one and 15
employees (plus an owner); (ii) operating in one of eight sectors, covering both manufacturing and
service sectors: motor-mechanics, electrical wiring, welding, plumbing, construction, hairdressing,
tailoring and catering. The first restriction excludes micro-entrepreneurs and ensures we focus on
small and medium sized firms that have meaningful choices to make over capital and labor inputs.

The second restriction ensures we cover the near universe of firms in the same sector-city location



— what we refer to as a cluster of firms. This is valuable in some of the later counterfactual
analysis when we explore mechanisms to reduce the demand uncertainty faced by firms.

Our baseline sample comprises 1,025 firms, with the average firm size being three (plus a firm
owner). These firms offer good jobs: earnings are higher in these sectors than many others in
Uganda, and they collectively employ about 30% of individuals aged 20-30 working outside of
agriculture. These firms are thus central to employment generation and the provision of human

capital to workers post-labor market entry.

Timeline and Attrition Panel A of Figure A1l shows the study timeline. The baseline survey
took place between December 2012 and June 2013. Firms were tracked annually over four follow-
ups until between March and July 2017. We consider firms to have attrited if they cannot be
found by enumerator teams or are known to have shut down. By the fourth follow-up, 32% of
firms interviewed at baseline had attrited. This is in line with an annual death rate of 8.2%
documented by McKenzie and Paffhausen [2019] for similar SMEs across 12 developing countries.
Table A1 shows correlates of attrition at each follow-up: less profitable, smaller and younger firms

are more likely to attrit. Owner characteristics do not predict attrition.

2.2 Data

Four features of our data allow us to study the interplay between labor utilization, demand un-
certainty, adjustment costs, and firm-provided training. Panel B of Figure A1 details the timing
of data collection related to these features.

First, at the worker level, we record the number of hours each spends on production tasks at
the firm through a time-on-task approach. We use this to construct a measure of labor utilization:
the number of hours an employee spends on production tasks divided by the number of hours she
spends at the firm premises.

Second, at the firm level, we collect high-frequency data on outcomes and inputs. We record
profits and revenues for each of three months preceding every survey wave. We combine this
with firm owners’ expectations of profits and revenues, to provide evidence of (perceived) demand
uncertainty within the firm over time.

Third, we collect information to construct monthly rosters of assets and employees in each firm.
For the asset rosters, we asked owners about the quantity and unit price of pre-specified, sector-
specific assets/machines. We record information on all assets firms have access to, regardless
of whether they owned, rented, or borrowed the asset. Figure A2 illustrates the asset roster
module in four of our study sectors. For the worker rosters, we collected data on each employee’s
demographics, recruitment process, productivity, hours and earnings. To build a monthly firm
panel of assets and employees, in each follow-up survey, we asked owners whether the firm still

employed the assets/employees listed in the previous survey, and recorded information on asset



sales/purchases and worker hires/layoffs. This enables us to document input changes over time,
and examine whether firms adjust input choices in response to short-term changes in demand. We
use this to document the importance of adjustment costs for firms.

Finally, for each worker, we collect detailed information on firm-provided training, including
the length of training on-the-job, the monetary cost of training and materials/tools used during
training, and who provided the training (the firm owner or other employees). We use this to
evidence the costliness of firm-provided training, and how the provision of on-the-job training

responds to demand uncertainty.

2.3 Experimental Design

Our data was collected as part of a two-sided field experiment studying urban labor markets in
Uganda implemented in partnership with the NGO BRAC. Firms in the study were randomly
assigned to either: (i) be matched with vocationally trained or untrained workers, (ii) be given
a wage subsidy to hire and train a new worker, or (iii) be held as controls. As indicated on
the study timeline in Figure A1, the interventions took place just after the baseline firm survey
was completed, between July 2013 and February 2014. For the wage subsidy intervention, 256
firms were randomly chosen to be offered a wage subsidy of UGX120,000 ($50) per month to
hire and train a new worker of their choice. This subsidy corresponds to the 75th percentile of
the distribution of monthly earnings for unskilled workers, and owners and workers were free to
negotiate how to split the subsidy. The subsidy lasted for six months from the time the new
employee was hired, conditional on the worker being employed and present on a regular basis
(as verified by randomly timed monthly spot checks). The contract between BRAC and firm
owners who took up the subsidy specified firms were obliged to train workers, it did not specify a
curriculum to follow. This ensures firms provide typical kinds of training to new hires.

Our earlier work using data from this project has focused on the worker side of the experiment
to study the impacts of vocational training and matching interventions [Alfonsi et al. 2020,
Bandiera et al. 2025, Alfonsi et al. 2026]. In this paper, we exploit the firm-side data and the
wage subsidy intervention to target key empirical moments and validate the model developed that

links labor utilization, demand uncertainty, adjustment costs, and firm-provided training.

2.4 Context

Firms Table 1 describes our firms at baseline. Panel A focuses on firm characteristics: firms are
six years old and therefore closer to their steady state rather than in a start-up phase. Average
monthly profits are $218, enabling them to partially self-finance inputs and employee training.
Firms are split across manufacturing and service sectors. Panel B focuses on firm owners — they

are aged 34, and are evenly split by gender, in part because some service sectors in our sample



are female-dominated. On average firm owners report spending 267 hours at the firm each month.
Table A2 presents more information on owners’ time use. Panel A shows: (i) 85% of owners
report being at the premises every day; (ii) they spend just under 11 hours working on site in a
typical day. Panel B details how they spend their time: they allocate time to training, assisting
or searching for workers, or searching for machines and loans. Although we did not directly elicit
information on finding customers, the typical scenario in our study context is one in which firm
owners (not workers) are responsible for finding customers.

Panel C describes capital and labor inputs. The average value of the capital stock accessible
to firms is $1256, five times the value of monthly profits and implying a capital stock per worker
of over $400.3

Panel D provides information on the ties firms have to other firms. Such network ties are
defined as firms with whom owners report regularly interacting with or sharing resources with —
such as inputs, information, credit, or advice. These networks can help firms cope with demand
uncertainty, for example through sharing customer orders. Networks are widespread: 79% of firms
report at least one network connection, and are on average tied to one other firm. However,
only 37% of these ties are purely professional, while the remainder involve ties through family
or friends of the owner. Conditional on having a network, machines and credit are the most
commonly shared resources (23% and 20% of firms, respectively), whereas only 9% and 10% of
firms share workers or information about demand. This information on network ties among all
firms in the same sector-city location cluster is valuable in the later counterfactual analysis when

we explore mechanisms to reduce the demand uncertainty faced by firms.*

Workers Table 2 uses worker rosters to describe employees at firms. We do so for control firms
at first follow-up in order to present data on training that is not impacted by our experimental
intervention. Panel A shows that nearly all employees are full-time. The modal payment scheme
is for workers to be paid a piece-rate per unit of output (not per hour at work), with 49% of
workers being solely paid according to piece rates and 67% having compensation schemes that
include some fixed payment or payment-in-kind.

Panel B details tenure and hours. Workers enjoy long tenure within firms — 19 months on
average across our study sectors. This highlights these are long-term and meaningful employment
relationships. Workers spend 11 hours at the firm premises each day, for 25 days a month, so spend
280 hours at the firm premises each month, closely matching the 291 hours owners report spending

at the firm premises. This emphasizes workers have limited time to work for other employers.

3To demonstrate the representative of our sample, Table A3 compares our firms to those in the 2010 Global
Entrepreneurship Monitor (GEM) Survey for Uganda from 2010. The two samples are balanced on most of the
comparable characteristics of owners and firms, although our sample is likely to be slightly positively selected given
they had to have at least one employee to be sampled.

4The limited sharing of productive assets across firms contrasts with evidence from Bassi et al. [2022], who
document a large rental market among carpentry firms in Uganda — a sector not included in our study.
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Training As in most labor markets across sub-Saharan Africa, there are two main ways in which
workers acquire human capital post labor market entry: through attending a formal vocational
training institute, or being trained on-the-job. Panel C shows 50% of workers employed by firms
in our sample have received on-the-job training, while 27% have received some form of vocational
training from a vocational training institute before joining the firm. Hence, in this setting, firm-
provided training is key to human capital accumulation post labor market entry. Moreover, these
skills are not entirely firm-specific but transferable across firms: 63% of firm owners report that
the on-the-job training they provide is useful both in this firm as well as in other firms. This
emphasizes the provision of training is key to the wider post-labor market entry accumulation of
human capital in the economy as a whole.

Panel D highlights the time costs of training: on-the-job training lasts almost ten months on
average. Training is nearly always delivered by firm owners (sometimes in combination with co-
workers). Firm owners spend around 113 hours on training — so around 40% of their time at the
firm premises. Firm owners therefore face an opportunity cost of time from training employees.
Panel E evidences the monetary costs of training and who pays these costs: the majority of trainees
are unpaid, 29% of trainees pay owners for their training, and 20% of trainees are paid. There are
also training costs related to the purchase of tools or materials for trainees: Panel F shows these
are relevant in over 80% of trainings, and paid for by owners 56% of the time.

All this evidence points to on-the-job training constituting a large fixed investment by firms
into their employees. Central to our analysis is the link between the ex ante incentives to train
workers to the rate at which workers are expected to be utilized in the firm.

Table 3 digs deeper on the nature of firm-provided training, splitting workers into those that
have and have not been trained within the firm. Those with firm-training have longer tenure
(p = .000), and higher earnings (p = .000). We have previously documented the high returns
to on-the-job training in these sectors [Alfonsi et al. 2020]. This earnings premium is not due
to trained workers working more hours (p = .486). Rather, as Panel B shows, they are more
productive: owners assess firm-trained workers to be more productive than untrained workers,
and more likely to be able to perform a typical sector-specific task. That this is due to them being
trained in the firm is underlined by the fact that when they were originally hired, firm owners
perceived these workers to have lower productivity and be less able to conduct a spector-specific
task than other workers.

Taken together, this evidence indicates workers require firm-provided skills to be productive.
Training enables workers to perform more complex tasks rather than simply becoming faster
at basic ones. Consistent with this, Panel C shows that trained workers spend significantly more
time producing the typical product/service they undertake, relative to the time spent by untrained
workers on their typical product/service. As a result, they produce far fewer items than untrained
workers each month (because they work the same number of total hours). The products/services

that firm-trained workers produce are higher valued items than those produced by non-trained
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workers, as reflected by the higher prices and value of materials used to produce them.

3 Stylized Facts

We establish novel stylized facts related to labor utilization, demand volatility, adjustment costs,
and firm-provided training. Our objective is to make precise important features of our setting and
use these to develop a framework to understand the causes and consequences of labor utilization

for the provision of on-the-job training and firm outcomes.

3.1 Labor Utilization

We first document labor utilization across firms. We implement a time-on-task measurement
approach. To do so, we exploit the worker rosters to define the labor utilization of worker 7

employed at firm j in the last month as:

number of hours spent by 7 engaged in production tasks at firm j

Labor utilization;; = number of hours spent by ¢ at firm j premises (1)
The numerator is constructed using information on: (i) the piece-rate the worker received to
complete a pre-identified sector-specific product/service; (ii) the time it typically takes them to
complete that sector-specific product/service; (iii) the workers’ total monthly earnings in the
month prior to the survey. We calculate the number of products/services the worker completed
in the previous month by dividing total earnings by the piece-rate. We then derive the number of
monthly hours spent in production as the number of products/services the worker produced times
the typical product/service-specific time taken by them to complete the task. We thus measure
labor utilization for workers that: (i) are paid a piece rate, and, (ii) engage in the pre-identified
sector-specific product/service. This information is consistently available from the second follow-
up onwards. The denominator is constructed using information on: (i) the number of hours the
worker usually spends on the firm premises per day, (ii) the number of days the worker spends on

the premises per week. The total number of hours spent on the premises in a given month is then

calculated as the product of these two values, multiplied by four.?

SFor each worker paid piece-rates (67% of workers), we ask them to identify the sector-specific product or
service the worker performs most often. We then asked the following questions regarding the product or service
identified by the worker: (i) How much time (in minutes) would <name> normally take right now to complete
his/her work on this product/service alone to a standard of quality considered satisfactory by the average customer
of this business?; (ii) How much of the price charged to customers for this product/service does <name> normally
recetve? The implicit assumption behind the construction of the labor utilization measure is that the piece-rate
on other tasks is proportional to the amount of time the worker spends on those other tasks. We can also construct
the labor utilization measure at first follow-up but with slightly more imprecision. Specifically, at first follow-up,
we pre-specified a task when we asked firms about the time it would take a worker to complete it, but not when
asking about the piece-rate paid to workers for the task. This implies that the tasks to which these two questions
refer might be different. Starting from the second follow-up, we asked both questions about the same task.
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For control firms, Panel A of Figure 1 plots the distributions of the number of hours that
workers spend engaged in production tasks in the month prior to baseline (light blue), and the
hours spent at the firm premises over the same month (dark blue). Panel B then shows the
distribution of the labor utilization rate. The underutilization or idleness of labor is pervasive:
while the average worker spends 269 hours per month at their firm, only 84 of these hours are
spent engaged in production, a labor utilization rate of 31%. The distribution is right skewed:
only 1% of workers have a utilization rate above .9, and 22% have utilization rates below .1.

Figure A3 plots labor utilization rates for workers by sector, demonstrating the phenomena is
not driven by specific sectors: labor utilization rates vary from .16 in plumbing to .57 in catering.
Two points are of note. First, there is substantial variation in utilization rates across workers
in the same sector, who conduct similar tasks — emphasizing the idiosyncratic nature of labor
utilization. Second, the highest utilization rates are in catering — where 5% of workers actually
have a utilization rate of one. This aligns with an intuition driving our analysis, that firms facing

lower demand uncertainty optimally utilize workers at a higher rate.®

Interpretation and Validation Four points are of note. First, our time-on-task approach
focuses respondents on a single concrete task and its associated piece-rate and time, eliciting
information workers know precisely from their daily work. An obvious drawback, however, is
that the approach does not capture time spent on non-production tasks, such as interacting with
customers or procuring inputs. Using data from the same setting and similar sectors, Bassi et al.
[2025] document that employees spend 20% of their time on such non-production tasks. Assuming
such tasks are conducted to the same extent in our study sectors, the average labor utilization rate
rises to 51%. This would be in line with the level of utilization documented by: (i) the Uganda
Manufacturing Association and the Uganda Small Scale Industry Association [UMA 2023], which
finds an average utilization rate of 54% in a random sample of 205 manufacturing firms; (i) Walker
et al. [2025] in micro-enterprises in Kenya.”

Second, given our measure of labor utilization is constructed at the worker level, we can

examine how individual characteristics correlate to utilization rates. These results are in Table

6Table A4 details the firms and workers among controls that our measure of labor utilization can be constructed
for. Column 1 considers characteristics of firms in which the labor utilization measure can be constructed for at
least one worker, conditional on sector. We can construct our labor utilization measure for 60% of firm-survey
observations. As expected, firms with more unskilled workers are less likely to be used to construct this outcome,
because unskilled workers are less likely to be paid piece rates. The next two Columns repeat the analysis based on
worker characteristics. Column 2 shows that we are can measure labor utilization for 48% of workers, and are more
likely to do so for skilled or higher productivity workers. Column 3 shows this conclusion is unchanged conditional
on firm fixed effects.

"However, our measure of the time workers spend on production tasks is substantially lower than the 60%
reported by Bassi et al. [2025] for the carpentry sector. To reconcile this difference, we note that our sample
includes firms across eight sectors spanning both manufacturing and service activities. On average, our data shows
that utilization rates are almost 8 percentage points higher in manufacturing than service sectors. In addition,
UMA [2023] shows that furniture, which is the focus of Bassi et al. [2025] and is not part of our study, is the
manufacturing sector with the highest utilization rate (89%) among the 19 sectors from which they collect data.
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A4. In Column 4 we control for worker characteristics, and fixed effects for survey waves, location
and sector. Worker characteristics are not predictive of utilization rates — the only statistically
significant predictor is tenure within the firm, but the magnitude of the partial correlation is small.
In Column 5 we control for survey wave and firm fixed effects to narrow in on within-firm variation
in labor utilization: we see a very similar pattern of results. Specifically we do not see that within
a firm, skilled, more educated or longer tenure workers have higher utilization rates. Nor do we
find evidence of family members employed by firm owners being utilized less. This suggests the
idleness of labor does not reflect using the offer of work as a form of redistribution whereby family
members are employed but left unused [Macchi and Stalder 2024, Swanson 2025].

Third, we find limited evidence that when not utilized, workers spend time at other firms. As
described earlier, only 9% of firms report sharing workers with other firms, and 95% of workers
are employed full-time. The fact that workers remain idle rather than re-employed in other firms
is natural given the sporadic flow of customer arrivals within a day, implying workers could be
called upon at unpredictable times. In contrast, we saw earlier that firm owners report little idle
time at work (Table A2).

3.2 Demand Uncertainty

If firms are unable to easily adjust inputs in response to demand shocks, underutilization or
idleness may arise as a second best optimum [Cooley et al. 1995, Fagnart et al. 1999, Boehm and
Pandalai-Nayar 2022]. To gauge the demand uncertainty firms face, we exploit the fact that at first
follow-up, we asked owners’ their expectations about future revenues and customer numbers. Panel
A of Table 4 describes these expectations of revenues for the next six months, and expectations of
customer numbers in the next week. We ask: (i) the minimum expectation for each outcome; (ii)
the mazimum expectation for each outcome; (iii) the number of months they expect the outcome
to be above the midpoint of (i) and (ii). Assuming a triangular distribution of expectations, we
then calculate the expected number, standard deviation and coefficient of variation of expectations
for each outcome.

Owners face uncertainty along both margins of revenue and customer numbers. On revenue
over the next six months, the lowest expectation is 30% of the highest, with a coefficient of variation
of .24. On customer numbers over the next week, the lowest expectation is 33% of the highest.
Panel B shows that these figures closely match the variation in realized sales firms experience in
the three months prior to the survey.®

While this evidence is consistent with owners facing considerable demand uncertainty, part
of the variation could be driven by predictable trends that firms are able to anticipate, such as

seasonality. To isolate the residual uncertainty, we exploit our panel to regress actual monthly

8This degree of uncertainty is not specific to our setting: Walker et al. [2025] find that among Kenyan micro-
enterprises, sales in their worst week are 37% of those in their best week.
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revenues on location-by-month, sector-by-month, and firm fixed effects. Figure 2 shows the share
of the variance of firm monthly revenues that is explained by each of these fixed effects. First, we
normalize the total variance to 1 (gray bar). Second, we regress revenues on a specific set of fixed
effects and plot the remaining variance (net of these fixed effects) as a share of the initial variance.
This indicates how much of the variance is unexplained by various fixed effects.

The first set of bars show that location-by-month and sector by-month-fixed effects — which
might capture location- and sector-specific seasonality — only explain 15% and 32% of the variance
in revenues respectively. Firm fixed effects play a large role, explaining 52% of the total variance.
However, after including all fixed effects in the same regression, 42% of the total variance remains
unexplained, suggesting firms face substantial idiosyncratic demand uncertainty.

The second and third sets of bars in the same figure present analogous results for realized capital
and labor inputs. For the value of the capital stock, the vast majority of variation is explained by
time-invariant heterogeneity across firms (97%) and less than 3% remains unexplained. Similarly,
variation in employee numbers is largely explained by time-invariant heterogeneity across firms
(71%), and only 25% of the variation remains unexplained.

Taken together this evidence underpins the notion that demand is a key source of uncertainty
for firms. It also suggests inputs are more stable and predictable than demand, consistent with

the presence of input adjustment costs as we probe in the next section.

3.2.1 Origins of Demand Uncertainty

To shed light on potential drivers of demand uncertainty, we examine correlates of the coefficient
of variation of firms’ monthly revenues. We do so in two ways: Panel A of Figure 3 exploits
variation across firms in a given survey wave, while Panel B uses variation within firms over time.
We focus on three sets of correlates: (i) firm and owner characteristics, (ii) characteristics of firms’
business networks; (iii) perceived constraints on the firm.

Focusing first on the variation across firms in Panel A, firm size and the number of customers
emerge as key predictors of demand uncertainty. A 10% increase in firm size and in the number
of customers is associated with a reduction in the coefficient of variation of monthly sales of .002
and .004, respectively (.65% and 1.3% of the mean). The negative relationship with firm size may
reflect the inability of smaller firms to access large-scale customers (e.g. through procurement
or export markets), which typically provides smoother, more predictable demand over time. In
addition, firms with a limited customer base are likely to be more exposed to idiosyncratic shocks
affecting individual customers, such as shocks to household income, health or mobility. This
may be particularly important in our setting, where 40% of customers are drawn from the same
neighborhood and 83% from the same city, making firms vulnerable to correlated local shocks
across households.

Managerial ability of owners is also negatively correlated with demand volatility: more skilled
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owners can be more effective at forecasting and planning for demand fluctuations, as well as
acquiring and retaining customers.”

Firms operating in Kampala, relative to other urban areas, experience less volatility, likely
reflecting higher and more stable foot traffic. Firms that report borrowing do not experience
lower volatility, suggesting access to credit is not a key driver and may partly reflect reverse
causality — if firms facing more uncertain demand are more likely to borrow.

Turning to business networks, the number of network links is uncorrelated with uncertainty.
However, breaking these into personal and professional ties we see that only the latter appear
to smooth revenues, perhaps because shocks are less correlated between business-ties than within
family-tied firms. Among network ties, worker sharing is most strongly associated with lower
uncertainty, followed by sharing information about demand — although as reported in Table 2,
these practices are not very common. In contrast, access to machines or credit through the network
do not lower uncertainty.!°

Finally, firms that report greater difficulty in finding customers exhibit higher demand uncer-
tainty, in line with the results on customer numbers. Constraints related to upstream suppliers
and managerial constraints are uncorrelated with uncertainty.

Panel B repeats the analysis within firms over time. As such, covariates that do not have
variation over time become less precisely estimated. It remains the case that firms with higher
customer numbers, a greater share of firm links that are professional ties, and where owners report
sharing information about demand with their network, exhibit lower revenue volatility.

Overall, over and above household shocks to customer incomes or mobility, these findings point
to limited access to customers and incomplete risk-sharing through networks as potentially key
origins of demand uncertainty among the kinds of small and medium sized firms we study. We
come back to consider these ideas later in the analysis when we examine feasible counterfactual

policies that might enable firms to reduce the demand uncertainty they face.

3.3 Adjustment Costs

For demand uncertainty to lead to lower labor utilization, it must be costly for firms to adjust

inputs in response to demand shocks. We provide evidence of the nature of adjustment costs.

9Managerial ability is measured using an index of managerial practices constructed from a battery of questions
on record keeping, marketing, stock control, business performance review, and financial planning.

10The negative coeflicients on worker sharing and demand-information sharing in Figure 3 are notable because
reverse causality would push these relationships in the opposite direction. For example, if firms borrow workers
to absorb realized demand fluctuations, this would generate a positive correlation between demand volatility and
worker sharing. The observed negative correlations are therefore conservative, and suggest that network interactions
actively reduce the demand uncertainty firms face in the first place.
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3.3.1 Sources of Adjustment Cost

Capital To understand firm’s ability to adjust capital, it is useful to consider the kinds of
machine used in our study sectors. Panel A of Figure 4 shows the distribution of machine costs
across firms. To compare across sectors, we normalize machine costs by sectoral averages. The
value of most machines lies within a standard deviation of the sectoral average. An asset like lift
jacks are a relatively low unit cost machine in the motor mechanics sector; a designing machine is
a relatively high unit cost machine in the welding sector.

Panel B details characteristics by quartile of normalized machine costs: (i) while many firms
own assets in the bottom quartile of machine values, fewer than 10% own machines in the top
quartile; (ii) access to the most expensive machines (through ownership or rental) is more strongly
associated with firm profits, perhaps because they allow mechanization/scale-up of activities [Bassi
et al. 2022]; (iii) over 90% of assets are financed through savings, regardless of their value.

Panel C shows firm owners’ reports at baseline of perceived constraints to expanding capital,
the most important being difficulties in finding reliable machines (72%), and high borrowing costs
(65%). Both constraints likely bind because of the wide variation in machine values. Time costs
to firm owners are also relevant: (i) 38% of owners search for machines, spending an average of
23 hours on each search; (ii) 6% of owners search for sources of funding to purchase machines,

spending an average of 8 hours on each search.

Labor Panel D repeats the analysis for perceived constraints to expanding the number of work-
ers: finding workers with the right skills (68%), trustworthiness (57%), and being able to assess
the quality of applicants (51%) are all key constraints. Fewer owners perceive access to unskilled
labor and managerial constraints as key hiring frictions (29% and 21% respectively). Overall, high
search and screening costs constrain firms adjusting labor in response to demand shocks [Cooper et
al. 2006]. They thus face the alternative of training and/or utilizing workers in-house in response

to demand shocks.

3.3.2 Existence of Adjustment Costs

Move beyond perceptions of owners, we use two strategies to dig deeper into the existence of adjust-
ment costs based on actual input choices. Our first approach considers how firms’ capital, labor,
and labor utilization respond to exogenous changes in demand measured through firm revenues.
We do so using a Hausman-style instrument, so instrumenting for firm revenues with the average
revenues of firm’s in the same sector-location-month, excluding the firm’s own revenues [Hausman
et al. 1994, Hausman 1996]. The identifying assumption is that there is sectoral-spacial correla-
tion in demand shocks across firms, but that a given firm does not adjust its inputs in response
to the demand shocks faced by other firms. Some potential sources of these correlated demand

shocks were highlighted in Figure 3. Using our firm panel, we regress inputs on instrumented
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firm revenue, conditional on firm fixed effects — so removing the time-invariant heterogeneity
that explains much of the variation in revenues across firms, and only focusing on the within-firm
variation in labor utilization across workers.

These IV results are in Table 5. In line with the presence of adjustment costs, the elasticity
of labor and capital to demand shocks is very low: .004 (Column 1) and —.003 (Column 2)
respectively, and neither being statistically different from zero.

To segway towards understanding whether demand shocks translate into changes in labor
utilization, we repeat the analysis for firms in which the labor utilization measure is constructed.
Column 3 suggests these firms may face lower capital adjustment costs, as their assets positively
respond to demand shocks, with an elasticity of .15. Column 4 confirms that labor inputs do not
adjust to revenues.

Column 5 then examines whether the average labor utilization across workers in the firm
responds to exogenous shifts in demand, using the average labor utilization within firms because
utilization rates do not vary across workers in the same firm (Table A4). In sharp contrast
to assets or employee numbers, firms significantly increase labor utilization rates in response to
positive demand shocks, with an estimated elasticity of .830, that we cannot reject is different
from one (p = .643). In short, firms respond to demand shocks not by changing input levels, but
by changing labor utilization. This is confirmed in Columns 6 and 7 that show labor utilization
responds to demand shocks through changes in time workers spend in production (the numerator
in (1), not the time workers spend at the premises.'?

Our second approach uses an event study design to show how labor, capital, and the value of
capital per worker adjust in response to: (i) the hiring/separation of a worker; (ii) the purchase/sale
of a machine. We use the monthly panel data on the number of workers and the value of assets

utilized by firms 7 in month ¢ and survey wave s to estimate the following event study specification:

10
Yit = o + Y + Z BmZi+m + Eit- (2)
m=—10,m%#0

For each survey wave we identify the event as the hiring/separation of a worker, or the pur-
chase/sale of a machine. z; is an indicator equal to one for firms that change inputs in periods
after the first input change. «; and ~; are firm and month fixed effects respectively.

Figure 5 shows the event studies related to changes in labor. Panel A shows how inputs change
around a worker separation: (i) firms do not hire other workers to quickly replace separating

workers; (ii) the value of the firm’s capital stock changes smoothly around the event — suggesting

HWe can also construct average labor utilization rates separately for skilled and unskilled workers. Doing so we
find that positive demand shocks only translate into increased labor utilization of skilled workers: the estimated
elasticity from the IV specification is 1.01 for skilled workers (p = .016) and —.314 for unskilled workers (p = .699).
However, we need to caveat this by reiterating that there are few unskilled workers for whom labor utilization rates
can be constructed because most workers are skilled, and unskilled workers are more likely to be unpaid or be paid
a fixed wage rather than a piece-rate.
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the separation is unrelated to market conditions limiting firm’s capital accumulation; (iii) as a
result, the capital per worker jumps upwards around the event. Panel B shows symmetric impacts
of a new worker hire: capital adjusts slowly and the value of capital per worker never recovers to
its pre-hire level. These findings do not vary with the reason for separation (Figure A4). We also
document similar dynamics around the time of changes in capital stocks (Figure A5).

The key takeaway from these event studies is that it takes considerable time for firms to adjust
a given input around the event of a sudden change in the level of the other input, even when that
change can be anticipated. Along with the evidence in Table 5, this all points to firms facing

substantial input adjustment costs.

3.4 Bringing the Key Elements Together

We now bring the key elements of our analysis together to examine how labor utilization and

on-the-job training correlate with demand uncertainty.

3.4.1 Labor Utilization and Demand Uncertainty

In Column 1 of Table 6 we regress labor utilization on our measure of demand uncertainty: the
coefficient of variation of firms’ expected monthly sales as measured at first follow-up, controlling
for sector and location fixed effects. We find a precisely estimated negative partial correlation
between demand uncertainty and labor utilization: those firms facing greater demand uncertainty
utilize their workers at lower rates.

We next exploit the panel data to regress labor utilization on the coefficient of variation of firms’
current monthly revenues, controlling for firm fixed effects. To establish a causal relationship, we
again use a Hausman-style instrument, so instrumenting the coefficient of variation of firms’ current
monthly revenues with the average coefficient of variation of monthly revenues among firms in the
same sector, location and survey wave, excluding the firm itself. The IV result in Column 2 shows
a negative relationship between demand volatility and labor utilization. The magnitude of the
coefficient implies that a one standard deviation increase in the coefficient of variation of monthly
revenues leads to an 18% decrease in labor utilization.

In short, the negative relationship between demand volatility and labor utilization holds both

across (Column 1) and within firms (Column 2).

12Figure A4 shows results from event studies where the worker left voluntarily or was fired. The slight difference
is that in the latter case we see more evidence of firms replacing the worker around seven months after their
departure. This might be because firms start searching for a new employee before firing an old one, in anticipation
of the time required to find a replacement. Figure A5 shows event studies related to changes in capital. Panel
A shows the event of a sale of a machine. Such events lead only to a small fall in the value of the capital stock,
suggesting most firms only sell small-valued machinery — that they are more likely to own and that is easier to
replace. Panel B repeats the analysis for the purchase of a machine. For this event we see a gradual increase in
labor around the event but again because the value of these purchases is small, the value of machines per worker
falls and does not recover back to its pre-event level.
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We next break down labor utilization by the number of hours spent in production (Columns
3 and 4) and the number of hours spent at the firm premises (Columns 5 and 6). Both across
and within firms, the effects on utilization are driven by changes in the hours workers spend on
production tasks rather than by adjustments in hours spent at the premises.

Overall, the results are consistent with firms facing higher demand uncertainty maintaining
idle resources to be able to absorb positive demand shocks [Cooley et al. 1995, Fagnart et al.
1999, Butters 2020]. In contrast, firms facing more stable demand are better able to predict their

input needs and have a lower option value of keeping inputs underutilized.

3.4.2 On-the-job Training and Demand Uncertainty

The final batch of results explore impacts on a key firm outcome: the provision of on-the-job
training, as measured by the number of hours the owner spends training workers in the month
prior to the survey. Column 1 of Table 7 shows that, at baseline, firm owners facing higher
uncertainty about future revenues spend significantly fewer hours training workers. Column 2
focuses on within-firm variation, using the same IV for revenue volatility described above. It
shows that, when faced with an exogenous increase in uncertainty, owners decrease the time spent
training workers. The magnitude of the coefficient implies that a one standard deviation increase
in the coefficient of variation of monthly revenues leads to a 12% decrease in the number of hours
the owner spends training. Columns 3 and 4 show this result is not driven by changes in the time
owners spend at the premises.!?

The results are consistent with the returns to training being lower when firms face greater
demand uncertainty. This is because firms pay a fixed cost to train employees — a cost that is
independent of their subsequent utilization. However, as shown earlier, workers are also utilized

less intensively when uncertainty rises, reducing the returns from on-the-job training.

4 Model

We now develop a model of firm behavior incorporating the established stylized facts: that demand
uncertainty and adjustment costs can impact labor utilization rates. We focus on the consequences

these features have for the provision of on-the-job training and other firm outcomes.

4.1 Set-up

Agents The economy features a monopolistically competitive sector, with a continuum of homo-
geneous risk-neutral firms j € J producing differentiated varieties, and homogeneous risk-neutral

workers ¢ € 1.

13If demand uncertainty also led to an increase in the owner’s idle time, we would expect a positive within-firm
relationship between demand uncertainty and training, as owners would have more time available to train workers.
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Demand The model is in partial equilibrium, so we do not explicitly model final consumption.
Instead, we assume each firm j faces (exogenous) demand pj’evj, where v; is an idiosyncratic
demand shock drawn from F(v) with (known) support v € [v,7], and 0 < v < 1 < o, and 0 is
the absolute value of the price elasticity of demand. Let i, and o, denote the mean and standard

deviation of v;, respectively.

Timing The model has two periods:

Period 1: Both firms and workers face uncertainty about demand. Firms choose the number
of workers b; (firm size), capital k;, training 7;, and output price p;. Workers choose the amount
of time to spend at the firm’s premises h;.

Period 2: The idiosyncratic demand shock v; the firm faces is realized. k;,b;,7; and h; are
fixed, but firms can adjust utilization (and therefore output) by choosing the share of workers’

time allocated to production [;.

This two-period setup provides a simple way to embed the type of adjustment costs observed
empirically, suggesting it takes time for firms to find and train new workers and to purchase new

capital assets. The model effectively assumes infinite adjustment costs between period 1 and 2.

Productive Capacity In period 1, firms invest in capacity by choosing the number of workers,
capital, training, and their output price. Inputs become productive only at the beginning of
period 2 (because it takes time for capital to be installed and workers to be trained). The firm’s

productive capacity, g;, is given by a constant-returns-to-scale Cobb-Douglas technology:

q; = Ajkj (hybio(r;))' 7, (3)
where the labor input is the composite of three elements: b; — the number of workers hired
by the firm; h; — the share of time firm j’s workers spend on the premises; and ¢(7) — the

training-augmentation factor, assumed to be increasing and concave (¢’ > 0, ¢" < 0).

Utilization Rate In period 2, the idiosyncratic demand shock v; is realized. At this stage

inputs are fixed, but the firm can adjust utilization by choosing utilized labor [; € [0,b;]. We can
l .
b_.;

utilization rate for labor. Following Fagnart et al. [1999], we assume that output with utilization

interpret £ as the share of scheduled time a worker actually spends in production, namely the

l; is proportional to the utilization rate, namely:

vi = Gy = Ak (R (7)) 0 (4)
J

Three observations follow. First, this functional form implies that all inputs are utilized in

the same proportion. In other words, there is no separate utilization choice for capital and labor.
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Second, the marginal product of utilized labor, dy;/0l; = ¢;/b;, is increasing in capital (k;) and
training (7;), reflecting complementarity in the technology, as well as in workers’ time on the
premises (h;). Third, dy;/0l; decreases in the number of workers b;, which implies that although
adding workers raises capacity, it dilutes the payoff from additional utilization. This could reflect
coordination costs that increase with firm size, whereby larger firms require greater communication
and agreement across workers [Becker and Murphy 1992, Bassi et al. 2024]. These costs are likely
to be larger in low-demand states, when workers must decide not only how to allocate tasks but
also who works and who does not, particularly in an environment where workers are paid only

when performing tasks.

Realized Output Given a realization of the demand shock v; in period 2, the firm can adjust
labor utilization to meet its production needs. This is because, as shown below, profit maximizing
prices exceed marginal cost, so it is optimal for the firm to produce as much as possible subject
to demand and capacity. The realized output of the firm in period 2 is therefore:

—0 . ~
p; v if v; <9,

(5)

yi(pj vj) = ,
q; otherwise.

There exists a cutoff demand shock, v; = qu?, at which the firm’s demand equals its capacity.

Firms meet demand at low v; (by adjusting utilization), but are capacity constrained for v; > v;.

4.2 Solving the Model

We solve the model by backward induction.

4.2.1 Period 2: Labor Utilization

Given the realized period 2 demand shock v;, the firm chooses utilized labor to meet its production

needs. Using equation (4), optimal utilized labor is therefore:

Yi
l; = ;01 <y 6
T Ak (b (Ty)) oby e T ©)

4.2.2 Period 1: Prices

Firms choose prices in period 1 before observing the demand shock v;. They do so by maximizing

expected variable profits:
max B, | (p; = MC;)y; (0 v5)| (7)

pj
where MC; = wh;/(A;k§(hyé(7;))' ~*b;*) denotes the firm’s marginal cost. This is equal
to the cost of one unit of utilized labor (wh;) divided by its marginal product (9y,/0l;). Two
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points are worth noting. First, firms only pay workers when they are utilized, consistent with the
majority of employees in our setting being paid piece-rates. That is, wages are a variable cost.
Second, capital and training costs do not enter marginal costs, as they are fixed costs incurred in
the first period.

Using the capacity cutoff 0; = qu?, expected output can be written as:

Eulus(py. 0] = 4 [i [ vare) +1- Fy (®)

Uj

J/

~
expected utilization

This expression shows that expected output is equal to the product of capacity (¢;) and expected
utilization. Specifically, the first term in brackets captures the contribution of slack states to
expected utilization. In these states, v; < ©v;, output is demand-determined and utilization is
vj/0;. The second term is the probability that the firm is capacity constrained, in which case
utilization equals one.

The first-order condition for prices yields:

0
pj = 1-F(95) X a ilia —a ' (9)
0 —1— — Akjo(r) ' (hyby)
@fg vdF(v) - -

-~

markup (79;)

~
marginal cost MC);

The optimal price is a markup over marginal cost. Notice that the markup depends on the two
terms that affect expected utilization. Specifically, this expression shows that markups are increas-
ing in the relative importance of capacity-constrained to slack states, (1 — F(v;))/ % f;J vdF(v).
Intuitively, when low-demand states are more likely (relative to capacity-constrained states), low-
ering prices expands expected sales in the region where the firm is not capacity constrained,
making price cuts more valuable and leading to a lower optimal markup. Conversely, when the
firm expects to be frequently capacity constrained, lowering prices has a weaker effect on expected
output because the firm is already constrained in high-demand states. Instead, the firm can sell

capacity output at a higher price, resulting in a higher optimal markup.

4.2.3 Period 1: Labor, Training, and Capital

Firms choose labor b;, training 7;, and capital k; in period 1 before observing v;, to maximize

expected profits:
max [, [(pj = MC5)y;(pj vj)| — x;(73)b; — Tk; (10)

where x;(-) is the per-worker training cost, assumed increasing and convex (x} > 0, xj > 0) and r

is the capital rental cost. A key distinction is that, while wages are variable costs paid only when

workers are utilized (through /; and therefore M C}), training and capital are fixed costs, incurred
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in period 1 regardless of the subsequent utilization of inputs.
Let E,(u) = L [V vdF(v)+ (1—F(7;)) be the firm’s expected utilization. Using the expression
g YU

for expected output derived above, the input problem can be written as:

max (pj — MC'j>quv(u) — x;(75)b; — rk; (11)

k)j ,bj sTg

This expression makes clear why utilization matters for fixed investments: training and capital
are paid for before demand is realized, but their returns depend on the extent to which the resulting

productive capacity is used.

Training Assuming all workers receive the same amount of training within the firm, the first

order condition with respect to training 7; is:

¢'(15)
o(7;)

The left-hand side is the marginal benefit from training, which is determined by three com-

(1= )M g5 (Bufw) + () = (1 = F(3))) = X570y (12)

ponents. The term outside brackets captures the productivity gain from a marginal increase
in training evaluated at full capacity. A higher training-augmentation factor (¢(7;)) raises the
marginal productivity of utilized labor, lowering marginal costs in all states, and additionally
increasing capacity in capacity-constrained states.

The bracketed term determines the expected profit return to this productivity gain. The first
term in brackets is expected utilization: the more often the firm expects its labor to be utilized, the
larger the cost savings from training. The second term captures the additional markup premium
from capacity-constrained states. In these states, training allows the firm to sell extra units, and
the profit gain from those units depends on the price-cost margin (p(?;) — 1). The higher the
markup and the more often the firm is capacity constrained, the larger the additional profit return
to the additional capacity generated by training.!* The right-hand side is the marginal cost of
training all employees (x'(7;)b;), which is a fixed cost per worker paid regardless of subsequent

utilization.

Capital The first order condition with respect to capital k; is:

ZMCy0;(Bulw) + (u(5) = 1)(1 = F(7))) = (13)

J

14Note that optimal markups also increase in response to higher training. Training lowers marginal cost and,
holding the markup fixed, would therefore reduce prices. Because demand is elastic (6 > 1), this price decline
expands demand by more than training expands capacity, lowering the cutoff (7; = qu?). As a result, 1 — F(9,),
the probability that the firm is capacity constrained, increases. By Equation (9), this raises the optimal markup.
However, the increase in markups only partially offsets the decline in marginal cost, so the overall effect of training
is to lower prices.
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This expression is analogous to the FOC for training. The term outside brackets captures the
productivity gain from a marginal increase in capital evaluated at full capacity. The bracketed
term weights this gain by expected utilization and the profit premium from additional capacity in
constrained states. The right-hand side is the marginal cost of capital, the rental rate (r), paid

up-front and independently of utilization.

Labor Finally, the first order condition with respect to labor b; is:

1

=MCiq;(— aBu(u) + (1= a)(u(5;) = (1 = F(5;))) = x(7;) (14)

J

The FOC for labor highlights the trade-off firms face when hiring an additional worker. The
term outside bracket Z—j is output per utilized worker, which multiplied by the marginal cost yields
the full-utilization value (in cost-equivalent terms) of an additional fully utilized worker.

The bracketed terms separates two effects. The first term (negative) captures the marginal cost
effect of hiring an additional worker. Adding workers lowers output per utilized worker through
the coordination/dilution effect in production, therefore increasing marginal costs. The higher
expected utilization is, the larger the productivity loss from this channel. This is the key element
distinguishing labor from training and capital. The second term (positive) captures the capacity
expansion effect of hiring. The gain from these additional units is proportional to the price-cost
margin and is weighted by the probability that the firm is capacity constrained.

The firm hires workers up to the point where the expected net marginal benefit equals the
per-worker training cost (x;(7;)). Notably, this is the only cost incurred unconditionally when
hiring an additional worker: because wages are paid as piece-rates and only when workers are

utilized, they enter marginal costs rather than affecting hiring decisions.

4.2.4 Period 1: Worker Labor Supply

Workers choose their labor supply to firm j, h;, before observing the firm’s realized demand shock
vj. They do so to maximize their expected earnings net of the disutility from time at the firm
premises. This disutility captures the value of leisure or the worker’s outside options, such as
leaving to work for another employer. Given our setting, for each unit of time spent at the firm,
we assume workers are only paid for the fraction of time they are utilized. Given the earlier results,
we take this as constant across workers and equal to the firm’s utilization rate. Workers thus solve

the following maximization problem:

max £, {whjg - v(hj)] : (15)
j

hj

25



where y(h;), with +'(h;) > 0, capture the disutility from time spent at the firm. The first-order

condition with respect to h; yields:
wky(u) = 7'(h;) (16)

As is intuitive, at the optimum, h; increases with the wage w, decreases with the marginal disutility
of time spent at the firm v, and increases in expected utilization because it raises the marginal

value of time spent at the firm relative to the worker’s outside option.

4.3 Comparative Statics wrt Demand Uncertainty o,

We present comparative statics for expected utilization, inputs choices, training and labor supply

with respect to demand uncertainty (o).

Proposition 1: Utilization. Hold inputs (k,b, 7, h) and the expected value of the demand shock
E(v) constant.

1. Fixed prices. Holding prices fixed, expected utilization is weakly decreasing in a mean-

dEv( )

preserving increase in demand uncertainty: < 0.

2. Re-optimized prices. If firms re-optimize prices, expected utilization is weakly decreasing

i a mean-preserving increase in demand uncertainty if and only if markups do not fall too

. dEv( dlogu 10Ey(u)/00y
fast: < 0 if and only if > 5T T i)

All proofs are in the Appendix. The intuition for the result is as follows and also illustrated in
Panel A of Figure A6. Holding inputs and prices fixed, the firm’s input choices yield a capacity
cut-off . For demand realizations below the cutoff, the firm meets demand and utilization is
u(v) = v/0. At the cutoff, the firm reaches capacity, and utilization is capped at one. Therefore,
utilization is an increasing but concave function of the demand shock: u(v) = min{%,1}. A
mean-preserving increase in demand uncertainty o, shifts probability mass toward both low- and
high-demand states. The low-demand realizations reduce utilization because the firm is further
below capacity. The high-demand realizations, however, cannot raise utilization symmetrically,
because utilization is capped at one once the firm is capacity constrained. Therefore, by concavity,
expected utilization falls.

When markups — and therefore prices — are allowed to adjust, the cutoff itself may shift.
In particular, a decrease in prices following a rise in volatility may move the cutoff © to the
left, generating an increase in utilization that offsets the decrease generated by the change in the
distribution of demand shocks alone. For the direct distributional effect to dominate, markups
cannot fall too much in response to higher volatility. Notice that this effect is mediated by 6: the
higher the demand elasticity, the more the cutoff will fall in response to a decrease in prices, and

the larger the countervailing effect on utilization.'®

15 An increase in volatility can cause prices to rise or fall depending on how it affects the relative importance of
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Proposition 2: Training and Inputs. Let the firm re-optimize inputs and prices (k,b, T, p)
when o, changes, holding labor supply h and the expected value of the demand shock E[v] fized.
Then inputs are weakly decreasing in a mean-preserving increase in demand uncertainty if the

following conditions hold:

1. Training: %(Ev(u) + (u(v) — 1)(1 — F(f)))) <0;

2. Capital: - [bj (Ev(u) + (u(0) — 1)(1 — F(f))))] <0;

3. Number of workers: % [ —aFE,(u) + (1 —a)(u(@;) —1)(1 = F(0)] < thjd%vXj(Tj)'

The intuition is as follows. The training FOC shows that training raises profits through
two channels: it lowers the marginal cost of utilized labor and it expands sellable capacity in
constrained states. The relative importance of these two channels are summarized by the term
in brackets. A mean-preserving increase in demand uncertainty decreases expected utilization
E,(u) under the conditions stated in Proposition 1, so the derivative of the first term with respect
to o, is negative. Intuitively, when higher demand uncertainty lowers expected utilization, the
productivity gains from training apply to fewer units of output, reducing the return to paying the
fixed cost of training.

At the same time, an increase in demand uncertainty changes the probability mass above the
capacity cutoff. This affects the second term in brackets through two margins: the probability
that the firm is capacity constrained and the markup earned on additional units sold. A sufficient
condition for training to fall is that the derivative of this term with respect to o, is also negative.

In the Appendix, we discuss the conditions under which this sufficient condition holds assuming
fixed prices and v distributed as a log-normal. The intuition is shown in Panel A of Figure A6. We
show that, as long as the cutoff ¢ is not too high, the tail probability (1 — F'(?)) — and therefore
training training — falls with a mean-preserving increase in demand uncertainty. To assess of
whether the v falls below the relevant threshold in our empirical setting, we back out the share of
firms that should be constrained if v were at the threshold above which training may increase in
demand uncertainty. In our estimation, o, = 3.4, implying that the threshold for v corresponds
to the 99.97th percentile. This implies that firms fall in the relevant region as long as they are not
so unconstrained that capacity binds in fewer than 0.034% of demand states. Consistent with this
threshold condition, Panel B of Figure 1 shows that almost 6% of firms are operating at capacity
at follow-up, which is substantially higher than 0.034%. This suggests that our firms are plausibly
located in the region where a mean-preserving increase in demand uncertainty reduces the return

to training.

slack and capacity-constrained states, as shown in Equation (9). In particular, markups increase when volatility
raises the capacity-constrained term (1 — F(@,0,)) relative to the slack-state utilization term (% [ v(%,0,)), and
decrease when the opposite occurs. A sufficient condition for expected utilization to fall is that markups weakly

increase in response to volatility: d};% > 0.
v
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The intuition for capital is analogous to the one for training, but with one important difference.
As with training, the marginal benefit of capital depends on the two terms in the capital FOC: the
utilization term and the markup-weighted capacity-state term. However, while the cost of training
is paid per worker and therefore scales with b, the cost of capital does not. As a result, changes
in the number of workers increase the return to capital relative to its cost. For capital to fall in
response to higher demand volatility, the decline in the combined term (E,(u)+(u(0)—1)(1—F(0)))
must be sufficiently large to offset any increase in the workforce.

The comparative static for the number of workers (firm size) is even more ambiguous because
an increase in b has two opposing effects. On the one hand, adding workers lowers productivity per
utilized worker and raises marginal costs. This effect is captured by the negative term —aFE,(u).
The key difference with respect to training and capital is that lower utilization weakens this
negative force: when higher demand uncertainty lowers expected utilization, additional workers
are less likely to be fully utilized, so the marginal-cost increase generated by each worker is smaller.
This force can push firm size upward.

On the other hand, adding workers also expands capacity. This benefit arises only in capacity-
constrained states and is captured by the second term in brackets. If higher demand uncertainty
lowers the probability of firms being capacity constrained, this capacity-expansion benefit falls,
pushing firm size downward. The right-hand side is a function of the per worker training cost.
Since training is re-optimized when uncertainty changes, this cost can also change with o,: if
firms reduce training in response to higher uncertainty, the cost of hiring an additional worker
falls, which can partly offset the decline in the marginal benefit of labor.

Thus, higher demand uncertainty has an ambiguous effect on employment: lower utilization
can reduce the marginal-cost penalty from hiring, a lower probability of being capacity constrained
can reduce the benefit of additional capacity, and changes in training costs affect the fixed cost of

adding workers.

Proposition 3: Worker Labor Supply. Suppose d;‘f}“ > ézEf:(ZZz?gs Then %hj < 0.

To see the intuition for this, equation (16) shows that the time workers spend at the firm
premises increases in utilization. By Proposition 1, under endogenous prices expected utilization
decreases with demand volatility when markups do not decrease too much in response to higher
demand volatility. Hence, worker’s labor supply at the firm decreases with demand volatility under

the same conditions.
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5 Model Estimation

5.1 Method

We jointly estimate the model parameters using simulated method of moments and indirect infer-
ence. The returns and the cost of training are parameterized as ¢log(1+ 7) and x72, respectively.
We assume the demand shock follows a log-normal distribution and normalize p, to 0. We then
estimate the following nine parameters, {«, 8, x, ¢, 0y, 71,72, A, w}, by matching the nine data mo-
ments listed in Table 8. While there is no one-to-one mapping between an individual moment and
a specific parameter, Table 8 indicates which moments are more closely related to the identifica-
tion of each parameter targeted in the estimation. Below, we discuss several of these moments,

for which the unique features of our data are particularly important.

Cross-section Moments The first moment is the average utilization rate. Specifically, we
target the observed share of time workers spend in production in our data, combined with the
share of time devoted to non-production tasks in data from Bassi et al. [2025]. As discussed
in Proposition 1, holding inputs and mean demand fixed, utilization is pinned down by demand
volatility. This moment therefore plays a central role in identifying, o,.

The second moment is the share of workers receiving on-the-job training, which helps identify
the average costs of training. The rental rate of capital is calibrated externally using estimates
from Bassi et al. [2022], while wages and the output elasticity of labor in the production function
(cv) are estimated by targeting the labor share of total costs and average firm size. Although the
estimated wage may appear high relative to the rental rate of capital, it is paid only when workers
are utilized. Expressed on a per-hour basis over the total time workers spend at the firm, the
implied wage would therefore be substantially lower.

The average number of machines per firm helps identify total factor productivity (A), through
the effect of productivity on firm scale. Finally, we calculate markups as the ratio of monthly
profits to total costs, where total costs are measured as revenues minus profits. This moment is

particularly informative about the demand elasticity parameter 6.

Experimental Moments As described in Section 2, our data was collected as part of a field
experiment in which firms were randomly assigned the offer a monthly wage subsidy for six months
to hire and train a new worker of their choice. We use the field experiment to target two addi-
tional parameters. The first (¢) captures the returns to training. Because understanding how
underutilization affects firms’ incentives to provide on-the-job training is central to our analysis,
accurately estimating the returns to training is particularly important. The wage subsidy experi-
ment generates an exogenous shock to the cost of hiring and training a new worker. We estimate

the returns to training by targeting the change in sales induced by hiring a new treated worker,
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where the hiring of such a worker is instrumented by treatment assignment.!® Similarly, to esti-
mate non-linearities in workers’ labor supply responses to utilization (72), we target the change in
the time incumbent workers spend on the firm premises in response to the wage subsidy.

Table 8 summarizes the estimated parameter values and reports both the observed and simu-

lated moments. Overall, we achieve a good fit between the model and data moments.

5.2 Using the Experiment to Validate the Model

We validate the model using the field experiment. More precisely, we simulate the wage subsidy
intervention in the model and compare the implied treatment effects on training provision and
other firm outcomes with those observed in the data. The simulation follows the timing structure
of the model while imposing the constraints of the experimental design. Consistent with the
intervention, the wage subsidy is modeled as a cash transfer provided to the firm conditional on
hiring an additional unskilled worker.

In the first period (before the realization of the demand shock v;), firms choose all inputs that
are predetermined at the time of production. In particular, they choose capital k; and training for

the new worker 7/7¢?*. As we did not design a specific training curriculum, we assume that firms

can freely choosejhow much training to provide to the new worker. However, they cannot change
other labor inputs — namely, the number of incumbent workers b;, which was a condition for
receiving the cash transfers, and the amount of training 7; provided to them, which we assume is
sunk. We also assume that prices p; remain unchanged, consistent with the experimental evidence,
which shows little adjustment in prices. Workers then choose labor supply £; in this period, in
response to the intervention.

For capital, we consider two versions of the simulation: one in which it is fixed and one in
which capital can be adjusted, reflecting the possibility that capital adjustment costs limit short-
run adjustments, as discussed earlier.

In the second period (after the realization of v;), firms adjust only utilization, as in the baseline
model. Given (k;,b;, T;’"e“t, h;), firms choose the optimal utilization rate of labor.

Therefore, in the second period the firm’s maximization problem follows the same steps outlined

above, with the key difference that we the production is modified to reflect the design of the wage

subsidy intervention:
-«
gy = AR ((6(73)b; + o7 )h;) (17)

As tasks are allocated equally across workers and do not depend on training, all workers, including

the new trainee, optimally choose the same labor supply to the firm h;. In the first period, firms

16Without an experiment, we would likely target the correlation between the firm’s share of trained workers and
its sales to measure returns to training. However, this correlation would be subject to endogeneity, capturing either
heterogeneity in time-invariant firm characteristics, or, when using within firm variation, contemporaneous supply
or demand shocks.
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treat

choose T and k£ to maximize expected profits:

Jax, Ey[pjy; — whyly — x;(m)by — x;(7;7"") — rk; + WS, (18)

where WS denotes the wage subsidy, which, as in the data, is set equal to 65% of the wage.
Table 9 shows the reduced form experimental impacts of the intervention (Panel A), and those
generated by the simulated model (Panel B). Within Panel A we report LATE estimates from
an instrumental variable specification in which the hiring of a new worker is instrumented by
treatment assignment. All effects are expressed in levels and as percentage changes relative to
control firms. Panel B reports analogous changes in firm behavior between the baseline model
and the model in which firms receive a subsidy to hire a new worker, for the two versions of the

simulation: one in which capital is fixed and one in which capital can adjust.!”

Treatment Effects We begin by describing the effects of the wage subsidy intervention on
firm outcomes, focusing on the LATE estimates because of the high take-up rate of the wage
subsidy (71%) and because, in the model, firms are homogeneous and therefore do not exhibit
heterogeneity in take-up: given the value of the wage subsidy, it is optimal for all firms to hire an
additional worker. These estimates are measured at first follow-up, immediately after the end of
the six-month wage subsidy period.

Column 1 in Panel A shows that the wage subsidy treatment increased employment by 1.2
workers among firms that took up the offer, corresponding to a 54% increase relative to control
firms, and implying that firms expanded their workforce slightly beyond the hiring of the subsidized
worker. As Column 2 shows, this effect is primarily driven by an increase in the number of skilled
workers, indicating that the additional workers hired by treated firms were provided with on-the-
job training.

In line with firms facing costs of adjusting other inputs, we find no treatment effect on the value
of assets owned or rented by the firm (Column 3). Utilization — the number of hours employees
spend in production divided by the number of hours spent on the firm premises — remains
unchanged (Column 4). However, total hours spent by workers on the firm premises decline
by 11% (Column 5), suggesting that the wage subsidy has displacement effects on the intensive

margin (fewer hours on the firm premises) rather than the extensive margin (fewer employees).

1"In Panel A, we estimate LATE effects using the following second-stage ANCOVA regression,
Yivst = BWS; + a1Yio + aaXio + 71 + s + 7t + Eivsts

where WS; is a dummy equal to one if the firm took up the wage subsidy and hired an additional worker. It is
instrumented with a dummy equal to one for firms assigned to receive the wage subsidy offer. Y;q is the value of the
outcome at baseline, and X;o is a vector of additional controls measured at baseline (the firm owner’s gender and
education level, firm age, and firm age squared). ~;,7s and ~; are location, sector, and survey wave fixed effects,
respectively.
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Overall, taking up the wage subsidy is effective in that it increases sales by 32% (Column 6), with

a corresponding, though statistically insignificant, 10% increase in profits (Column 7).'®

Data vs. Simulated Impacts Panel B shows the impacts simulated in the model. We focus
on the case where capital is fixed and firms are assumed to face capital adjustment costs. The
results for outcomes other than assets are similar when firms can re-optimize capital.

Overall, the magnitude of the simulated effects aligns closely with the experimental estimates.
The two outcomes for which the model deviates from the data are hours spent at the firm premises
and profits. The divergence in hours arises because, in the model, labor supply is tightly linked
to expected utilization, as shown in equation (16). Both in the data and in the model, utilization
declines only modestly in response to the intervention, implying a limited adjustment in labor
supply. This muted response helps explain why the model slightly overpredicts the profit impact
of the wage subsidy: higher hours supplied in the model imply lower labor costs relative to the
data. In contrast, if firms had to raise wages to induce existing workers to supply time at the firm
(a mechanism not captured in our partial equilibrium framework), profits would increase by less

than in the model.

6 Counterfactual Analysis

We use the model to conduct three types of counterfactual analysis: (i) a quantitative horse race
between frictions proposed as drivers of low levels of on-the-job training in low-income economies;
(i) to simulate the impact of well-studied supply-side policies designed to improve firm perfor-
mance across environments characterized by different levels of demand uncertainty; (iii) to simulate

the impact of policies explicitly designed to reduce demand uncertainty.

6.1 Training Frictions

Our first set of counterfactuals run a quantitative horse race between demand uncertainty (o, ) and
three frictions that have been proposed as drivers of the low levels of on-the-job training in low-
income countries: training costs (x), high turnover (v) and low levels of demand (u,). Training
costs and worker separations have received extensive attention in the literature [Acemoglu and
Pischke 1998, 1999, Caicedo et al. 2023|, which emphasizes the role of up-front investment costs
and limited worker retention in shaping firms’ incentives to train. In sharp contrast, demand
uncertainty has been largely overlooked as a determinant of training, despite its potential to
distort utilization and reduce the returns to fixed training investments. Our first exercise therefore

asks whether reducing demand uncertainty, holding mean level of demand fixed, can generate

18While the hours worked outcome in Column 5 is averaged across incumbent and new workers, the reduction in
the number of hours on the firm premises is similar for both types of employees.
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improvements in training and effective labor that are comparable to relaxing canonical frictions
studied in the literature thus far.

To do so we construct counterfactual scenarios where we change the magnitude of each of
the model parameters of interest (x, v, p, and o,) to induce a 10% increase in firm revenues.
We then compare the resulting impacts on the number of workers (firm size), utilization, time
spent by workers on the firm premises, training, and a composite measure of effective labor that
incorporates all of these margins. The results are in Figure 6.

Panel A shows the relative changes in the model parameters necessary to induce a 10% rise
in revenues. The same revenue increase can be achieved by lowering training costs or workers’
outside option by approximately 5%, increasing the mean of the demand shock by 8.7%, or reducing
demand uncertainty by .7%. This points to the quantitative importance of demand uncertainty: a
small reduction in uncertainty generates the same revenue gains as substantially lowering canonical
frictions related to training costs, worker’s outside options or the level of demand.

Panel B shows the effects of the changes in model parameters from Panel A on various compo-
nents of labor. The first is the number of workers employed — firm size. All parameter changes
induce firms to hire more workers, as they either decrease the cost of, or increase the returns from,
additional employees. Reductions in training costs, increases in demand levels and reductions in
demand uncertainty have the largest effects on employment: 10.5%, 9.4% and 8.9% respectively.
In contrast, reducing workers’ outside option only leads to a 4.6% increase in employment. This is
because, in response to a lower outside option, workers spend 5.5% more time at the firm premises,
while the other parameters have negligible effects on this margin. As a result, a smaller increase
in firm size is sufficient to generate comparable increases in total labor supply.

The third set of bars in Panel B show that utilization is also largely unaffected by the parameter
changes. While this is what we would expect for training costs and the outside option, the result
is more surprising for the demand-uncertainty counterfactual. The reason we observe only a small
increase in utilization is that o, needs to fall by just .7% to generate a 10% increase in firm
revenues. Due to its limited effect on utilization, lower demand uncertainty increases the share of
trained workers by only .5%. Lower training costs and a lower outside option have larger effects,
leading to a 2.4% increase in the share of trained workers.

Panel C shows results on the overall number of trained workers and effective labor, calculated
as the product of the number of workers, utilization, time spent at the premises, and returns to
training ¢(7) (with the results being similar when using the share of trained workers 7).

On the number of trained workers, a reduction in training costs has the largest effect (13.1%),
followed by an increase in demand levels and a decrease in demand uncertainty (9.7% and 9.4%,
respectively). In other words, reducing demand uncertainty (while holding the mean fixed) raises
the number of trained workers by almost as much as lowering training costs, a channel that has
received far more attention. Decreasing workers’ outside option has the smallest impact on the

number of trained workers (7.1%), as it incentivizes firms to provide training to a smaller number
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of workers who supply more time to the firm, rather than expanding firm size.

On effective labor, reductions in training costs and outside options generate the largest increases
(12.9%). However, the effects induced by changes in demand uncertainty and demand levels are
only slightly lower (10.3% and 10.6%, respectively). Importantly, this implies that stabilizing
demand — without increasing its average level — can deliver gains in effective labor that are
nearly as large as those obtained by directly reducing training costs or turnover frictions. In
other words, demand uncertainty itself is a quantitatively important determinant of training and
effective labor, alongside canonical mechanisms previously studied. Demand stabilization policies
can therefore be as powerful as traditional supply-side interventions aimed at stimulating skill

investment.

6.2 The Effectiveness of SME Policies and Demand Uncertainty

Small and medium-sized enterprises are the heart of the economies of many developing countries
— given skewed firm size distributions, they constitute the majority of firms in such contexts,
and the majority of workers are employed in such enterprises. As a result, a large literature
has developed to examine policies to improve firm performance and stimulate SME growth in
low-income countries. A large experimental literature has evaluated capital grants [De Mel et
al. 2008, Blattman et al. 2014, De Mel et al. 2019], management training [Bloom et al. 2013,
Bloom et al. 2014, McKenzie and Woodruff 2014, 2017], wage or training subsidies [De Mel et
al. 2019, Alfonsi et al. 2020, Hardy and McCasland 2023, Brown et al. 2024], and market access
interventions [Atkin et al. 2017, Ali et al. 2025]. This work finds impacts of such interventions
that are often positive, but modest. We contribute by documenting a new mediating mechanism
that can limit the effectiveness of such interventions: when firms face high demand uncertainty,
they optimally keep resources underutilized, which reduces the returns to any intervention that
increases input availability or quality.

To explore this intuition, we simulate the impact of supply-side policies across environments
characterized by different levels of demand uncertainty, to assess how policy effectiveness varies
with this key source of uncertainty faced by firms. This allows us to evaluate whether demand
stabilization can amplify policy effectiveness by increasing the returns of investing in inputs that
require up-front investments. We consider a range of outcomes — firm size, capital, profits and
effective labor — where the interventions considered typically aim to increase the profitability of
firms and at least one of these other margins.

Figure 7 reports results from model simulations of four counterfactual policies: reducing train-
ing costs (Panel A), reducing capital rental rates (Panel B), improved market access (Panel C),
and management training (Panel D). These are simulated through changes in x, 7, u,, and A
respectively, that generate a 10% increase in sales revenue in the baseline scenario. We simulate

these policies under three environments characterized by differing levels of demand uncertainty:
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baseline (in yellow), 5% lower volatility relative to baseline (in blue), and 5% higher volatility
relative to baseline (in green). For each environment, the graphs show changes in the number of
workers (firm size), capital, profits and effective labor induced by the intervention.

The effectiveness of this broad set of intervention types is always mediated by the demand
uncertainty firms face. A 5% decrease in volatility more than doubles the impact of all policies
on labor, capital, effective labor, and profits. Conversely, a 5% increase in volatility leads to
effects that are half the size of those in the baseline scenario. This pattern is consistent across
interventions and reflects a common mechanism: lower uncertainty raises expected utilization,
thereby increasing the returns to expanding capacity through hiring and capital accumulation. In
contrast, when uncertainty is high, firms anticipate inputs will remain idle for a larger share of
time, dampening responses to policies operating through these margins.

Two further points are of note.

First, Figure 7 highlights that the magnitude of this amplification effect is similar across differ-
ent interventions. Policies that act directly on costs (such as reductions in x or r) and those that
increase demand or productivity (through pu, or A) all exhibit substantially larger effects in low-
uncertainty environments. This suggests demand stabilization not only shifts outcomes directly,
as highlighted in the first counterfactual, but also indirectly increases the responsiveness of firms
to a broad class of supply-side policies because it is a mediator for these other policy instruments.
The returns to these interventions are not fixed structural parameters but are mediated by the
demand environment in which firms operate.

Second, the results on how the impact of interventions on profits is mediated through demand
uncertainty has implications for firm’s compliance with the offer of such interventions. If firms
face costs of compliance, then even limited up front costs of compliance can offset profit impacts

in environments characterized by high demand uncertainty.

6.3 Reducing Demand Uncertainty

The final set of counterfactual exercises come full circle to consider the origins of demand un-
certainty — and policies that could feasibly reduce it. We take as our starting point the earlier
descriptive evidence on the origins of demand uncertainty from Figure 3, that suggested uncer-
tainty is negatively correlated with: (i) the number of customers, (ii) the share of professional
ties in business networks. These patterns suggest that firms with access to a more professional
network and a broader, more interconnected customer base experience lower uncertainty, consis-
tent with a mechanism in which idiosyncratic customer-level shocks are imperfectly diversified at
the firm level. Policies that reduce the correlation of demand shocks across firms — for example,
by encouraging professional rather than personal business relationships — or that facilitate the
sharing of customers across firms could therefore help smooth fluctuations in demand. In Figure

8, we investigate the quantitative effect of these two channels — professional business networks
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and demand sharing — on demand volatility and firm outcomes.

We begin by examining the impact of firms only engaging in professional networks (as opposed
to also family-based networks). This could be implemented by incentivizing business owners
to meet with other firm owners outside their existing network [Brooks et al. 2018, Cai and
Szeild 2018]. To do so, we use the coefficient estimated in Figure 3 to infer the counterfactual
coefficient of variation of sales that would prevail if all the existing network connections were
strictly professional (among those firms that have a network). As previously discussed, this could
reduce demand uncertainty faced by firms by lowering the correlation between the shocks they are
exposed to relative to a scenario where firms are linked primarily through personal ties. Panel A
shows that despite the large increase in the share of firms with professional networks (from 35%
to 62% across all follow-ups), this only reduces average (median) demand uncertainty from .30 to
.28 (from .25 to .23). As a result, the impact on firm outcomes, shown in Panel B, is modest: the
number of workers, capital, profits, and effective labor increase by between 9.1% and 10.9%.

The second policy we consider to reduce demand uncertainty is for firms to share customers.
Such within-sector-location aggregation could be implemented through cooperatives, shared show-
rooms, or centralized platforms where customers place orders and these are reallocated across firms
based on available capacity [Bergquist et al. 2025]. These arrangements allow firms to effectively
share demand while maintaining decentralized production. To quantify the scope for such smooth-
ing, we compare the coefficient of variation of revenues at the firm level to that of aggregate sales
within sector-location clusters. We are able to quantify this accurately given we survey nearly all
firms within the same cluster.

If firm-level shocks were perfectly correlated, aggregation would not reduce uncertainty and
the two coefficient of variations would be identical. Conversely, if shocks are largely idiosyncratic,
aggregation should reduce uncertainty. The result in Panel A shows this latter scenario to be more
relevant. Aggregation leads to a substantial decline in demand uncertainty: the mean (median)
CV falls from .30 to .13 (from .25 to .15). Consistent with the earlier evidence (Figure 2), this
indicates a large share of firm-level demand fluctuations reflects diversifiable, idiosyncratic shocks.

We then use the model to conduct a counterfactual in which we lower o, so that each firm faces
the level of demand uncertainty implied by sharing customers in the cluster, while holding mean
demand and all other parameters constant.! The result in Panel B shows that lower demand
uncertainty leads to large increases in firm outcomes: firm size increases by 71%, while capital,
effective labor, and profits increase by more than 80%.

Taken together, these results suggest that demand sharing is currently limited, even among
firms connected through professional networks. While such networks are associated with slightly
lower demand uncertainty, the effect is small relative to the gains that could be achieved through

effective pooling of customer demand. This wedge suggests contractual frictions may limit actual

19The model is in partial equilibrium and so this counterfactual assumes that the returns to investing in training
or capital do not diminish as more firms in the cluster invest as a result of the lower demand uncertainty.
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sharing of demand within the cluster. Reallocating customers across firms requires agreements over
quality, compensation, and future customer relationships, which may be difficult to monitor and
enforce in settings characterized by high levels of informality and weak institutions. As a result,
demand remains fragmented across many small firms, each exposed to substantial idiosyncratic
risk.

The results therefore highlight how two central features of low-income economies — small firm
size and contractual frictions — increase demand uncertainty and, through this channel, constrain
firm growth. Small firms are less able to diversify idiosyncratic demand shocks, while contractual
frictions prevent the aggregation of demand across firms. As a result, firms face lower expected
utilization, reducing incentives to invest in capital and on-the-job training. This has consequent

impacts on aggregate growth and paths of development.

7 Conclusions

We study the causes and consequences of labor utilization in small and medium-sized firms in
a low-income setting. While our data come from Uganda, the four stylized facts we establish
are likely present in other similar settings. First, firms face substantial and difficult-to-predict
demand volatility. Second, capital and labor adjustment costs are significant, limiting firms’
ability to respond to shocks along extensive margins. Third, the idleness of labor is pervasive.
Fourth, firms with more uncertain demand exhibit lower labor utilization and invest less in on-the-
job training. Guided by these facts, we develop and estimate a model of firm input and training
choices under demand uncertainty and adjustment costs. A key mechanism is that training requires
up-front fixed investment, while workers are largely compensated on a piece-rate basis for output
produced. Higher demand volatility lowers expected utilization and therefore reduces the returns
to fixed training investments, generating a novel demand-side channel through which uncertainty
depresses firm-sponsored human capital accumulation. We validate the model by showing that
simulated treatment effects of a wage subsidy intervention closely track the experimental estimates.

Our findings highlight the importance of demand-side frictions in shaping firm dynamics and
human capital accumulation in low-income settings [Goldberg and Reed 2023]. Policies that reduce
demand uncertainty through improved market integration, demand stabilization, or better market
information may therefore be a crucial complement to conventional supply-side interventions, and
their absence may help explain why the latter have so often disappointed.

Our analysis suggests two broad directions for future work.

First, there is much more to be understood about the fundamental drivers of demand uncer-
tainty. Our model allows us to take a first step in understanding how aggregating demand within
sector-location clusters can push forward firm size, capital accumulation, profits and effective labor

in the economy. However, the current level of demand sharing within clusters is limited. In similar
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contexts, well-functioning rental markets allow firms to share capital across the cluster in sectors
where firms need access to many large machines [Bassi et al. 2022]: a machine is something that
one firm can clearly rent to another for a specified period and fee, with little ambiguity about
what was traded. Pooling demand is contractually harder. It requires agreements over which
firm fulfills which order, the quality standards each must meet, how revenue is allocated, and
how future customer relationships are governed — none of which is naturally separable from the
firm itself. Policy intervention may therefore be needed to stimulate demand pooling, for example
through cooperatives, shared showrooms, or centralized platforms where customers place orders
that are reallocated across firms based on available capacity [Bergquist et al. 2025]. Testing the
effectiveness of such interventions in reducing demand uncertainty and stimulating firm growth
within clusters remains a priority for future research.

Other fundamental drivers of demand uncertainty might stem from income volatility of con-
sumers. Indeed, in our context the low utilization of labor stemming from demand uncertainty
implies worker earnings are lower for those employed in firms exposed to greater uncertainty,
starting a cycle of volatile worker earnings that then impact the volatility of demand faced by
other firms. Finally, another fundamental source of demand uncertainty might be the fact that
consumers are able to search over many firms in geographically concentrated sectors. This raises
a delicate issue — that although reducing frictions to consumer search raises consumer welfare
[Vitali 2025], if this then leads to greater demand uncertainty faced by firms, this can reduce
producer welfare.

Second, our analysis has implications for the measurement and causes of productivity differ-
ences across firms [Hsieh and Klenow 2009]. That focuses on static across-firm misallocation,
typically inferring distortions from dispersion in marginal revenue products across firms. Recent
work has shown that inference is complicated by endogenous capital utilization: when firms adjust
utilization flexibly in response to shocks, dispersion in average revenue products of capital can re-
flect efficient reallocation of capital services (i.e., utilized labor) rather than misallocation [Kabir
et al. 2025]. Our paper identifies a further and distinct problem: demand uncertainty generates
within-firm underutilization that not only makes firms appear less productive [Butters 2020] but
actively suppresses investment in training that would raise long-run productivity. This dynamic

channel compounds over time in a way that static misallocation frameworks do not capture.
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A Appendix

A.1 Proofs
Proof of Proposition 1 Let U = E,(u) be the firm’s expected utilization, which can be written
as V(s
U(’D7 Uv) = M + F’<67 O—’U)
0]

where M;(0,0,) = ff vdF (v) and F(,0,) = 1 — F(9,0,). We first prove part (1) of the

proposition. Holding prices and inputs fixed also holds the cutoff v fixed. The function

u(v) = min{%, 1}

is increasing and concave in v: it is linear for v < v and flat for v > ©. Therefore, by second-order
stochastic dominance, any mean-preserving increase in the dispersion of v weakly lowers expected

utilization:

oU (v, 0,)
— <
do,
The inequality is strict whenever the mean-preserving spread places positive probability mass on
both sides of the kink at ©. This proves part (1).
We now prove part (2). When firms re-optimize prices, inputs remain fixed, so ¢ and marginal
cost are fixed. However, the cutoff changes with the price: ¢ = ¢p’. Taking logs, log?d =

log g 4+ 0 log p. Since q is fixed,

dlogv edlogp
do,  do,
With fixed inputs marginal cost is fixed and optimal prices can be written as: p = umec. Therefore,

% = dcll—oagﬁ and d;;g v = Hdcll(;g“. To derive the total effect of volatility on utilization, we first

compute the effect of the cutoff on utilization. Notice that:

OMy(0,0,) OF (5,00)
oD — Uf(’U, 011)7 o — _f</U’ Ov)
Therefore, -
oU 0 (My\ OF of)i—M, . __ M,
86_66(6>+8€;_ 72 1) =-%

Taking the total derivative of utilization with respect to volatility gives:

dlog

dU ou oU dlogv  0U B M1(?7,Uv)9
do, Oo, Odlogv do, o, U do,

Therefore, % < 0 if and only if
dlog it - oU/0a,

1
do, = 0 M,(0,0,)/0
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By part (1), %Uv < 0. Thus the right-hand side is weakly negative. Therefore a sufficient condition
for utilization to decrease under re-optimized prices is diﬁ% > 0. That is, if markups are weakly
increasing in volatility, then re-optimized prices reinforce the direct decline in utilization. Con-
versely, utilization can increase only if markups fall sufficiently fast with volatility. This proves
part (2).

Proof of Proposition 2 — Generic Distribution Using the definitions of marginal cost and
capacity, we have MC;q; = whb;. Therefore, the first order conditions with respect to training,

capital, and labor can be rewritten as:

. ¢/(Tj) ~ ~ o
(1) (= ey g 2 Bulug) + (u(5;) = D0 = F@))] = ()
(0 by | Bo(u) + (u(25) = D0 = F(5;)) =

®): whs| = aBy(w) + (1= a)(u(;) = (1= F@)] =)

Training: Since ¢(-) is increasing and concave, ¢'(7;)/¢(7;) is decreasing in 7;. Since training

costs are convex, x;(7;) is increasing in 7;. Hence a decline in

Ey(uy) + (p(v;) = DA = F(05))

shifts the marginal-benefit of training downward and weakly reduces the optimal choice of training.

Therefore,
de
do,

<0

whenever
d%} [Ev(uj) + (u(y;) = 1)1 = F(ﬁj))] <0

Capital: Using M Cjq; = whb;, the capital FOC becomes

awh;

By = by | B(ug) + (u(E;) = 1)(1 = F(5,))|.

r

Since a, w, hj;, and r are fixed and positive, capital is weakly decreasing in o, whenever

i |

Number of workers: The term in brackets in the labor FOC is the expected net marginal

by | Eulus) + (u(35) = 1)(1 = F(5;))| } <0

benefit of hiring an additional worker. Employment is weakly decreasing in o, when the expected

net marginal benefit of labor falls relative to the per-worker training cost. Since wh; is fixed and
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positive, this condition is

d

do,

— 0 ;) + (1= (i) = (1 = F(3,))] € ()

as stated in the proposition.

Proof of Proposition 2 (Training) — Log-normal distribution, fixed prices Let m =

E[v] and assume logv ~ N <log(m - ?),aﬁ), so that F[v] = m is held fixed as o, changes.

Holding prices fixed, the volatility-sensitive component of the training FOC is:
E,(u) + p(1 — F(0,0,))

where p is fixed. The derivative of this term with respect to o, if:

d d
—F, 1— F(v,0,
B () + - (1 F(5.0,)
By Proposition 1, dE,(u)/do, < 0 when prices are fixed. Let a = log (2). For the fixed-mean
lognormal,
1—F(@,a,,)=1—<1>(i+@>
o 2
Differentiating,
o1 - F(v,0,) a oy, a 1
oo, o T2\ 2
SO

o1 — F(v,0,))
do,

Therefore, if & < me”/?, then both = E,(u) < 0 and 7&(1 — F(3,0,)) < 0. Since p > 0, it

follows that training falls when v falls in this region.

2
g,
<0 < agg” = §< me?.
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Tables and Figures

Table 1: Firms at Baseline

Sample: All firms at baseline
Means, standard deviations of continuous variables in parentheses

Mean/Percentage  Standard Deviation

A. Firm characteristics

Age of firm 6.42 (4.54)
Monthly sales 499 (667)
Monthly profits [USD] 218 (329)
Manufacturing 343
Tailoring (14.9%), Welding (14.8%), Construction
(4.6%)
Services 65.7

Hairdressing (39.7%), Motor mechanics (9.5%),
Catering (7.3%), Electrical (6.0%), Plumbing (3.2%)

B. Firm owner characteristics

Age of owner 342 (7.30)
Gender of owner (female) 53.8
?r::r:fhsls)ent by firm owner at premises 267 (73.0)
C. Capital and labor
Value of capital stock [USD] 1256 (2361)
Capital per worker [USD] 481 (994)
Number of employees 2.96 (2.31)
Share with stock value < monthly 68.2
revenues
Share with daily liquidity < monthly 95.7
revenues
D. Networks
Any network firm .788
Number of network firms 1.10 (.754)
Share of firms that are professional ties
| any network 368
Within the network:

share workers 8.78

share machines 23.0

share credit 20.3

share demand information 9.85

Notes. All the variables are at the firms level and collected at baseline. The table reports mean
outcomes and standard deviations for continuous outcomes in parentheses. In Panel B Hours
spent by firm owner at premises (monthly) are computed multipling the average number of hours by
six, the average number of days workers report being at the firm in a typical day, times four weeks.
The data for this statistic is from Control firms at first follow-up. In Panel C, network firms are
identified as other businesses in the same area with whom the firm owner shares something (such
as inputs, machines, workers, information, credit, advice, etc.) or meets to talk. Professional ties are
businesses with whom the owner reports having a business relation (vs. family members, friends,
and neighbors). All monetary variables are winsorized at the top 1%and deflated at August 2012
prices, using the monthly consumer price index published by the Uganda Bureau of Statistics.
Deflated monetary amounts are then converted into August 2012 USD.
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Table 2: Worker Descriptives

Sample: Worker roster from control firms at first follow-up
Means, standard deviations of continuous variables in parentheses
Mean or Percentage Standard Deviation

(1) (2)
A. Compensation
Full time 95.3
Paid piece rate (along with salary or in-kind) 66.8
Paid piece rate only 491
B. Tenure, hours and earnings
Tenure at the firm (months) 19.2 (23.3)
Hours worked per day 11.0 (2.15)
Hours workers spent at the premises last month 280 (70.1)
Hours workers spent at the premises last month (trainee) 247 (59.4)
C. Sources of training
Received on-the-job training (at the firm) 49.8
Completed vocational training 26.8
On-the-job training considered useful in other firms 63.0
D. Time costs of training
Length of training (months) 9.30 (5.21)
Mainly conducted by owner 45.6
Conducted by owner and co-workers 451
Conducted by co-workers only 9.07
Hours owner spent training in the last month | Training 113 (101)
Hours owner spent training in the last month 50.3 (87.8)
E. Labor costs of training
Trainee was unpaid 515
Trainee was paying the owner 28.8
Trainee was paid 19.7
F. Tools/material costs of training
Any such cost 82.7
Owner paid most costs | any such costs 55.9
Employee paid most costs | any such costs 36.2
Owner-employee share costs | any such costs 7.91

Notes: All data is from the employee roster for control firms at 1st follow-up. The table reports mean outcomes and
standard deviations for continuous outcomes in parentheses. In Panel A the ‘paid piece rate’ dummy equals one if the
employee is paid a piece-rate (along with any other form of payment — including a base salary orin-kind payment). In
Panel B, the total hours worked per month is calculated by multiplying hours worked per day by days worked per week,
and time four weeks. Total eamings in the last month includes both money and in-kind payments made to the
employee. In Panel C On-theob training considered useful in other firms is a dummy equal to one if the owner reported
that the skills learnt by their employees through on-the-job training received at the firm are "Useful both in this firm as
well as in other firms". All monetary variables are winsorized at the top 1% (in-kind and money earnings are winsorized
separately before they are summed to calculate total eamings) and deflated at August 2012 prices, using the monthly
consumer price index published by the Uganda Bureau of Statistics. Deflated monetary amounts are then converted into
August 2012 USD.
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Table 3: Firm Provided Training

Sample: Worker roster from control firms at first follow-up (Panels A, B), and
second, third, and fourth follow-up (Panel C)

Means, standard deviations of continuous variables in parentheses
On-the-job Not on-the-job

trained trained [p-value]
(1) (2) (1=(2)
Share of type 498 50.2
A. Tenure, hours and earnings
Full time 95.8 94.2 [.336]
Tenure at the firm (months) 23.7 14.7 [.000]
(28.3) (18.5)
Total earnings last month [USD] 66.8 46.5 [.000]
(50.3) (46.7)
Hours workers spent at the premises last month 281 277 [486]
(79.6) (66.9)
B. Productivity
Owner assessed productivity at time of survey (0-10) 8.93 7.89 [.000]
(1.88) (2.89)
Able to perform typical sector specific task at time of survey 0.91 0.81 [.001]
Owner assessed productivity when recruited (0-10) 2.81 477 [.000]
(3.34) (4.24)
Able to perform typical task when recruited 0.20 0.50 [.000]
C. Products
Hours spent working on the typical product/service 5.92 463 [.047]
(11.8) (7.00)
Number of typical items produced last month 254 43.3 [.009]
(44.3) (99.7)
Price charged for typical product/service [USD] 68.2 53.8 [.061]
(119) (105)
Value of materials used for typical product/service [USD] 37.6 29.2 [.085]
(78.2) (63.7)

Notes: All data is from the employee roster for control firms. The table reports mean outcomes and standard deviations for
continuous outcomes in parentheses. Panels A and B use data from the first follow-up. Panel C uses data from the second,
third, and fourth follow-up, as questions about the typical product/service done by employees were only asked then. Workers
are split into on-the-job trained workers (Column 1) and not on-the-job trained workers (Column 2), based on whether the
owner reports the worker ever received training at the firm. Individuals who receievd vocational training, but not on-the-job
training are excluded from the sample. Column 3 reports the p-value of a t-test of equality of means between FT and non-FT
workers. In Panel A, the total hours worked per month is calculated by multiplying hours worked per day by days worked per
week, and multiplying by four. Total eamings in the last month includes both money and in-kind payments made to the
employee. Panel B reports the owner's 0-10 assessment of how productive each employee is relative to all workers the
owner knows in the same sector, and an indicator for whether the worker is able to independently perform a sector-specific
task. In Panel D, for each worker, the owner reports the typical product the employee works on and provides information on
the production and pricing of that product. The number of typical items produced last month is calculated at the worker level
as total eamings last month / piece rate for the typical product. The number of typical items produced last month, and the
price received by the employee for the typical product (the piece-rate), are therefore only available for worker paid piece-rate.
All monetary variables are winsorized at the top 1% (in-kind and money earings and winsorized separately before they are
summed for total eamings) and deflated at August 2012 prices, using the monthly consumer price index published by the
llnanda Rureain of Statistica Deflated monetarny amoiints are then converted inta Auianst 2012 1ISD
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Table 7: Demand Uncertainty and Training

Sample: Firm panel at first follow-up (Columns 1, 3), all follow-ups (all other Columns)
OLS regression coefficients, robust standard errors in parentheses

Hours spent training (Owner) Hours at premises (Owner)

IV, same trade IV, same trade
OLs and branch oLs and branch
(1) (2) (3) (4)

PANEL A: Demand Uncertainty
Coefficient of Variation, Expected Monthly -174%* -48.2
Revenues (38.6) (30.0)
Coefficient of Variation, Current Monthly -61.0* 1.66
Revenues (35.9) (36.5)
First Stage Coefficients:

Mean CV of monthly revenues, other firms 4517 433

(.048) (.053)

First stage F-stat 88.6 65.7
Mean Outcome for Controls 58.8 515 343 327
Survey wave fixed effects - No - No
Sector and location fixed effects Yes No Yes No
Firm fixed effects No Yes No Yes
Number of observations 575 2,331 510 1,926

Notes: The data is from a monthly panel of firms. The table shows the results from a regression of the number of hours the firm
owner spent training and the number of hours they spent at the firm premises in the last month on the coefficient of variation
of expected and current monthly revenues. The coefficient of variation of expected monthly revenues is only measured at first
follow-up, and so the sample in Columns 1 and 3 only includes firms at first follow-up. In Columns 2 and 4, for each firm, the
coefficient of variation of firms' monthly revenues is instrumented by the average coefficient of variation of monthly revenues
among firms in the same sector, branch, and survey round excluding the firm itself. Hours at the premises in the last month
(owner) are computed multipling the average number of hours by six, the average number of days workers report being at the
firm in a typical day, times four weeks. The coefficient of variation of the firm's expected revenues is calculated as follows.
Each firm owner was asked the following questions: (1) Imagine that over the next 6 months the revenues from this business
are very high. What is the maximum amount of revenues the ownercould make in the best month over the next 6 months? (2)
Imagine that over the next 6 months the revenues from this business are very low. What is the minimum amount of revenues
the owner could make in the worst month over the next 6 months? (3) In how manv months over the next 6 months. does the
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Table 8: Parameter Estimates and Model Fit

Parameter Value Targeted Moment Data Model
Estimated
Cross-section:
a 0.359 Labor share 0.329 0.329
0 7.747 Average markup 2.700 3.044
X 1.571 Share of trained workers 0.497 0.497
Ov 3.463 Labor utilization 0.569 0.569
2 1.39 Time supplied by workers 0.442 0.441
w 2213 Number of workers 2242 2.242
A 12.06 Number of machines 2.306 2.306
Experiment:
¢ 0.889 LATE on firm revenues 0.319 0.319
Y2 1.91 Time supplied | Wage subsidy 0.397 0.416
Calibrated
r 0.514 Hourly rent (Bassi et al. 2022) 0.514

Table: The table report the estimated model parameter values, together with the moments targeted by
the model estimation. For each parameter, the table indicates the moment most closely associated with
its identification. The last two columns report the value of each moment observed in the data and its
corresponding model-implied estimate.
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Figure 1: Labor Utilization
Sample: Worker panel from control firms, follow-ups 2-3-4

A: Hours Worked and Hours at Business Premises

Mean actually worked: Mean at premises:
268.75
o | —
(4}
w
€
3
521
o
[n -
o [
T T T T T
0 100 200 300 400
Monthly hours
I Monthly hours at firm premises
1 Monthly hours actually worked in production
B: Labor Utilization Rate
Mean: 0.31
=

Percent

4 6
Labor utilization

Note: The figures use worker-level data from the Control group at second, third and fourth follow-ups. Panel A shows the
distribution of the monthly number of hours workers typically spend at the firm premises (in dark blue) and the monthly
number of hours actually worked in production (in light blue). Hours actually worked are calculated as follows. For each
workers paid piece-rate, we ask the following three questions regarding a specific product/service: (1) How much time
(minutes) would <name> normally take right now to complete his/her work on this product/service alone to a standard of
quality considered satisfactory by the average customer of this business? (2) How much of the price charged to
customers for this product/service does <name> normally receive? In addition, we have data on the total earnings of the
worker in the month prior to the survey. We calculate the number of products/services the worker has worked on in the
last month by dividing total earnings by the piece-rate. We then calculate monthly hours actually worked as the number
of products/services the workers has worked on in the last month times the average time taken to complete the
product/services, which therefore only reflects the hours spent on production. Hours at the premises is calculated using
information on: (i) the number of hours the worker usually spends on the firm premises per day, (ii) the number of days
the worker spends on the premises per week. The total number of hours spent on the premises in a given month is then
calculated as the product of these two values, multiplied by four. Panel B shows labor utilization, computed as share of
hours at the firm premises spent in productive activities.
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Table A1: Attrition of Firms

OLS regression coefficients, robust standard errors in parentheses, and F-
tests in brackets

Dependent Variable: Firm attrited or closed in each follow-up

Attrited by: 1st follow-up 2nd follow-up 3rd follow-up 4th follow-up

(1) (2) (3) (4)
Monthly profits (log) -.042** -.013 -.006 -.014
(.017) (.016) (.017) (.021)
Number of employees -.013** -.014** -.012* -.016**
(.006) (.006) (.006) (.008)
Number of unskilled employees .018* .014 .008 .001
(.010) (.009) (.009) (.011)
Capital stock (log) .010 -.007 .001 .003
(.011) (.011) (.012) (.014)
Firm's age -.004 -.005* -.009*** -.014***
(.003) (.003) (.003) (.003)
Attrition Rate .160 .181 .186 322
Owner and firm characteristics Yes Yes Yes Yes
Sector and branch fixed effects Yes Yes Yes Yes
F-test on firm characteristics [.005] [.041] [.007] [.000]
F-test on owner characteristics [.678] [.414] [.200] [.623]
Number of observations 1,025 1,025 1,025 1,025

Notes: The table shows results from a regression of attrition on firm characteristics. Firms that were found shut-down
were not interviewed and are here considered attriting. The two stratification variables used for the randomisation of
firms at baseline are: trade and BRAC branch. All regressions include trade and branch fixed effects. All covariates are
measured at baseline. The top 1% of profit and capital values are trimmed. All monetary variables are deflated and
expressed in terms of August 2012 prices, using the monthly consumer price index published by the Uganda Bureau of
Statistics. Missing values are replaced with the sample average and a dummy for missing value for each variable is
included in all regressions. ***denotes significance at the 1% level, ** at the 5% level, * at the 10% level.

63



Table A2: Owner's Time Use

Sample: All firm owners at baseline (Panel A), Control firm owners at
first follow-up (Panel B)

% Owners  Hours/day

A. Days spent at the premises & hours worked

Every day 85.0 10.8
(2.56)
Several times a week 10.8 8.91
(2.80)
Several times a month 2.39 8.25
(3.18)
Once a month or less 1.79 5.59
(4.39)
Average 104
(2.84)

Hours/30 days |

0,
%o Owners Hours/30 days Spending any time on it

B. Time use at work

Training 445 50.3 113
(87.8) (101)
Assisting workers 60.5 63.7 105
(95.2) (103)
Looking for workers 5.74 1.32 22.9
(17.6) (71.3)
Looking for machines 33.2 6.84 20.6
(22.8) (36.0)
Looking for loans 3.21 230 7.14
(1.82) (7.59)
Interacting with government 20.2 1.56 7.73
(5.72) (10.7)

Notes: The data is from all firm owners at baseline in Panel A, and firm owners in control firms at first
follow-up on Panel B. In Panel A, the variable hours/day is winsored at the top1% (among non-0
values). In Panel B, the hours/30 days variable is calculated as days spent doing a given activity in
the last 30 days*hours/day spent doing that activity on a normal day. The list of activities were pre-
specified.
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Table A4: Measuring Labor Utilization

Sample Column 1: control firms at follow-ups 2-3-4

Sample Columns 2 and 3: workers at control firms at follow-ups 2-3-4

Sample Columns 4 and 5: workers with labor utilization measured at control firms at follow-
ups 2-3-4

OLS regression coefficients, robust standard errors in parentheses

Labor Utilization Measure Can be Constructed Labor Utilization

(3) Workers and

(1) Firms  (2) Workers i ied Effects

(4) Workers (5) Workers

Monthly profits (log) .016
(.021)
Number of employees .016™
(.008)
Number of unskilled employees -.086***
(.015)
Capital stock (log) .010
(.015)
Firm's age .004
(.004)
Age .001 -.002 .002 .005
(.002) (.003) (.003) (.004)
Sex (female) -.034 -.011 .018 .032
(.035) (.046) (.044) (.077)
Tenure (months) .001 .001* -.001 -.002**
(.000) (.001) (.001) (.001)
Primary school .102* 093 030 044
( 052) ( 065) (1 048) ( 075)
Junior Secondary school 072 069 033 032
( 051) ( 065) ( 046) ( 076)
High Secondary school 056 050 010 010
( 061) ( 074) ( 059) ( 084)
Certificate or higher - 006 021 041 096
( 059) ( 079) ( 054) ( 098)
Skilled 327 .336** .035 .021
(.033) (.037) (.037) (.051)
Owner's family member .020 .035 -.003 -.014
(.030) (.035) (.031) (.037)
Productivity (1-10) 031 021 -.006 -.002
(.0086) (.006) (.006) (.008)
Received training -.007 -.022 .013 .039
(.027) (.033) (.025) (.036)
Mean outcome 59 9 475 475 310 310
Survey wave fixed effects Yes Yes Yes Yes Yes
Location fixed effects Yes Yes No Yes No
Sector fixed effects Yes Yes No Yes No
Other Firm Characteristics Yes - - - -
Firm Fixed Effects - No Yes No Yes
Number of firms 368 361 361 256 256
Number of observations 867 1788 1788 849 849

Notes: The unit of observation is the control firms (Column 1) and workers in control firms (cols 2-3-4-5) at follow-ups 2-3-4. All regressions
include survey wave FE. Columns 1, 2, 4 include location (branch) and sector FEs. Columns 3 and 5 inlcude firms FE. In column 1 missing
values for age, capital, firm's licence, profits, and num. of network firms are replaced with 0 and a dummy for missing values is included for
each of the variables. The dependent variable in columns 1-2-3 is a dummy that equals 1 if the firm/worker have nonmissing value for labor
utilization. The dependent variable in columns 4-5 is labor utilization. Labor utilization is computed as the share of hours workers typically
spend at the firm during which they actually worked. Hours actually worked is calculated as follows. For each workers paid piece-rate, we
ask the following three questions regarding a specific product/service: (1) How much time (minutes) would <name> normally take right now
to complete his/her work on this product/service alone to a standard of quality considered satisfactory by the average customer of this
business? (2) How much of the price charged to customers for this product/service does <name> normally receive? In addition, we have
data on the total earnings of the worker in the month prior to the survey. We calculate the number of products/services the worker has
worked on in the last month by dividing total earnings by the piece-rate. We then calculate monthly hours actually worked as the number of
products/services the workers has worked on in the last month times the average time taken to complete the product/services, which
therefore only reflects the hours spent on production. Manufacturing is a dummy that equal 1 if the firm's sector is tailoring, construction, or
welding. ***denotes significance at the 1% level, ** at the 5% level, * at the 10% level.
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Figure A3: Labor Utilization, by Sector

Sample: Worker panel from control firms, follow-ups 2-3-40
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Note: The figure uses worker-level data from the Control group at second, third and fourth follow-ups to show the distribution of labor utilization.
Labor utilization is computed as the share of hours workers typically spend at the firm during which they actually worked. Hours actually worked is
calculated as follows. For each workers paid piece-rate, we ask the following three questions regarding a specific product/service: (1) How much
time (minutes) would <name> normally take right now to complete his/her work on this product/service alone to a standard of quality considered
satisfactory by the average customer of this business? (2) How much of the price charged to customers for this product/service does <name>
normally receive? In addition, we have data on the total earnings of the worker in the month prior to the survey. We calculate the number of
products/services the worker has worked on in the last month by dividing total earnings by the piece-rate. We then calculate monthly hours
actually worked as the number of products/services the workers has worked on in the last month times the average time taken to complete the
product/services, which therefore only reflects the hours spent on production.
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Figure A®6: lllustration of Propositions 1 and 2

A. Slack states, Capacity states and Volatility
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Notes: Panel A shows expected utilization E(u) and tail probability 1-F as a function of demand uncertainty, holding the expected value of v constant. Panel A1 shows these values
for a low level of the demand cutoff v_tilde, while Panel A2 shows the corresponding values for a high demand cutoff. Panel B shows the derivative of (i) expected utilization E(u), tail
probability 1-F, multiplied by markups, and the sum of the two as a function of the demand cutoff sigma_v.
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