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Abstract

We show that firms in low-income countries frequently withhold employee wages and
study how workers respond to this widespread practice. Using original survey data
from Lagos, Nigeria, we document that 30% of workers across firms of all sizes report
delayed or unpaid salaries. To examine how workers respond to wage withholding, we
implement a field experiment: we incorporate a firm, recruit more than 1,700 workers,
and hire 600 of them for multi-month employment. Unpaid wages increase employees’
initial effort, without affecting absenteeism or total hours worked. Widespread wage
withholding creates uncertainty that induces worker selection: credibly signaling salary
reliability increases job take-up by 25%. Although this effect is driven by individuals
who had initially expressed no interest in wage employment, it does not attract more
productive workers. Combining intensive- and extensive margin estimates suggests
that, in our setting, firms incur minimal productivity losses of about 0.2% from engag-
ing in wage withholding. This gives firms little incentive to refrain from the practice,
while workers valuing reliable pay highly at over 30% of the monthly minimum wage.
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1 Introduction

The organization of modern economies rests on a simple exchange: workers supply labor to

firms and are paid wages in return. Yet in many low-income countries, firms frequently dis-

regard this exchange by withholding employees’ wages. Stories of unpaid salaries — from

nurses in Ghana (News Ghana, 2025b) to dry-cleaners in Zimbabwe (Gausi, 2018) — regularly

appear in newspapers across Sub-Saharan Africa.1 In Nigeria, the setting of this study,

we document the scale of the problem and estimate that 30 percent of employees have

experienced substantially delayed or unpaid salaries.2

This uncovers a practice that not only harms millions of affected workers but also contrasts

sharply with economic theory. The usual conception of work entails reliable wage payments

— and for good reason. Workers have avenues to hold firms accountable: they can seek legal

redress or retaliate in response to wage disputes (e.g., Bewley, 1998; Krueger and Mas, 2004;

Mas, 2006). Moreover, by avoiding unreliable employers, high-ability workers can deprive

firms of productive labor, making wage withholding even less attractive. By this reasoning,

employers should have strong incentives to pay on time. Yet wage withholding is prevalent,

raising two central questions: how do workers in low-income countries respond to withheld

pay, and how does this practice shape labor-market participation and workforce composition?

In this paper, we seek to answer these questions through a randomized controlled trial (RCT)

that varies the reliability of salary payments, addressing key empirical challenges. First, our

experiment allows us to link rarely available data on workers’ experiences with delayed pay to

their performance, enabling us to study on-the-job responses. Second, we reach individuals

who are unwilling to work to observe their job acceptance decisions under counterfactual

conditions of reliable pay — essential for studying selection. We complement the experiment

1Examples of unpaid wages span multiple countries and sectors, including the sports, oil, and medical
industries in Nigeria (Fernandes-Brough, 2023; Akuopha, 2023; Punch, 2023; News Ghana, 2025a), sanitation
work in Côte d’Ivoire (Africanews, 2024), garment manufacturing in Senegal (IndustriALL Global Union,
2025), journalism in Cameroon (Animbom et al., 2022), professional football in Gabon (BBC Sport, 2019),
civil service in Sudan (Radio Tamazuj, 2023), and mining in Zambia (Jeffay, 2024), among others.

2Authors’ calculations from original survey data; Section 2.2 discusses these numbers in more detail.
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with a descriptive survey documenting the prevalence of wage withholding and a theoretical

framework to understand the trade-offs workers face when their wages remain unpaid.

We obtain three main empirical results: (i) delaying wages modestly increases employee

effort rather than eliciting retaliatory behavior — an effect driven by the prospect of future

pay; (ii) signaling salary reliability raises job take-up, especially among individuals otherwise

disinterested in wage employment but (iii) does not affect workforce quality or composition.

These findings suggest that, in a context with slack labor markets, firms face minimal pro-

ductivity losses from engaging in wage withholding, helping explain its prevalence.

We begin our analysis by documenting the prevalence and economic significance of wage

arrears in Nigeria. Drawing on original survey data (n = 1, 279), we find that 30 percent

of workers across firms of all sizes report experiencing delayed or unpaid wages. Workers

rarely take action in response — only 19 percent left their job, and only one percent pursued

recovery through legal channels. These experiences translate into concerns about employers’

reliability: 47 percent of respondents worry that small employers, and 31 percent that large

employers, fail to pay wages as agreed.

After documenting the prevalence of wage arrears, we analyze how workers respond to this

practice. To understand the trade-offs workers face when their wages remain unpaid, we

develop a theoretical framework in which worker reactions to delayed payments play a central

role. We model wages as non-binding promises. Unpaid amounts accumulate as outstanding

balances that roll over into subsequent periods and increase the amount a worker ought to

be paid in the future. This framework generates three predictions. First, the relationship

between wage arrears and optimal worker effort is ambiguous and depends on the institutional

environment. In settings such as Nigeria, where payment uncertainty is high, unpaid wages

can initially incentivize workers to exert greater effort to increase the likelihood of continued

employment and eventual repayment. Second, when uncertainty about wage payment is high,

increasing payment certainty raises workers’ willingness to accept wage employment. Third,
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the effect of selection on workforce composition is ambiguous: if driven by productivity, new

workers will be more productive; if driven by risk preferences, they will be more risk averse.

To empirically study workers’ behavior in response to wage withholding, we conducted a

field experiment in Lagos. We incorporated a local firm and recruited individuals for in-

person image-labeling tasks tailored to this experiment to precisely measure productivity.

We recruited two distinct samples. The first sample consisted of active jobseekers who proac-

tively responded to physical job advertisements (n = 638), allowing us to study behavioral

responses among typical employees. The second sample, reached through in-person recruit-

ment, consisted of individuals not seeking wage employment (n = 1, 079) and enabled us

to study how salary uncertainty might deter people from entering wage employment.3 All

recruitees were randomly assigned to one of three employment conditions that varied in

salary certainty: (i) high-certainty, guaranteeing timely wage payments; (ii) low-certainty,

explicitly stating a 10 to 50 percent chance of nonpayment in a given pay cycle; and (iii) a

control condition with no information about payment reliability.

This design allows us to identify three effects that directly map to the predictions of our

conceptual framework. All recruitees were required to signal their willingness to work under

their assigned terms by attending an in-person orientation day.4 Drawing on the in-person-

recruited sample, this setup allows us (i) to study selection into wage employment in re-

sponse to higher salary certainty. We then hired 600 recruitees who attended the orientation

day across two employment rounds. The first round, comprising only job-advertisement re-

cruitees, is used (ii) to identify employees’ behavioral responses to delayed pay. Among those

whose terms explicitly mentioned possible payment delays, we randomly assigned salary de-

lays during employment to study employees’ ensuing behavior.5 The second round, which

included both recruitment samples, is used (iii) to examine workforce composition. By com-

3All recruitment was conducted in collaboration with a local agency whose recruiters presented themselves
as employees of a third-party company hiring on behalf of a client.

4Each recruit received a letter outlining the terms of potential employment. While these terms were
fixed, participants understood that actual hiring depended on vacancy availability and confirmed interest.

5Ethical considerations are discussed in Section 4.7.
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paring the productivity and characteristics of workers newly attracted by reliable pay to those

of typical jobseekers, we assess whether higher salary certainty alters workforce composition.

First, we find that being owed salary leads to a modest but statistically significant increase in

employee productivity: image classification performance increased by 0.5 percent (p < 0.01)

on our continuous accuracy index, corresponding to a 5.6 percent (p < 0.05) improvement

in flawless task completions. These effects are robust across a range of checks and driven by

employees with weaker outside options, for whom job loss or forgoing unpaid salaries would

be especially costly. Results also remain unchanged for the ex-ante designated “high-stakes”

images, where employees were asked to exert greater effort but also had an opportunity to

retaliate against the employer. We find no meaningful changes in absenteeism and hours

worked in response to salary delays. Overall, these findings suggest that in environments

with limited legal recourse, unpaid wages can motivate greater worker effort rather than

provoke retaliation, consistent with the first prediction of our conceptual framework.

Second, we find that salary uncertainty deters individuals with higher outside options from

selecting into wage employment. Receiving a terms-of-employment letter explicitly convey-

ing higher salary certainty significantly increased job take-up, especially among in-person-

recruited individuals who had initially expressed no interest in the job. Take-up in this group

increased by 11 percentage points (p < 0.01), corresponding to a 25 percent effect size. In

contrast, job acceptance exceeded 95 percent among individuals who actively responded to

job advertisements and have measurably lower outside options, with no significant variation

across treatment arms — consistent with our model’s prediction that salary certainty should

matter primarily for those with stronger outside options. We interpret these findings as

evidence that pervasive salary uncertainty deters a substantial share of the population from

pursuing wage employment.

Third, we find that selection into employment induced by higher salary certainty is not

driven by differences in worker productivity but rather reflects variation in risk preferences.
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We first examine whether workers attracted by reliable pay differ in productivity or charac-

teristics from typical employees. To do so, we use a standard LATE framework (Imbens and

Angrist, 1994), treating assignment to the high-certainty employment condition as an instru-

mental variable for job take-up. Identifying the characteristics of compliers — individuals

induced to accept the job by the high-certainty employment condition — shows that they are

statistically indistinguishable from always-takers, employees who accept wage employment

even in the control condition. However, there is suggestive evidence that compliers are more

risk-averse than always-takers and more closely resemble never-takers. Second, we assess

productivity differences between the in-person recruited sample and the job-advertisement

recruited sample and find that they perform equally well. These results suggest that while

reliable payment attracts additional workers, it does not substantially affect workforce qual-

ity or composition. This implies limited productivity consequences for firms in our setting,

given the slack labor market.6

As a final exercise, we leverage randomized wage offers to quantify individuals’ monetary

valuation of salary certainty. We calculate the marginal rate of substitution between salary

certainty and the wage offer to obtain a willingness-to-pay (WTP) measure.7 Individuals

place substantial value on salary certainty, with an estimated WTP of about 25,000 Nigerian

Naira (NGN) — approximately USD 15 — corresponding to over 100 percent of the median

weekly wage. To validate these estimates, we use a choice experiment administered during

the initial job interview or information session and obtain strikingly consistent results.

Our findings suggest that environments with weak enforcement and limited worker recourse

create firm-side moral hazard. Firms can engage in wage withholding while facing limited

6The latest official labor underutilization rate, reported for 2024, was 14.5% (National Bureau of Statis-
tics, 2024). This measure combines unemployment and time-related underemployment, i.e., individuals who
work less than full-time and would like to work more. In a context where many people hold informal jobs that
are rarely full-time, this is the most appropriate indicator for assessing labor market slack. As an empirical
reference for labor market slackness, we were able to recruit more than 300 employees within roughly three
weeks of posting job advertisements for our experiment.

7Strictly speaking, this measure captures the amount of salary individuals were willing to forgo for greater
salary certainty, but interpreting it as a WTP remains conceptually valid.
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risk of legal challenge and incurring only minor productivity losses. A back-of-the-envelope

calculation combining our extensive- and intensive-margin estimates indicates that, in our

study setting with slack labor markets, firms’ productivity decreases by about 0.2 percent.

This decline would likely be larger in environments where labor markets are tighter and

replacing workers is more costly. At the same time, wage withholding imposes substantial

welfare costs on workers, reflected in their high valuation of reliable pay. Taken together,

these results suggest that firms face little incentive to refrain from wage withholding, high-

lighting the potential role of stronger institutional enforcement in improving conditions for

workers and discouraging such practices.

One caveat to our findings is that we do not capture potential general-equilibrium effects

on firms. In our data, workers who avoid wage employment are more likely to enter self-

employment, where they compete with firms. This competition may impose additional costs

on firms — an important avenue for future research. A further limitation is that, although

wage withholding directly reduces workers’ welfare, it may also generate offsetting effects

that we cannot measure. Firms might, for instance, be less willing to hire if withholding

wages were not an option.

Prior to this study, systematic evidence on wage arrears in low-income countries was limited

to insulated public-sector settings (Flynn and Pessoa, 2014; Buehren et al., 2018). More

broadly, documentation of wage arrears and analysis through a macroeconomic lens exist for

post-Soviet Russia (Alfandari and Schaffer, 1996; Clarke, 1998; Lehmann et al., 1999; Earle

and Sabirianova, 2002; Gerry et al., 2004; Lehmann and Wadsworth, 2007; Earle and Peter,

2009) and Ukraine (Boyarchuk et al., 2005).8 However, to the best of our knowledge, no

prior research has systematically documented workers’ experiences with unpaid wages.

Second, our analysis builds on existing research that examines worker performance and

8While wage arrears are typically not an issue in industrialized economies, related phenomena such as
wage theft — especially minimum-wage violations — are documented in low-skilled labor markets in these
contexts (Bernhardt et al., 2009; Milkman et al., 2010; Robinson et al., 2011; Galvin, 2016; Clemens and
Strain, 2022).
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behavior, especially in low-income countries (e.g. Falk, 2007; Kaur et al., 2015; Breza et al.,

2018; Freeman et al., 2025; Kaur et al., 2025). We demonstrate, theoretically and empirically,

that salary delays can serve as an incentive mechanism by motivating workers to increase

effort to secure future payments. This finding aligns closely with evidence showing that

performance-linked incentives increase worker productivity in low-income contexts (Bandiera

et al., 2007; Ashraf et al., 2014, 2018; Guiteras and Jack, 2018) and more generally (e.g.

Lazear, 2000).

Third, we also contribute to the literature on labor-market frictions in low-income countries

(see Breza and Kaur (2025) for a recent overview). A growing body of evidence documents

worker reluctance toward wage employment, driven by preferences for flexibility (Blattman

and Dercon, 2018) — potentially linked to habit formation (Cefala et al., 2024) — com-

plementary labor supply (Donald and Grosset, 2024), redistributive pressures (Carranza et

al., 2022), and cultural norms (Cassan et al., 2021; Oh, 2023). Kapoor (2025) investigates

how liquidity constraints and limited firm commitment shape contractual preferences among

job-seeking day laborers in Indian spot-labor markets. We go beyond this evidence to show

that salary uncertainty — arising broadly from widespread wage arrears — constitutes a

general and significant deterrent to wage employment. More broadly, our findings highlight

that payment uncertainty shapes individual behavior, consistent with evidence from other

contexts (e.g. Dunn, Gottlieb, Shapiro, Sonnenstuhl and Tebaldi, 2024).

2 Salary Uncertainty in Nigeria: Context and Empirical Patterns

In this section, we briefly outline the broader context of our study and present novel descrip-

tive evidence on salary uncertainty and wage withholding in urban Nigeria. We document

six new facts that describe its scale, incidence, and workers’ responses. The institutional

and economic context is essential to conceptualize both the emergence and consequences

of widespread wage arrears. Although our data and contextual description are specific to

Nigeria, the setting shares key features with labor markets across many low-income countries.
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2.1 Context

The setting for this study is Lagos, a megacity in southwestern Nigeria with approximately

18 million inhabitants. Lagos is Nigeria’s largest city and economic hub, although Nigeria

remains among the poorest countries in the world, with a GDP per capita of $1,596.9 in

2023 (World Bank, 2023 USD). Nigeria’s economy is heavily dependent on oil, making it

sensitive to fluctuations in global oil prices and causing recurrent inflationary pressures.

This volatility exacerbates financial insecurity for firms and workers alike. While the global

technology boom has also reached Nigeria, making Lagos home to one of Africa’s most vibrant

startup and tech sectors, the majority of people still work in more traditional economic

activities. Retail and manufacturing, for instance, are important sectors both in Lagos and

across Nigeria (PwC, 2024). Many of these businesses are notably small and clustered in

market-like settings; as an example, Lagos’s Computer Village is a market named after its

concentration of small-scale IT and phone retailers. Most of these shops are independently

owned, typically employing only a few individuals. In fact, micro, small, and medium-sized

enterprises collectively employ around 80 percent of Nigeria’s workforce and generate over 40

percent of its GDP (PwC, 2020, 2024).9 Micro enterprises constitute over 95 percent of these

businesses, making the median enterprise in Nigeria effectively a one-person operation. The

vast majority of these enterprises operate informally, with limited access to formal financial

systems and minimal regulatory oversight.

Lack of effective governance and regulatory enforcement also characterizes Nigeria’s broader

institutional environment. A recent U.S. Department of State Human Rights Report de-

scribes widespread corruption, substantial shortcomings in enforcing employment laws —

violations of minimum wage regulations and basic labor standards are rarely investigated

— and an overall grim human rights situation in Nigeria (US Department of State, Bureau

of Democracy, Human Rights and Labor, 2023). This characterization resembles scholarly

9Micro enterprises generally have 10 or fewer employees, small enterprises 11–50 employees, and medium-
sized enterprises 51–200 employees.
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assessments of Nigeria’s rule-of-law environment, which document compromised judicial inde-

pendence, political interference, and routine disregard for judicial decisions (e.g. Akomolafe,

2021; Igwe, 2021). Nigeria’s consistently low global position in the World Justice Project’s

rule-of-law index reflects these conditions.10 Such conditions are not unique to Nigeria; un-

reliable law enforcement and the lack of an impartial, well-functioning judiciary are common

institutional characteristics in low-income countries (Sánchez de la Sierra, 2021; Sánchez de

la Sierra et al., 2024).

2.2 Survey Evidence: Six New Facts on Wage Withholding

We conducted an original survey to document new empirical facts about wage withholding

in Nigeria. Between June and August 2025, we surveyed 1,279 individuals in Lagos. To

obtain a representative sample of the city’s low- and medium-skilled labor force, enumerators

approached respondents at busy public locations using a randomized skip pattern. Because

our focus is on workers’ experiences with wage withholding, we restricted the sample to

individuals who reported current or previous employment. The main survey findings are

presented in Figure 1, which summarizes six new facts about wage withholding.

Fact 1: Wage withholding is prevalent. Panel (a) shows that salary delays and non-

payments are widespread. Overall, 29.9 percent of survey respondents reported having ex-

perienced at least one form of salary difficulty. We define salary difficulty as experiencing

one or more of the following: (i) delayed salary payments, (ii) partial salary payments, or

(iii) complete non-payment of wages. Among respondents, seven percent reported receiving

only partial payments and four percent reported no payment at all.11 The most common

problem, however, was delayed salary payments, affecting 19 percent of respondents.12

10The World Justice Project is an independent organization that publishes annual global rule-of-law
rankings based on factors such as constraints on government power, absence of corruption, regulatory en-
forcement, and protection of fundamental rights. Nigeria has consistently ranked 120th or lower out of 142
countries over the past three years.

11Respondents could select more than one category, but only very few did.
12Appendix Table A.5 shows that individuals expect wage withholding to occur with a very high proba-

bility if they were to start working at a firm tomorrow.
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Fact 2: The median delay is one month. Panel (b) shows the distribution of delay

durations. Among respondents who experienced payment delays, the median duration of

their longest reported delay was one month. About 25 percent of affected workers experienced

delays of four months or longer.

Fact 3: Wage withholding occurs across firms of all sizes. Panel (c) shows that

delayed and unpaid wages occur across firms of all sizes. We group firms into three size

categories. Salary difficulties become less common as firm size increases: 40 percent of

respondents reported their worst salary difficulty at small firms (fewer than 10 employees),

32 percent at medium-sized firms (10− 50 employees), and 19 percent at large firms (more

than 50 employees). While a large share of cases remains concentrated in small firms, there is

still a substantial probability of experiencing salary difficulties even in very large and formal

firms. This pattern underscores that wage withholding is not limited to the informal sector

or small firms but affects the entire economy.13

Fact 4: Worker responses are limited. Panel (d) shows how employees respond to

wage withholding. Only 19 percent of employees reported leaving their jobs in response

to not receiving their salary — a surprisingly low share given that paying the agreed wage

is among an employer’s core obligations to employees.14 Moreover, firms appear to face

minimal legal risk, as almost no respondents reported taking legal action or seeking union

assistance.15 Nevertheless, employees largely disapproved of salary withholding; only eight

percent indicated understanding of the situation.16

13Panel B of Appendix Table A.4 shows that 49 percent of survey respondents know that someone within
their direct social environment has experienced salary difficulties.

14Panel A of Appendix Table A.2 provides details on how respondents coped financially with unpaid
salaries.

15Public sector employees also experience wage withholding for example.
16In Panel A of Appendix Table A.4, we provide additional evidence that the social norm and clear

expectation is for firms to pay their employees fully and on schedule.
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Figure 1: Facts About Wage Withholding
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Note: This figure presents the six key facts established by our descriptive survey. Panel (a)
shows the overall prevalence of wage withholding, and Panel (b) displays the distribution of delay
durations. Panel (c) reports the occurrence of wage withholding by firm size, while Panel (d)
illustrates employees’ reported responses to wage withholding. Panel (e) summarizes workers’
concerns about wage employment, and Panel (f) documents their perceptions of why wages were
withheld. 11



Fact 5: Wage withholding is a substantial concern. The widespread occurrence of

wage withholding translates into strong concerns about being paid as agreed when consid-

ering employment. Panel (e) summarizes these concerns, showing that reliability of pay is

the primary issue workers associate with both large and small firms.17 Just over 47 percent

of respondents expressed concern about salary payments when thinking about employment

at small informal firms, and 31 percent expressed concern about employment at large for-

mal firms.18 In addition, respondents also expressed concerns about employers not honoring

other aspects of the work agreement (e.g., working hours), job loss, and religious or ethnic

discrimination in the workplace.19

Fact 6: Workers perceive wage withholding as both involuntary and deliberate.

Panel (f) illustrates employees’ perceptions of why their wages were withheld. Employees

attribute a substantial share of these difficulties either to employers’ inability to pay due to

poor business conditions (40 percent) or to deliberate wage withholding (27 percent). These

responses suggest two main perceived reasons for wage withholding: employers’ liquidity

constraints and intentional nonpayment.

3 Theoretical Framework

In this section, we develop a theoretical framework to understand the mechanisms driving

workers’ responses to unpaid wages. The purpose of the model is twofold. First, it illustrates

the trade-offs workers face when their wages remain unpaid. Second, it generates predictions

about worker behavior that guide the interpretation of our empirical results.

17Survey participants were asked whether they had any concerns when thinking about employment and,
if so, which ones. To avoid biasing responses, they could express more than one concern, so percentages do
not sum to 100 but reflect the frequency with which each concern was mentioned.

18Because employment in small businesses owned by members of one’s social network is common, we also
present results from a randomized subset of respondents who were explicitly asked to consider employment
at a small business owned by a family member or friend. The level of concern remains largely unchanged.

19In Appendix Table A.6 we provide additional descriptive evidence that salary uncertainty influences
stated employment preferences. Our survey respondents overwhelmingly express a preference for self-
employment over wage employment mirroring synthesized findings by Breza and Kaur (2025).
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We model wages as non-binding promises and study the decision problem of a forward-looking

worker who must choose how much costly effort to exert when wages remain unpaid. Unpaid

balances roll over into the next period and are added to the amount the worker ought to

receive. When accepting the job, the worker holds an initial belief that the firm will pay wages

as agreed. As unpaid balances accumulate, the worker updates these beliefs about the firm’s

future payments and compares the continuation value from remaining at the firm with the

value of their outside option. The effort decision therefore depends on the worker’s evolving

beliefs and the attractiveness of alternatives outside the firm. The framework focuses on

worker behavior in an environment characterized by weak enforcement and uncertain wage

payments. To capture this environment in the simplest form, we assume firms differ only in

their payment reliability: a strategic firm that never pays and a non-strategic firm that pays

in full unless hit by a liquidity shock. This reduced-form setting generates a simple belief

structure that links workers’ expectations and outside options to their effort responses. We

match the model to empirically elicited beliefs about payment probabilities, which allows us

to derive qualitative predictions for the context we study.

In Appendix F, we extend the framework by endogenizing firms’ repayment behavior and

show that the simplified version captures the essential worker-side mechanisms without loss

of generality. We then numerically solve for an equilibrium in which workers’ beliefs and

firms’ repayment policies are jointly consistent.

Setup. The model is set in discrete time over an infinite horizon, and firms are of two

permanent types: strategic (S) and non-strategic (N). Firms offer wage w to workers,

but strategic firms never pay, whereas non-strategic firms pay unless experiencing liquidity

shocks. Each period, non-strategic firms face i.i.d. liquidity shocks L ∼ Geom(ρ) that end

with probability ρ implying that a shock can persist across multiple periods. During a shock,

the firm withholds the wage; when the shock resolves, it resumes full payment.

Workers hold priors over firm types: let λ0 denote the probability that a newly matched
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worker believes their employer is of type S. In each pay cycle t, firms either pays the full

amount due or nothing — if they are the strategic type or face a liquidity shock. Let χt ∈

{0, 1} denote the realized payment decision applied to wages outstanding from past periods

and the current period’s wage, so that arrears evolve according to Bt+1 = (1− χt)(Bt + w).

Workers observe χt, update their beliefs by Bayes’ rule about the firm type they face, and

thus the likelihood of future payment, which evolves according to

λt(λ0, ρ) = 1− (1− λ0) exp(−ρBt/w)

λ0 + (1− λ0) exp(−ρBt/w)
, λ0 ∈ (0, 1), ρ > 0 (1)

for as long as workers remain unpaid. After updating beliefs, workers choose costly effort et

which determines the probability p(et) that the match continues (p′(et) > 0 and p′′(et) < 0).

If the match breaks, the firm must repay outstanding wages, scaled by a penalty factor ξ > 1,

with probability φ.

3.1 The Worker’s Problem

The worker observes Bt+1 — the amount of owed wages carried into the next pay cycle

— after the realized payment χt and then chooses effort et. Effort affects both current

utility, through its convex cost ψ(et) and the continuation value, since higher effort raises

the probability that the match continues into the next period, reflecting Lazear (2000).

Future utility depends on whether the match survives or breaks. If the match continues,

utility reflects the expectation of future payments after workers update their beliefs about

the firm type they face; if the match ends, it reflects the outside option and the probability

of recovering outstanding wages. The worker’s value function is therefore

V (Bt;λ0, ρ) = max
et

{
u

observed payment︷ ︸︸ ︷(
χt(Bt + w)

)
−ψ(et)

+ β
[
p(et) E[V (Bt+1;λ0, ρ)] + (1− p(et))

(
V out + φu(ξBt+1)

)]}
. (2)
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Equation (2) shows that the worker’s value depends on two key objects corresponding to

the two possible outcomes of the match. When the match breaks with probability 1− p(et),

the worker receives the outside option and, with probability φ, any recovered arrears and

penalties. We treat φ as exogenous, capturing the strength of the institutional environment.

In settings with well-functioning judicial systems, φ may approach one, reflecting a high

probability that workers can successfully recover arrears. In contrast, in environments such

as Nigeria, where enforcement mechanisms are weak, φ is likely close to zero, reflecting the

limited ability of workers to reclaim unpaid wages.

When the match continues with probability p(et), the worker receives the expected continua-

tion value, E[V (Bt+1;λ0, ρ)], which captures the tension workers face. As arrears accumulate,

the total amount owed increases, mechanically raising the expected utility from remaining

with the firm since more pay is due in the next period. However, beliefs about the likelihood

of receiving payments in the future may counteract this effect. The belief of facing a firm

that eventually repays is downward sloping in B and hence higher arrears have an ambiguous

effect on the worker’s expected continuation value.

3.2 Predictions of the Model

We now use the model to derive three predictions about worker behavior and productivity.

To derive qualitative predictions for the setting we are studying, we estimate λ0 and ρ via

nonlinear least squares using workers’ beliefs about the likelihood of eventual payment after

sustained nonpayment, elicited in the survey described in Section 2.2.20

Qualitatively, the context of our study is characterized by three key features. First, there

is a low probability of recovering unpaid wages through the legal system (see Figure 1d).

Second, workers hold a high prior belief that they may face a firm that does not pay wages

as agreed (see Appendix Table A.5). Third, workers maintain relatively strong beliefs that

they will eventually be paid even after experiencing prolonged nonpayment (see Appendix

20See Appendix F for details on estimation.
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Figure A.1). These features are captured by the parameterization λ0 = 0.41, ρ = 0.14, and

φ = 0.2.21

Prediction 1 (Ambiguous Initial Effort Response). Optimal worker behavior hinges

on the worker’s first-order condition, which reads

ψ′
(
e∗t (Bt+1)

)
= β p′

(
e∗t (Bt+1)

)[
E[V (Bt+1;λ0, ρ)]− V out − φu(ξBt+1)

]
. (3)

Differentiating the first-order condition with respect to wage arrears B, provides an expres-

sion for how optimal effort responds to increases in arrears. Evaluating this expression for

B = 0, we obtain

de∗

dB

∣∣∣∣
B=0

≷ 0 ⇐⇒ E[Vw(w;λ0, ρ)] ≷ φ ξ u′(w). (4)

Prediction 1 highlights that the initial effect of wage arrears on employee effort is theoreti-

cally ambiguous, depending on the enforcement probability φ and the marginal value of an

outstanding wage balance. This ambiguity is illustrated in Panel (a) of Figure 2. Under

a parameterization resembling our study setting (φ = 0.02) effort initially increases and

gradually declines as wages remains unpaid. In contrast, when the probability of recovering

unpaid wages is high even after the match ends (φ = 0.9), effort declines immediately and

much more sharply.

Prediction 2 (Worker Participation). Workers’ beliefs do not only affect their behavior

on the job, but also matter for the decision whether to accept a job. Assume a worker accepts

employment if and only if E[V (B0;λ0, ρ)] ≥ V out, i.e. if the ex-ante value of the job exceeds

the outside option. Suppose firms can issue a credible signal G, such as a third-party-verified

salary guarantee, which shifts workers’ initial prior about firm type to λG0 < λ0 while keeping

the remaining environment constant. This guarantee would increase the expected value of

21See Appendix F for additional details on model parameterization.
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Figure 2: Predictions of the Model

(a) Prediction One: Worker Effort
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(c) Prediction Three: Worker Heterogeneity
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Note: This figure plots the three predictions of the model. Panel (a) shows workers’ optimal effort
when wage payments fail to materialize. The blue solid line illustrates the predicted dynamics
under weak contract enforcement, while the dashed orange line represents the case with stronger
enforcement. Panel (b) shows how the value from accepting a job varies with the prior belief that
the firm will never pay the promised wage (i.e. is of type S). Ex ante, this value declines with
higher prior beliefs of facing a non-paying firm; thus, any reduction in the initial prior λ0 increases
the expected value of the job. Panel (c) shows the set of workers — characterized by ability and
absolute risk aversion — who would accept the risky job over their outside option. The blue solid
line depicts workers accepting the job under the prior λ0 = 0.41. Any reduction in the belief of
facing a nonpaying firm makes wage employment more attractive. Importantly, marginal entrants
can differ along two dimensions: higher ability or greater risk aversion. The orange line illustrates
this margin by showing the combinations of worker types that would accept wage employment
following a shift to λ0 = 0.3.
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the jobs E[V (B0;λG0 , ρ)] > E[V (B0;λ0, ρ)] as Panel (b) of Figure 2 illustrates. This implies

that take up of jobs should unambiguously increase if the job offer contains a credible signal

about the firm type.

Prediction 3 (Worker Heterogeneity). We now introduce worker heterogeneity along

two dimensions: ability and risk aversion. We assume that workers’ outside options increase

with ability. Accepting a job is risky when ex-ante uncertainty about wage payments is

high, compared to the risk-free but lower income stream available in the outside option. We

simulate this trade-off in Panel (c) of Figure 2 showing the combinations of risk aversion and

ability for which accepting wage employment is profitable. This exercise highlights a key

insight: when the initial belief about firm type (λ0) decreases, the additional workers who

now find wage employment attractive may be either more able or more risk averse.

4 Experimental Design and Implementation

Our experiment is designed to test the predictions outlined in Section 3 by examining three

complementary dimensions of salary uncertainty: (i) employees’ on-the-job effort responses

to delayed salary payments, (ii) the overall impact of salary uncertainty on labor force

participation, and (iii) its effect on workforce composition, specifically regarding the types

of workers who choose to accept employment.

To examine these outcomes, we incorporated a firm in Nigeria, The Spartak Consult, whose

primary business activity is data classification and labeling. As a newly established firm,

The Spartak Consult had no preexisting reputation that could influence employee perceptions

or behavior. Through this firm, we were able to extend job offers and hire jobseekers for

short-term positions while maintaining complete control over working conditions and salary

payments.

Our experimental design follows a two-stage randomization. First, we designed three dis-

tinct job offers explicitly varying in terms of salary certainty — these offers form our initial
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treatment arms. To credibly convey differences in salary certainty to jobseekers, we collab-

orated with a local recruitment agency so that all salary-related information came from a

third party rather than directly from the employing firm. Through this collaboration, we re-

cruited individuals through two distinct strategies to reach different populations: individuals

proactively responding to job advertisements, and self-employed individuals who may not

actively seek wage employment. This strategy allows us to assess heterogeneous responses

to salary uncertainty across these populations.

In the second stage, conducted in two rounds with varying compositions of the two recruited

populations, we hired subsets of interested respondents. We then randomly implement salary

delays among respondents who accepted job offers explicitly mentioning the possibility of

delayed payments. To precisely measure productivity responses to these treatments, we

developed a job task tailored to this experiment.

The experiment ran from January to October 2025. We posted job advertisements from

January to early March and received most responses then, though some continued through

early June. In-person recruitment took place in two waves, from January to March and again

from June to July. Employment occurred in two rounds: February to May, and August to

October. End-of-employment surveys indicate that employees perceived the setup as genuine.

In both employment rounds, approximately 80 percent stated that image labeling was the

primary purpose of their employment arrangement (see Appendix G.1 for details).

4.1 Job Offer Treatments

Employment Terms Treatment 1 (Control Arm). In the first treatment arm, job-

seekers are informed that they work for a local Nigerian firm and receive a fixed monthly

salary. No additional information is given to jobseekers about payment modalities of salaries

or the firm.
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Employment Terms Treatment 2 (Uncertainty Arm). In the second treatment arm,

jobseekers received the same information as in treatment arm 1, but were additionally told

that each pay cycle carried a probability of salary nonpayment due to Nigeria’s difficult

economic conditions. This probability was randomized to take values of 10%, 20%, 30%,

40%, or 50%.

Discussing this risk ex ante with jobseekers is a limitation of the design, as wage withholding

typically occurs unexpectedly. Disclosure, however, was necessary for ethical reasons. To

preserve uncertainty, jobseekers were informed only that payment might be withheld; hence,

if wages were not paid on the scheduled date, employees did not know whether repayment

would follow.

Given the adverse economic context, jobseekers were generally unsurprised by the possibility

of nonpayment. As shown in Section G.2, receiving this information did not significantly

alter individuals’ beliefs about timely salary payments.22

Employment Terms Treatment 3 (Salary Certainty Arm). In the third treatment

arm, jobseekers receive the same information as in Treatment Arm 1. Jobseekers are ad-

ditionally informed that their salaries are guaranteed to be paid on time. The firm uses

a third-party automated payment system, directly connected to a bank account that holds

sufficient funds to fully cover salaries for the entire duration of the employment period.

There would be no uncertainty regarding timely salary payments. Jobseekers are further

reassured that no previous employees receiving this offer have reported delayed or unpaid

salaries. This treatment provides the credible salary-certainty shock required to identify

labor market participation and workfroce composition effects.

22We interpret this as further evidence that wage withholding is sufficiently common that making the
possibility explicit does not meaningfully change expectations about being paid on time.
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4.2 Recruitment and Measure of Take Up

To effectively conduct the recruitment according to our experimental needs, we collaborated

with a local recruitment agency, Unlocking Creativity. The collaboration allowed some of

our enumerators (referred to as recruiters in the following) to be temporarily affiliated with

Unlocking Creativity, visibly representing the agency during recruitment (e.g., wearing offi-

cial identification badges and using agency-branded materials). Recruiters then presented

themselves as recruiting for their client, Spartak Consult, our company set up for this exper-

iment. This approach enabled us to credibly conduct in-person recruitment leveraging the

credibility of the agency’s credentials while retaining complete control over the recruitment

team and their training to ensure maximum compliance to the study protocol. Moreover,

this collaboration enhanced the credibility of the guaranteed salary assurances in employ-

ment terms treatment arm 3. Recruiters’ visible affiliation with an independent agency made

their statements about salary payments more credible than if they had come from the client

company’s own recruiters, enabling us to credibly vary salary certainty.23

Job Advertisement Recruiting. To recruit employees actively seeking employment —

essential for estimating effort responses to salary delays among typical employees, and serving

as a comparison group for workforce composition analysis — members of the field team

posted physical job advertisements across selected areas in Lagos from January to early

March 2025.24 The form, content, and placement of these advertisements, shown in Appendix

Figure B.2, were chosen to closely resemble local norms.25 The advertisements were printed

in black-and-white on letter (A4) size paper and pasted on walls, poles, and similar public

surfaces in selected areas within a roughly one-hour commuting radius of the work locations.

They provided only limited information, simply mentioning the general nature of the work

23Follow-up phone surveys, described in greater detail in Appendix G.2 and Appendix Figure G.10,
confirm the effectiveness of this treatment in reducing individuals’ concerns about receiving their agreed
salary payments.

24We started posting job advertisements on January 11, 2025. Job advertisements were then posted for
the remainder of January.

25Appendix Figure B.3 shows our job advertisement among similar job postings in Lagos.
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(data classification tasks) and a salary range (50,000 NGN to 85,000 NGN), and instructed

jobseekers to contact The Spartak Consult via phone call or WhatsApp message to express

their interest. Providing only basic information in the job advertisements also served our

experimental design. By limiting initial details, we obtained an initial sample of jobseekers

who responded to the job advertisement independently of any subsequent information about

salary payment conditions. All jobseekers who responded to the job advertisement were

invited to a job interview.

Interviews were conducted starting on January 27, 2025, either at a rented event hall or

at the company’s office location.26 During the interviews, we collected jobseekers’ baseline

characteristics and administered a shortened version of Raven’s Progressive Matrices, as well

as a choice experiment designed to elicit jobseekers’ preferences over different types of job

offers.27

At the end of each interview, we provided jobseekers with a letter specifying their terms of

potential employment. The terms of employment letters differed in terms of the monthly

salary offer — randomized between 55,000 NGN and 85,000 NGN (approximately USD 22

to 34) — and also conveyed different information about salary reliability according to the

three treatment arms described in Section 4.1.

In-Person Recruiting. To effectively reach our target sample of individuals who are not

necessarily looking for employment — and who thus plausibly have higher outside options,

crucial for estimating labor force participation and workforce composition effects — we im-

plemented an in-person recruitment strategy. Recruiters frequented pre-specified market

areas and busy public spaces, approaching individuals according to a predetermined skip

26Initially, we held interviews on consecutive days to recruit employees for the first employment round
which was planned to start in early February. Subsequently, interviews were usually held on a weekly basis.
Appendix Figure B.4 reports the days on which we held interviews and the number of interviews per day.

27We followed Langener et al. (2022) in designing a shortened version of Raven’s Progressive Matrices.
Details about the choice experiment are provided in Appendix J.
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and selection pattern.28 Approached individuals were invited to participate in an imme-

diate, approximately 20-minute job information session. For individuals who immediately

expressed interest, recruiters proceeded directly with the job information session; those ini-

tially hesitant were offered a small monetary incentive (randomized between approximately

USD 0.4 and USD 1.5), paid immediately after the session, regardless of their subsequent

interest in employment.29

The job information session mirrored the previously described job interview; we collected

baseline demographic information, administered the choice experiment, and provided the

same terms-of-employment letter at the end. As before, the letter stated a monthly salary

randomized between 55,000 NGN and 85,000 NGN (approximately USD 22 to 34), and varied

in salary reliability according to the three treatment arms described in Section 4.1.

In-person recruitment was conducted in two waves. The first wave began on January 20,

2025 and ended on March 6, 2025. The second wave began on June 30, 2025 and ended

on July 31, 2025. Appendix Figure B.4 shows the days on which we conducted in-person

recruitment and the number of interactions per day.

Measuring Take Up. Our first primary outcome measure is individuals’ willingness to

accept jobs under the conditions outlined in their respective letters detailing terms of poten-

tial employment. To credibly measure actual willingness to work, jobseekers were required to

attend an orientation day to formally express interest in the offered positions.30 Attendance

at the orientation day provides a credible measure of job acceptance, as it constitutes a

costly action clearly signaling genuine interest in employment.

28More details are provided in Appendix B.1.
29It was important that the incentive not come directly from the employing company, as this would send

a strong signal about the firm. Therefore, the incentive was paid by the recruitment company.
30The orientation day was a pre-scheduled, in-person event designed as a costly signal to elicit jobseekers’

interest. Although we provided additional job details during the session, the primary purpose was to record
the jobseekers’ interest given their terms of potential employment.
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4.3 Salary Delay Treatments

To identify employees’ on-the-job effort responses to delayed salary payments, we randomly

implemented salary delays among employees who accepted job offers in employment terms

treatment arm 2. Because these job offers explicitly informed employees about the possibility

of salary non-payment in any given pay cycle, we could ethically implement randomized

salary delays for employees assigned to this treatment arm. The randomization of salary

delays was stratified by age, gender, and treatment probability. Each pay cycle, employees

were randomized to either receive their salaries on time or not receive payment, in which case

unpaid salaries were added to the balance owed during the next pay cycle. Consequently,

an employee could experience salary delays never, once, or multiple consecutive times.31

Multiple consecutive treatments imply salary delays lasting several pay cycles, with the

maximum consecutive treatment duration restricted to three pay cycles.

While every employee ultimately received their full salary, including interest payments for any

delays, the wording used in the job offers — “salaries may not be paid in a given pay cycle”

— was chosen to maintain high ex-ante uncertainty. This design aimed to closely mimic

salary delays at other firms, where the possibility of delays typically remains unannounced

until they occur.32 By comparing the productivity of employees who have outstanding salary

balances with those who receive salaries on time, we can estimate the treatment effects of

salary delays.

4.4 Job Task

To accurately measure employee productivity, we designed a work task — labeling images of

Lego bricks — tailored to the particular requirements of this research project.33 This task

31We ensured that treatment status could not switch ‘on and off’ more than once.
32While salary delays typically occur unexpectedly at other firms, we explicitly disclosed this possibility

in our job offers for ethical reasons. See Section 4.1 for a discussion of why we believe that announcing these
possibilities in the job offers does not distort our estimates.

33We acknowledge that labeling Lego bricks is not a typical job task in this context. However, this task
closely resembles skills required in many jobs: carefully following instructions, managing tasks of varying
difficulty, and maintaining productivity in repetitive assignments.
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represents a specific instance of data labeling, an increasingly common type of work in which

workers manually add informational labels to individual data points (in this case, images)

to identify their attributes or assign them to specific categories. Such labeled data serve

as ground-truth datasets essential for training artificial intelligence models — for instance,

image-recognition tools.34

We digitally created 44,000 images of Lego bricks and defined six distinct categories —

related to the color, type, and quantity of bricks visible in each image — according to which

employees had to label the images. Categories could require one or multiple labels, resulting

in a total of 10 label observations per employee for each image.35 Employees performed

these labeling tasks individually on provided work computers using the online data labeling

platform Labelbox, which is designed for exactly this type of work. After completing all

labels for an image, the next image appeared immediately (Appendix Figure C.3 shows an

example). Importantly, all employees labeled the same dataset of images in identical order,

ensuring that every image was labeled by each worker. This design eliminates variation in

task content as a source of performance differences and allows us to account for learning over

time when estimating treatment effects.

We designed the labeling task to include two clearly distinguishable types of images: ‘regu-

lar’ and ‘high-stakes’. Approximately 91 percent were regular images with plain white back-

grounds. The remaining nine percent, designated as high-stakes, featured visually noisy,

captcha-style backgrounds (an example is shown in Appendix Figure C.2), increasing their

labeling difficulty. During their initial training, employees were explicitly instructed to de-

vote additional care and effort to labeling these high-stakes images, as mistakes would be

particularly costly for the company.

34We provide context about this type of work and show that it is a common task in Appendix C.4.
35For example, one category required employees to label the (uniform) color of the Lego bricks in the

image, selecting a single label from a predefined set of colors. Another category asked employees to indicate
which specific types of Lego bricks appeared in the image, requiring separate “yes” or “no” labels for each
of five possible brick types. More details on the labeling categories are provided in Appendix C.2.
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This pre-registered design allows us to assess effort responses on a generic task (regular

images) and on a more demanding, high-stakes task where employees also have the opportu-

nity to retaliate against the company. If outstanding salary balances induce retaliation, we

would expect performance on high-stakes images to deteriorate relative to regular images, as

mistakes on these images are particularly costly for the employer. By contrast, if employees

seek to signal effort to their employer, we would expect performance on high-stakes images

to be at least as high as on regular images. Further details on the image generation process

and labeling categories are provided in Appendix C.

Measuring Productivity. This job task allows us to evaluate employee performance at

the individual-image level, our key outcome measure. Because we digitally generated all

images, we know the correct labels for each image’s categories and can directly compare

employee-assigned labels to the correct ones. Our main analysis relies on two complementary,

pre-registered productivity measures. The first is a continuous index measuring the total

number of correct labels per image, ranging from zero (no correct labels) to ten (all labels

correct). The second is a binary index equal to one if all labels on an image are correct

and zero otherwise. For robustness, we also consider a productivity measure based on a

pre-registered subset of the labeled images (see Appendix E.1).

4.5 Employment Arrangements

Employment took place across two distinct rounds, each designed to identify different ef-

fects. The first employment round primarily focused on estimating employees’ on-the-job

effort responses to salary delays. For logistical reasons, this round began in two batches,

starting on February 3 and February 10, 2025.36 The second employment round, starting on

August 4, 2025, was designed to assess productivity differences between worker types and

further evaluate effort responses among employees with higher outside options.

36Individual employees effectively started on different dates if they missed their assigned first workday or
if they replaced another employee who quit shortly after starting.
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Employees received instructions to resume at one of six work locations. All work locations

were in proximity to each other accommodating 24 to 100 individuals. Employees were

expected to work 7.5 hours per day with a 30-minute break scheduled around lunchtime.

During work hours, employees only task was to label the images of Lego bricks as described

in Section 4.4

On their first workday, employees received extensive training, covering computer use and

detailed instruction on the labeling task, as well as logistical aspects of the job. The exact

dates for the scheduled biweekly salary payments were communicated to employees. Addi-

tionally, each work location had a fixed seating arrangement, and employees were allocated

to tables of four.37 Communication between tables was explicitly prohibited. To enforce this

rule as much as possible each table also had its own schedule, specifying start times, breaks,

and closing times. These measures were implemented to address potential spillover effects

of salary delays and are discussed and validated in Appendix E.2.

4.6 Supplementary Data Collections and Interventions

In addition to our primary data, we collected supplementary datasets from employee and re-

cruitee samples, in some cases through additional interventions. These data provide further

insights into employees’ experiences and responses to wage withholding, recruitees’ percep-

tions of job offers across the three treatment arms, and help contextualize the magnitude of

the treatment effects. Specifically, we: (i) conducted weekly WhatsApp surveys to track em-

ployees’ self-reported well-being; (ii) administered an end-of-job survey to elicit employees’

beliefs about salary delays and job perceptions; (iii) implemented a bonus-payment inter-

vention in the final week of employment round one to benchmark the magnitude of effort

responses; and (iv) ran a follow-up survey with recruitees who were not hired to capture

their perceptions of employment terms across treatment arms. Full details and results are

reported in Appendix G.

37In a few exceptions the number of employees per table was three or five.
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4.7 Ethical Review

This research has undergone ethical review processes both in the United States and Nigeria,

receiving IRB approval from relevant institutions. We recognize that experimentally delaying

salary payments raises important ethical considerations; however, we consider the study

ethically appropriate for several reasons. First, we explicitly communicated the possibility

of delayed wages clearly and transparently to all affected participants. Job offers specifically

stated that salaries might not be paid in a given pay cycle, and participants made a voluntary

choice whether to work under these conditions. Second, the phenomenon we study — wage

withholding — is common in the studied setting as documented in this paper, meaning that

participants were not exposed to risks beyond those encountered in everyday life. Third,

we conducted a full debriefing with all participants; they received full information about

the research and were paid any outstanding salary balance including interest payments to

account for the delay period.

In addition, end-of-employment surveys indicate that employees were generally satisfied with

their work experience, including those who experienced delayed salary payments. This ev-

idence further alleviates concerns about participants’ well-being and suggests that wage

withholding is not perceived as unusual in this context.

5 Data and Descriptive Statistics

5.1 Characteristics of Recruitment Samples

Over the period from January 2025 to July 2025, we recruited three distinct samples of in-

dividuals to estimate the impact of salary uncertainty on labor force participation. Because

we recruited for real jobs, these recruitees also formed the pool of potential employees, and

we later hired a subset of respondents from these samples for our two rounds of employment.

First, we interviewed 638 respondents who directly applied to our posted job advertisements
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(Sample I).38 Separately, recruiters interviewed a total of 1,079 individuals through our tar-

geted in-person recruitment strategy.39 Among these, 258 individuals agreed to participate

immediately without incentive (Sample II), while 821 only agreed after receiving the mone-

tary incentive (Sample III). Table 1 summarizes sample characteristics. From these samples,

we later hired a subset for two employment rounds.

As anticipated, the three samples differ noticeably along certain dimensions. While demo-

graphic characteristics are reasonably similar, self-reported job-search status differs substan-

tially across groups. The share of self-employed individuals is also substantially higher among

those who required a monetary incentive to participate in the job information session.40 At-

tendance at the orientation day also differs noticeably across samples. While attendance

was 95 percent for individuals recruited through job advertisements (Sample I), it was lower

for those recruited in-person — 60 percent for the unincentivized group (Sample II) and 44

percent for the incentivized group (Sample III).

5.2 Employment Patterns and Productivity

Employment Round 1. In the first employment round, which focused on identifying

employees’ effort responses to salary delays, we hired 300 jobseekers from recruitee sample

I (job-ad sample). The first column of Panel A in Table 2 shows the composition of this

round; 33 employees were assigned to employment terms treatment arm 1 (control) and 267

(approximately 90 percent, as specified in our pre-analysis plan) to treatment arm 2 (salary

uncertainty). Appendix Table B.9 summarizes employee demographics.

Panel B of Table 2 presents descriptive work patterns. On average, an employee experienced

one delayed payment during the three-month spell. The absenteeism rate, unadjusted for

38Appendix Figure B.5 shows the timing of the job-advertisement recruiting.
39Appendix Figure B.4 shows the timing of the in-person recruitment; recruiters’ conversion rate from

approach to interview was 44 percent.
40We refer to this group broadly as self-employed, although it includes individuals running small-scale

businesses—often not categorized as self-employment by respondents—and those engaged in casual daily
labor, which respondents frequently did not perceive as employment at all. For further discussion, see
Barker et al. (2024).
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Table 1: Characteristics of Recruitment Samples

Sample I Sample II Sample III

Characteristics

Age 29.53 25.65 27.16
% Female 0.53 0.40 0.42
Raven’s Matrices 8.16 8.09 7.40
% Searching for a Job 0.99 0.89 0.62
% Attending Orientation 0.95 0.60 0.44

Employment Status

Unemployed 0.51 0.47 0.26
Employed 0.10 0.11 0.15
Self-Employed 0.39 0.41 0.59

Highest Schooling

Secondary School 0.39 0.60 0.63
Vocational Training 0.01 0.02 0.01
National Diploma 0.16 0.15 0.13
University 0.44 0.22 0.20

Observations 638 258 821

Note: This table reports average characteristics across our three samples of recruitees. Sample
I: job-advertisement recruitees, i.e. individuals who responded to our job advertisement. Sample
II: in-person recruitees who participated in the job information session without a monetary incen-
tive. Sample III: in-person recruitees who required a monetary incentive to participate in the job
information session. Appendix Table B.8 provides a more detailed version of this table, reporting
additional variables, standard deviations, and percentiles.

any employees who permanently left work during the three-month period was 21 percent.

Conditional on being at work, the average employee worked for 7.16 hours per day, of which

6.12 hours were spent actively labeling images. Employees differed significantly at the speed

and quality with which they processed and labelled images. On average, employees labelled

15,332 images over the course of the work, with the employee in the 90th percentile labelling

almost 24,000 more images than the employee at the 10th percentile. The average employee

labelled 10 percent of images correctly.

Figure 3 shows employees’ empirical learning curve. After a steep initial increase at the start

of the employment spell, performance remained relatively constant over the remainder of the
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period. We provide summary statistics at the image-level in Appendix C.5.

Table 2: Employee Samples

Employment Round 1 Employment Round 2

Overall Overall Sample I Sample II Sample III

Panel A: Employment Sample Composition

Arm 1: Control 0.11 0.14 0.37 0.00 0.00
Arm 2: Certainty 0.00 0.61 0.63 0.62 0.58
Arm 3: Uncertainty 0.89 0.26 0.00 0.38 0.42

Panel B: Employee Work Patterns

Images labeled per day 255.73 207.82 212.31 204.31 205.70
Absent (0,1) 0.21 0.18 0.17 0.20 0.17
Hours at work 7.16 7.13 7.16 7.08 7.12
Hours spent working 6.12 6.15 6.17 6.10 6.16
Images labeled in total 15,332.38 8,305.79 8,485.84 8,164.52 8,220.82
Correct labels per image (0,10) 8.37 8.38 8.38 8.43 8.36
All labels correct (0,1) 0.10 0.10 0.10 0.10 0.10
Seconds spent per image 89.96 107.64 103.89 109.81 109.81

Observations 300 300 110 65 125
Employment duration (months) 3 2 2 2 2

Note: This table reports employees’ performance and terms of employment across the two employ-
ment rounds. For the second round, all statistics are presented separately by recruitment sample:
job-advertisement recruitees (Sample I), in-person and unincentivized (Sample II), and in-person
and incentivized (Sample III). All employees hired in the first round were recruited through job
advertisements. Panel A reports the composition of employment terms under which employees were
hired. Panel B presents performance-related statistics for employees.

Employment Round 2. The second employment round primarily focused on identifying

workforce composition effects. It also enabled us to estimate complementary effort responses

to salary delays among employees with higher outside options. We hired 300 jobseekers:

110 from recruitee sample I, 65 from recruitee sample II, and 125 from recruitee sample III.

Columns 2 to 5 in Panel A of Table 2 present the distribution across treatment arms; 14

percent (41 employees) received treatment arm 1 (control) offers, 61 percent (182 employees)

received treatment arm 2 (salary uncertainty) offers, and 26 percent (77 employees) received

treatment arm 3 (salary certainty) offers.
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Figure 3: Learning Curve
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Note: This figure plots employees’ empirical learning curves by employment round. The outcome
is the average number of correct labels per day, smoothed using a local polynomial regression
with an Epanechnikov kernel and a bandwidth of three days. The first employment round lasted
roughly three months (around 60 working days), and the second lasted about two months (around
40 working days).

6 Empirical Strategy and Results

We now turn to presenting our empirical analysis and experimental findings. We begin by

analyzing employees’ responses at the intensive margin — that is, examining how salary

delays affect the on-the-job effort and productivity of employees who continued working de-

spite experiencing withheld wages. Subsequently, we present the extensive margin results,

addressing labor force participation decisions and workforce composition effects. The em-

pirical strategy follows our pre-analysis plan, which pre-specified the outcomes, estimation

approach, and aggregation level of treatment effects.

32



6.1 Intensive Margin: On-the-Job Effort Responses

Effort Response Estimation. To estimate the effect of delayed payments on employee

productivity, we exploit random treatment timing and implement the event study estimator

of Borusyak et al. (2024). The estimator first fits a TWFE regression using only untreated

observations and then uses the estimated parameters to predict counterfactual outcomes

for treated observations. It is particularly well suited to our setting because the design of

our work task allows us to condition estimation on the labelled image q, yielding granular

predictions for each image.

Formally, let Gi ∈ G = {1, 2, . . .∞} denote employee i’s first treatment date t (Gi = ∞

if employee i is never treated). Additional, let yitq(g) denote the potential productivity

on image q for individual i on date t when treatment started at g. We can then define

event time as lit = t − gi.41 Event time is measured in workdays since treatment. Define

the set of untreated and treated employee-day observations as S0 = {(i, t) : lit < 0} and

S1 = {(i, t) : lit ≥ 0}, respectively. We estimate

yitq = α + δq + κi + σt + εitq (5)

via OLS on (i, t) ∈ S0 (i.e., untreated observations only). Here, yitq is the outcome of

interest — the continuous or binary index, described in Section 4.4 — for image q, labeled

by individual i on day t. The parameters δq, κi, and σt denote vectors of image, individual,

and date fixed effects, respectively. For treated observations (i, t) ∈ S1, we obtain predicted

untreated outcomes ŷitq(∞) = α̂ + δ̂q + κ̂i + σ̂t and compute the treatment effect of salary

delay at the employee-image level as τitq = yitq− ŷitq. We then aggregate these effects for each

41We can then define a binary treatment indicator Dit ∈ {0, 1} as Dit ≡ 1{l ≥ 0}.
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event time g using flexible weights ω
(l)
itq.

42 Formally, we define, with Sl ≡ {(i, t, q) : lit = l},

τg,ω =
∑

(i,t,q)∈Sl

ω
(l)
itq τ

(l)
itq . (6)

We consider two weighting schemes in our analysis. First, each image-level observation

receives the same weight, so the estimand is the average treatment effect for event-time g

across all images; this is the weighting we apply throughout our main analysis. However, this

weighting scheme does not account for differences in employees’ labeling speed, as employees

who label more images contribute proportionally more to the estimated effect. To address

this, we implement a second weighting scheme that assigns equal weight to each employee-

workday combination corresponding to event time g. Each image is weighted inversely

proportional to the number of images labeled by that employee on that workday. We then

aggregate the daily treatment effects to obtain weekly treatment effects and an overall ATE.

We compute standard errors in two ways. First, we use the conservative variance estima-

tor proposed by Borusyak et al. (2024) to obtain standard errors for our daily event-time

estimates τg,ω. We then obtain standard errors for the weekly and overall ATE aggregates

by applying the delta method to our daily event-time estimates. Second, we calculate and

report bootstrap standard errors, as proposed by Liu et al. (2024), for our final estimates.

Since we analyze multiple productivity measures we compute sharpened q-values following

Benjamini et al. (2006) to account for multiple hypothesis testing.43 We report both con-

ventional p-values and sharpened q-values in the results.

Identification of the treatment effects relies on random treatment timing, stratified by age,

gender and job offer details. As a validity check, we test for pre-trends following Borusyak

42We estimate treatment effects at the daily level, as specified in our pre-analysis plan, because we con-
sidered this frequency best suited to capturing heterogeneity in work performance before further aggregating
treatment effects. For example, performance may be influenced by daily factors such as extreme heat, power
outages, or network interruptions.

43This method is suitable for positively dependent p-values, see Anderson (2008) for a discussion. This
assumption is reasonable in our setting, as different productivity measures for the same image are likely
correlated through underlying worker ability and effort on that particular image.
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et al. (2024), testing whether all pre-treatment coefficients are equal to zero. Full details of

the test are provided in Appendix D.

To ease interpretation of the estimated effects, we impose two sample restrictions in all

estimations. First, we do not allow treatment status to switch “on and off.” To ensure that

truthful information was conveyed to employees, individuals were randomized into treatment

in each period. This implies that, in principle, an employee could be treated in one period,

untreated in the next, and treated again thereafter. To prevent such switching, we restrict

assignment so that individuals can only receive treatment in consecutive periods. Once an

employee is randomized out of treatment after having been treated in one or more consecutive

periods, they are no longer eligible to be randomized into treatment again. In addition, we

exclude employees who were treated in one period but then became untreated in the following

period. Since initial treatment was randomized, this exclusion effectively removes a random

subsample from some weeks of the analysis. The restriction ensures, however, that we only

use completely untreated individuals to estimate the fixed effects employed for imputation.

Second, we exclude the first 500 labeled images from all estimations. As shown in Figure 3,

employee performance exhibits a steep initial learning curve, making early labeling decisions

particularly noisy. Excluding these observations does not substantively alter the results and,

if anything, leads to slightly more conservative estimates.

Estimating Absenteeism and Day-Specific Outcomes. In addition to productivity

measured at the image level, we also estimate absenteeism and other outcomes defined at the

workday level, such as total time spent labeling and total work time. Our estimation strategy

follows the approach outlined above, again using the imputation estimator of Borusyak et

al. (2024), with the difference that outcomes are defined at the day rather than the image

level.44

44Specifically, we estimate

yit = α+ κi + σt + εit (7)
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Effort Results. We find that salary delay increases effort in image classification by about

0.5 percent relative to the control mean, with the dynamic patterns closely resembling the

simulations from our theoretical framework. Figure 4 presents weekly event-study estimates

for both the continuous (Panel (a)) and binary indices (Panel (b)), obtained by aggregating

the daily treatment effects from equation (6) to the weekly level.45 Over the course of the

experiment, employees increased their effort in response to longer salary delays. The pre-

treatment trends in both panels are flat and close to zero. For the continuous index, there is

an increase in the final week before treatment, but the coefficient is statistically insignificant

at conventional confidence levels.

Table 3 aggregates the daily treatment effects from equation (6) into a single ATE. Columns

(1) and (2) present results for the continuous and binary indices, respectively, for the full

sample of images. Columns (3) and (4) are analogous but restrict the sample to the ‘high-

stakes’ images, for which employees were encouraged to exert extra effort.46 The treatment

effects are very similar across the two image samples, indicating that employees who expe-

rienced salary delay maintained a consistently higher level of effort than those who received

their salary on time.

The coefficient on the continuous index quantifies the change in correct labels per image,

while the coefficient on the binary index quantifies the change in the probability of flawless

labeling. For example, the coefficient in column (1) indicates that employees’ performance

increases by 0.045 correct labels per image, on average, during periods of payment delay.

Relative to a baseline mean of 8.42 correct labels, this corresponds to a productivity increase

of 0.53 percent. This, in turn, corresponds to an increase in the probability of flawless

labeling of 0.6 percentage points, as shown in column (2). Relative to an 11 percent baseline

probability of flawless labeling, this implies a treatment effect of 5.4 percent.

via OLS on (i, t) ∈ S0. Here, κi and σt are defined as before, and yit denotes workday-specific outcomes.
45As pre-registered, we considered this the most appropriate level ex-ante for analyzing dynamic produc-

tivity responses to salary delay.
46See Section 4.4 for a more detailed discussion.
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Figure 4: Event Study Graphs: Estimates from Equation (6)

(a) Effect on Number of Correct Labels
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(b) Effect on Probability of Flawless Completion
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Note: This figure plots the dynamic effect of being owed salary payments on employees’ effort
measures. Panel (a) presents results for the number of correct labels per image, while Panel (b)
shows results for the binary indicator of whether an image was labeled entirely correctly. The
blue squares show the estimates of equation (6) aggregated at the weekly level, standard errors
are calculated using the conservative variance estimator proposed in Borusyak et al. (2024). The
orange circles show estimates from a separate regression testing for pre-trends as suggested by
Borusyak et al. (2024) (these are not from the same estimation and coefficients are not relative
to a single omitted time period as is often the case in figures like this one), see Appendix D for
details. Standard errors are initially clustered at the individual level and aggregated using the delta
method.

37



Table 3: Treatment Effects of Wage Withholding on Worker Effort

All Images High-Stakes Images

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.045 0.006 0.048 0.008
(0.016)*** (0.003)** (0.016)*** (0.003)***
[0.018]*** [0.003]** [0.019]*** [0.003]***

Observations (First Stage) 2,166,877 2,166,877 196,994 196,994
Observations (Imputed) 675,184 675,184 61,209 61,209
Individuals 297 297 297 297
SE Cluster Individual Individual Individual Individual
Mean of Dep. Var. 8.43 .11 8.41 .11
Q-Value 0.010 0.016 0.011 0.011

Note: This table reports the effect of being owed salary payments on employees’ effort measures
from equation (6), aggregated into a single ATE. Standard errors based on the conservative vari-
ance estimator of Borusyak et al. (2024), clustered at the individual level and aggregated using
the delta method, are shown in parentheses. Bootstrap standard errors with 500 replications, fol-
lowing Liu et al. (2024), are reported in brackets. ‘First-stage observations’ refer to the number
of observations used to estimate equation (5), while ‘imputed observations’ indicate the number
of counterfactual outcomes generated to estimate treatment effects. We report sharpened q-values
accounting for multiple hypothesis testing across our four productivity measures, based on the
p-values in parentheses.

To contextualize these magnitudes, we compare them to a one-standard-deviation change

in performance for each index. Across employees, the standard deviation of performance is

0.39 for the continuous index and 0.04 for the binary index (Panel C of Table 2). These

estimates imply that, in the initial weeks of experiencing salary delay, employees improve

performance by approximately 11.5 to 15.5 percent of a standard deviation, depending on

the productivity measure considered.47

As a second benchmark, we compare the estimated performance increase to the increase

induced by a bonus payment. In a separate intervention, we offered a bonus of ten NGN per

correctly labeled image, which increased performance by 1.4 percentage points. Under the

47The experiment cannot speak to any results beyond the experimental six-week window.
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assumption of a linear relationship between bonus amount and performance, the estimated

treatment effect of salary delay is equivalent to offering a bonus of approximately five NGN

per correct image.48

The Appendix contains multiple versions of Figure 4 and Table 3 incorporating a range

of robustness checks and complementary results. First, Appendix E.2 addresses potential

spillover effects of salary delay across employees — arising from the concern that individuals

with different treatment status may share the same work location — and shows that the

results are not sensitive to accounting for such spillovers. Second, we show that the results

are robust to using an alternative productivity index based only on a pre-registered subset

of the labels in Appendix E.1. Third, Appendix E.3 reports results using the alternative

weighting scheme for calculating daily treatment effects τg,ω, outlined earlier in this section,

and shows that results are largely robust to the choice of weighting. Fourth, we find that

the results are not meaningfully affected by the level of treatment penetration within a

work location, as reported in Appendix E.4. Fifth, we show that treatment effects are

larger in magnitude when the sample is restricted to the most difficult images — those

with the lowest average labeling performance in the untreated sample. Given high overall

labeling performance, additional effort should matter more for the most difficult images, and

Appendix E.5 provides evidence consistent with this expectation.

Heterogeneity of Effort Responses. To understand what drives the effort responses

to salary delay and if firms may face retaliation from a subset of employees, we investigate

heterogeneity of treatment effects. Specifically, we estimate versions of Equation (6) in

which estimands are separately aggregated for binary subgroups. The results are presented

in Figure 5. We examine heterogeneity by subgroups that differ in outside options — and

thus in the cost of forgoing unpaid wages or losing their jobs — focusing on pre-treatment

performance, postsecondary education, and gender.

48Five NGN corresponds to around 1.2 percent of the hourly minimum wage.

39



Employees’ pre-treatment performance is informative about their outside options. Lower-

performing workers are less productive and therefore less attractive to alternative employers,

limiting their outside options. Similarly, we interpret postsecondary education as a proxy

for higher outside options, as better-educated workers are more likely to find alternative

employment. In addition, men may have better outside opportunities than women in this

labor market, since much of casual employment involves physically demanding work that

limits women’s access to these jobs. Following the logic of our theoretical framework, groups

with lower outside options should increase their effort more strongly in response to withheld

wages. These workers are more dependent on their current job, and forgoing outstanding

salary balances is more costly for them. They therefore have stronger incentives to intensify

effort when salary payments are delayed. At the same time, workers with higher outside

options could be considered more likely to retaliate over unpaid wages.

We find evidence consistent with the prediction that effort increases should be particularly

pronounced among workers with low outside options while not finding any evidence of retal-

iation among workers with higher outside options. First, workers who performed below the

median before treatment increased their effort significantly more while wages were outstand-

ing than those who performed above the median (p < 0.01). Panel (a) shows the dynamic

treatment effects: labeling performance increases significantly for below-median performers,

while we find a precise null effect for those above the median. Second, splitting the sample

by postsecondary education yields similar results. Workers without postsecondary educa-

tion show a significantly stronger effort response than those with postsecondary education

(p < 0.05). Dynamic results are presented in Panel (b). Third, we find suggestive evidence

that women increase their effort slightly more than men in response to wage withholding,

but this difference is not significant. Panel (c) displays the dynamic results.

Next, we examine whether heterogeneity in workers’ valuation of salary certainty matters

for their responses to unpaid wages. To do so, we draw on the discrete choice experiment
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Figure 5: Treatment Effect Heterogeneity

(a) Heterogeneity by Pre-Treatment Performance

-.05

0

.05

.1

.15

.2

C
or

re
ct

 la
be

ls
 p

er
 im

ag
e

Week 1 Week 2 Week 3 Week 4 Weeks 5+
Weeks since not receiving salary

Below-median pre-treatment performers
Above-median pre-treatment performers

(b) Heterogeneity by Schooling
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(c) Heterogeneity by Gender
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(d) Heterogeneity by WTP for Salary Certainty
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Note: This figure illustrates treatment effect heterogeneity. Panel (a) presents heterogeneity
by pre-treatment performance, splitting the sample into above- and below-median performers.
Panel (b) shows heterogeneity by post-secondary schooling status. Panel (c) reports heterogeneity
by gender, and Panel (d) illustrates heterogeneity by WTP for higher salary certainty.

conducted during the job interviews and information sessions. In the choice experiment, job-

seekers made incentive-compatible choices between hypothetical jobs, allowing us to estimate

a mixed logit model, and derive individual-level WTP values for higher salary certainty.49

We may think that different valuations for higher salary certainty transaltes into heteroge-

neous responses when wages are delayed. However, we find little evidence in favor of this

hypothesis. Panel (d) plots the dynamic responses for below- and above-median valuation

subgroups. While workers with higher WTP for salary certainty exhibit a slightly more
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pronounced effort response, we cannot reject equality of responses on average. Importantly,

neither group retaliates against the employer.50

Absenteeism and Hours Worked Results. Table 4 shows estimation results for absen-

teeism and related outcomes. All standard errors are clustered by individual employee and

combined using the delta method. Column (1) shows the estimation results for the effect

of salary delay on being absent for an entire workday. The coefficient of 0.026 implies that

employees were 2.6 percentage points more likely to be absent during the time (two weeks)

of the pay cycle in which they did not receive their salary for the first time. This effect,

however, is not significant at a reasonable confidence level.

Column (2) shows the effect for total work hours, conditional on showing up to work. Em-

ployees have fixed start and end time each day, which correspond to a workday of 7.5 hours.

Employees could, however, resume late or leave early reducing the effective number of work

hours. Some employees do so, as the average number of work hours is 7.19. We can infer

this time from the first and last image that employees label. Column (2) shows that there is

no significant effect on total work hours caused by salary delay, conditional on showing up

to work.

Column (3) shows the effect for time spent labelling. We can infer the time employees spend

on each image, as Labelbox tracks this time. Importantly, the timer pauses after five minutes

of inactivity. Hence, if an employee is not working on their job task for a while, the timer

will stop. We sum the labelling times for every workday and obtain the time employees spent

labelling images for a given day. Our results suggest that there is no meaningful effect of

salary delay on time spent labelling.

49Details on the methodology and setup of the choice experiment, and the distribution of individual level
WTP values are provided in Appendix J.

50For all considered outcomes, Appendix Table E.16 reports subgroup ATEs and equality tests, and
Appendix Figure E.6 replicates the event-study results using the binary productivity index.
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Table 4: Effect of Salary Delay on Employees’ Absenteeism and Effort

Absent for
Workday

Total
Work Hours

Time Spent
Labelling

ATE (One Pay Cycle Delay) 0.026 -0.008 -0.012
(0.020) (0.033) (0.048)

ATE (Two Pay Cycles Delay) 0.018 0.010 -0.064
(0.031) (0.053) (0.083)

ATE (Three Pay Cycles Delay) -0.033 -0.045 -0.075
(0.048) (0.109) (0.156)

Observations 14,289 12,073 12,073
Individuals 300 300 300
SE Cluster Individual Individual Individual
Mean of Dep. Var. .181 7.19 6.17

Note: This table shows the effect of being owed salary payments on worker absenteeism and effort
measures. The treatment effects are estimated at the worker-workday level using the Borusyak et
al. (2024) imputation estimator. The daily treatment effects are combined into a single parameter
spanning one pay cycle using the delta method. Standard errors are initially clustered at the
individual level. This table shows the effect of salary delay on absenteeism in column (1), on total
work hours in column (2) and on the total time spend labelling during the work hours in column
(3).

6.2 Extensive Margin: Labor Force Participation

Empirical Strategy. Our goal is to identify and estimate the ATE of offering a credible

salary guarantee on individuals’ willingness to accept wage employment. This parameter, θ

is of both theoretical and policy relevance. It is theoretically relevant because one of the key

predictions of our model is that θ ≥ 0. Specifically, θ > 0 for individuals with sufficiently

high outside options who stay out of the wage sector given the present uncertainty of salary

payments, and θ = 0 for individuals who would accept employment under current conditions

in Nigeria. From a policy perspective, θ is important because it quantifies the proportion of

the workforce that remains unwilling to take up jobs in the current economic environment

but would do so if salaries were more secure.
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To estimate this effect, we employ the following specification:

Di = α + λZi2 + θ Zi3 + ν wagei + σt + εi. (8)

Here, Di is a binary indicator equal to one if individual i attended the orientation day and

zero otherwise. Ziz = 1{Zi = z} is an indicator equal to one if individual i was assigned

to employment terms treatment arm z ∈ {1, 2, 3}, with Treatment Arm 1 (Control Arm)

serving as the omitted reference category. We also include a continuous measure of the offered

wage (wagei); its coefficient ν captures the direct effect of salary amount on an individual’s

decision to attend the orientation day. We add date fixed effects σt for precision.51

By construction of our RCT, the joint assignment of employment terms and wage is indepen-

dent of potential attendance Di(z, w). This ensures that the following identifying assumption

holds by design, so that θ, λ and ν are identified:

Assumption E1.

(
Zi, wagei

)
⊥⊥
{
Di(z, w) : z ∈ {1, 2, 3}, w ∈ W

}
.

We estimate equation (8) using ordinary least squares (OLS) and a logistic regression via

maximum likelihood estimation (MLE). Our primary coefficient of interest, θ, captures the

causal effect of receiving a job offer corresponding to Treatment Arm 3 (Salary Certainty

Arm), relative to the control group (Employment Terms Treatment Arm 1). Additionally, we

use the ratio of coefficients θ
ν

to derive a WTP measure. Specifically, this ratio expresses the

impact of receiving the high-certainty job offer relative to the impact of a salary increase, thus

quantifying how large a salary increase would need to be to generate an equivalent increase

in orientation-day attendance as the high-certainty employment terms. We interpret the

coefficient ratio θ
ν

as a monetary estimate of participants’ WTP for increased salary certainty.

51Appendix H reports results without date fixed effects
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We additionally validate our WTP estimates using the discrete-choice (conjoint) experiment

conducted during the initial interview and job information session. In this experiment,

participants made incentive-compatible choices among employment descriptions that sys-

tematically varied in terms of salary amount and salary certainty. Detailed methodological

information are provided in Appendix J.

Results. The treatment effect estimates of θ are in line with our theoretical predictions: re-

ceiving a salary guarantee increases willingness to accept the job, as measured by orientation-

day attendance. Importantly, this effect is driven by individuals who were only willing to

attend the job information session when offered a monetary incentive. Table 5 reports the ef-

fect of salary certainty on willingness to accept jobs among individuals who do not self-select

into employment — those who were recruited in person rather than responding to the job

advertisement. Column (1) and (2) show the effect of receiving a job offers corresponding to

treatment arm 2 (salary certainty arm) and treatment arm 3 (uncertainty arm) relative to

the control offer. Column (3) uses only the sub-sample that received an incentive to partici-

pate in the job information session while column (4) uses only the sample that participated

in the job information session without incentive.

The coefficients on Salary Guarantee correspond to our empirical estimate of θ. For in-

stance, the coefficient in column (2) implies that receiving a letter outlining potential terms

of employment with a salary guarantee through the automated payment system increased

orientation-day attendance by 11.1 percentage points. This is a substantial effect: partici-

pation in the untreated in-person recruited sample was 44.7 percent, so the treatment effect

corresponds to an effect size of approximately 25 percent.

Columns (3) and (4) provide evidence that the effect of salary certainty operates primarily

through individuals who required a monetary incentive to attend the job information session.

For this subsample, the coefficient on the salary guarantee remains nearly unchanged (11.8)

and highly significant, with treatment effects becoming larger in magnitude given the lower
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baseline attendance of 40.5 percent.52 By contrast, the effect loses statistical significance

among individuals who were willing to participate in the job information session without

an incentive.53 This pattern suggests that some individuals are discouraged from wage

employment by uncertainty around salary payments but become willing to engage in it once

this uncertainty is reduced. At the same time, salary guarantees appear to have little impact

on those already prepared to work under current economic conditions.

Table 5: Effect of Salary Guarantee ob Job Take-Up

Logit
AME LPM LPM LPM

Salary Guarantee (ATE) 0.121*** 0.111*** 0.118*** 0.078
(0.033) (0.032) (0.037) (0.068)

Salary Uncertainty (ATE) 0.005 0.002 -0.011 -0.015
(0.038) (0.037) (0.043) (0.073)

Salary (1,000 NGN) 0.005*** 0.005*** 0.006*** -0.001
(0.002) (0.001) (0.002) (0.003)

Observations 1,079 1,079 821 258
R-Square 0.29 0.27 0.49
Date FE Yes Yes Yes Yes
Mean of Dep. Var. .447 .447 .405 .596
Sample All All Incentivised No Incentive

Note: This table reports estimates of equation (8). The results compare receiving terms of poten-
tial employment under treatment arm 2 (salary certainty) and treatment arm 3 (salary uncertainty)
relative to the control arm (arm 1), which is the omitted category in all specifications. Standard
errors are heteroskedasticity-robust. The sample is restricted to in-person recruits. Column (1)
presents average marginal effects from a logit estimation, while columns (2) to (4) report results
from a linear probability model.

Additionally, we compare the effect of salary certainty with that of higher wages on orientation-

day attendance. The coefficient on Salary in column (2) shows that a 1,000 NGN increase

in monthly wages raises participation by 0.05 percentage points. Based on this estimate, we

compute the ratio of the coefficients on Salary Guarantee and Salary to translate the effect

of salary certainty into an equivalent wage increase. The first two bars in Figure 6 show

52The lower baseline attendance in this subsample also indicates that the treatment effects are not merely
driven by the provision of a monetary incentive.

53Baseline participation in this subsample was higher at 59.6 percent, consistent with a greater willingness
to work under current circumstances.
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these ratios, corresponding to the estimates in columns (1) and (2) of Table 5.

Figure 6: WTP for higher Salary Certainty

$14.82
$15.35

$17.32

22,225 NGN
23,029 NGN

25,983 NGN

5

10

15

20

25

30
U

SD

Job Take Up
(Logit)

Job Take Up
(LPM)

Conjoint
Experiment

Note: This figure provides estimates of the willingness to pay for a salary guarantee. The first two
bars show the ratios of the coefficients on Salary Guarantee and Salary based on the estimates in
columns (1) and (2) of Table 5. The third bar reports the corresponding ratio from a conditional
logit estimation (equation (21), Appendix J). Standard errors are calculated using the delta method
in all cases. The conditional-logit estimate from the choice experiment (bar 3) is statistically
indistinguishable from the first two estimates (p = 0.64 and p = 0.74 respectively).

We obtain an estimate of jobseekers’ willingness to pay of approximately USD 15 (about

22,500 NGN). The confidence intervals around the estimates are wide, however, so we can-

not rule out a broader range of values. As a complementary source of evidence, we draw

on the discrete choice experiment conducted during the job interviews and information ses-

sions. In the choice experiment, jobseekers made incentive-compatible choices between hy-

pothetical jobs that varied in salary certainty and wage levels, corresponding to the three

treatment arms and analogous to the actual terms of employment. Estimating a standard

conditional logit model, we find a willingness-to-pay of about USD 17.50, remarkably close to
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the orientation-day attendance estimate but with much tighter confidence intervals.54 These

two approaches provide strong evidence that individuals place substantial value on salary

certainty, with an implied willingness-to-pay between USD 15 and 18 (22,500-26,500 NGN).

This corresponds to more than 100 percent of the weekly median wage and about one-third

of the legal monthly minimum wage, which is widely regarded as a good salary.

6.3 Workforce Composition

Having established that salary uncertainty influences labor-force selection, we now assess

whether it also affects workforce composition. Specifically, we examine whether it alters the

types of workers willing to accept jobs and whether this, in turn, has productivity impli-

cations for firms. To address these questions, we use two complementary strategies. First,

we characterize the individuals induced to accept our job offer by the salary guarantee—the

compliers in a standard LATE framework (Imbens and Angrist, 1994). Our main analysis

then uses data from the second employment round to compare the productivity of in-person

recruits hired under the guarantee with that of job-advertisement applicants who self-selected

into the position.

Estimation of Complier Characteristics. As outlined in Section 6.2, offering a salary

guarantee increases job take-up among the in-person recruited sample. This raises the ques-

tion of how salary guarantees affect workforce composition by inducing additional individuals

at the extensive margin to accept wage employment. Following the terminology of the stan-

dard LATE framework (Imbens and Angrist, 1994), we distinguish three groups: always

takers, who accept employment regardless of the guarantee; compliers, who accept only if

the salary guarantee is offered; and never takers, who decline employment even with the

salary guarantee. Relying on Abadie (2002, 2003) we can characterize the compliers using

an instrumental variable framework where we use a slightly modified version of Equation (8)

54Details on the methodology and exact setup of the choice experiment are provided in Appendix J.
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as the first stage. Specifically we estimate the following 2SLS framework:

ci ×Did = γ0 + γdDid + δw,t + ui (9)

Did = π0 + π1Zi3 + δw,t + ei. (10)

In a slight extension of notation, Did = 1{Di = d} is an indicator equal to one if individual

i’s attendance at the orientation corresponds to d ∈ {0, 1}, with d = 1 denoting attendance

and d = 0 non-attendance. As before, Zi3 denotes assignment to treatment arm 3. To

improve precision and strengthen the first stage, we nonparametrically control for date t,

wage level w, and their interactions, thereby saturating the controls which is required for a

LATE interpretation of 2SLS with controls (Blandhol et al., 2022). Accordingly, δwt denotes

the full set of wage-by-date interaction dummies (w ∈ W , t ∈ T ), i.e., the saturated version

of the wage and σt controls used in (8). Results from a specification without controls are

reported in Appendix I. Let ci denote a characteristic of individual i (Raven’s score, age,

schooling, or job-search status). We interact ci with the binary attendance indicator Did and

regress this constructed outcome on orientation attendance, instrumented by assignment to

employment terms treatment arm 3.

Under standard LATE assumptions — random assignment, exclusion, monotonicity, and

relevance (discussed in detail in Appendix I) — the coefficient γd identifies the mean level

of characteristic c among compliers with attendance status d. This allows us to characterize

compliers who attended as well as those who did not attend the orientation day.55 We

pool the two complier groups and report their average characteristics, with standard errors

computed using the delta method. Related applications of this approach appear, for example,

in Autor and Houseman (2005) and Angrist et al. (2023), and additional details are provided

in Appendix I. We use heteroskedasticity-robust standard errors.

55Compliers who did not attend the orientation day are those who would have attended had they received
a terms-of-employment offer with a salary guarantee. See Appendix I for details on the identification of this
group.
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Estimating Productivity Comparisons. Our second strategy examines how salary un-

certainty affects workforce composition using evidence from the second employment round.

In this round, both job-ad and in-person recruitees were offered contracts that included a

salary guarantee. This allows us to compare individuals recruited in person — where we pre-

viously observed large selection effects from the guarantee — with jobseekers who responded

to job advertisements, a group characterized by an extremely high take-up rates regardless

of contract terms. To carefully assess any performance differences between the two groups

that might have implications for firms’ productivity, we estimate a dynamic specification

comparing a range of daily productivity measures. Specifically, we estimate the following

regression:

yitq = α + γ Ri + σt + γt (Ri × σt) + εitq. (11)

Here, yitq denotes the outcome of interest — the continuous or binary index described in Sec-

tion 4.4 — for image q, labeled by individual i on day t. Additional outcomes — absenteeism,

number of correctly labelled images, work hours, and effective work time — are defined at

the daily level, in which case the dependent variable becomes yit. The vector σt represents

a date fixed effects and Ri is an indicator for in-person recruitment. The coefficients γt

trace how performance differences between the two groups evolve over time. We restrict the

analysis to the first month of employment — before any individuals were exposed to salary

delays — and to employees whose job offers did not specify potential salary nonpayment.

Complier Characteristics Results. Compliers are much more similar to always-takers

than to never-takers on observable characteristics, as shown in Figure 7. We report results

for three key characteristics: Raven’s score, attainment of post-secondary education, and

jobsearch status. However, compliers are much more similar to never takers in their WTP

for salary certainty, which we use to proxy risk preferences.
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Across the three observable characteristics, compliers are statistically indistinguishable from

always-takers, in contrast to never-takers, who differ noticeably across several dimensions.

Panel (a) shows that compliers’ Raven’s scores are nearly identical to those of always-takers

and somewhat higher than those of never-takers, though the latter difference is not statis-

tically significant. In Panel (b), post-secondary education attainment is similar across all

three groups, with no significant differences. Panel (c) reveals a stark contrast in job-search

status: compliers, like always-takers, are highly likely to report active job search, whereas

never-takers are much less likely. However, Panel (d) indicates that compliers’ WTP for

salary certaint is much more similar to that of always takers. We interpret this finding

as suggestive evidence that compliers’ willingness to accept the jobs is driven by their risk

aversion rather than higher ability.

Productivity Comparison Results. We find no meaningful performance difference be-

tween the in-person and job-advertisement recruitees. Figure 8 presents results from esti-

mating equation (11) for all six outcome measures, plotting daily averages for both groups.

Panels (a) and 8b show estimates of equation (11) at the employee-image level using the

continuous and binary productivity measures as outcomes. Productivity does not differ

significantly on any given day, and overall averages are statistically indistinguishable.

Panels (c)-8f report estimates from equation (11) at the employee-day level. Again, both

groups perform very similarly across all dimensions. If anything, in-person recruitees are

slightly more likely to be absent on average (p < 0.05).
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Figure 7: Complier Characteristics
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Note: This figure shows characteristics of always takers, compliers, and never takers.
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Figure 8: Workforce Composition Effects
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Note: This figure compares performance of in-person recruitees with job-ad recruitees. Panel (a)
shows the number of correct labels per image, and Panel (b) displays the probability of labelling an
image correctly. Both panels are estimated at the employee-image level. Panels (c), (d), (e), and (f)
are estimated at the employee-workday level and report daily absenteeism, number of correctly
labelled images, total hours worked, and effective hours worked, i.e. time spent labelling.
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7 Conclusion

This paper highlights the prevalence and consequences of overdue and unpaid salary pay-

ments, a common but underexplored feature of labor markets in low-income countries. Using

original data from Nigeria, we first document that 30 percent of workers report experienc-

ing payment difficulties with an employer. We then offer a theoretical illustration of the

trade-offs that worker face once when their salaries remain unpaid. We then present re-

sults from a field experiment, which allowed us to identify workers’ behavioral responses

to unpaid salaries as well as their labor force participation decision. The results show that,

conditional on attendance, workers exert a small but statistically significant increase in effort

when salaries are delayed, while absenteeism and hours worked remain unaffected. We then

show that individuals initially reluctant to pursue wage employment are substantially more

likely to accept job offers that credibly guarantee salary certainty. These additional worker

are very similar to typical employees and perform the same while on the job. This suggests

that selection is driven by risk preferences. Combining our estimates, we find that firms

face minimal productivty losses from engaging in wage withholding of around 0.2 percent.

At the same time, worker value high salary reliability substantially. This suggests there ex-

ists a market inefficency because firms face very little incentives to refrain from withholding

employee wages.
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Sánchez de la Sierra, Raúl, “Whither Formal Contracts?,” Econometrica, 2021, 89 (5),
2341–2373.

, Kristof Titeca, Haoyang (Stan) Xie, Aimable Amani Lameke, and Al-
bert Malukisa Nkuku, “The Real State: Inside the Congo’s Traffic Police Agency,”
American Economic Review, December 2024, 114 (12), 3976–4014.

US Department of State, Bureau of Democracy, Human Rights and Labor,
“Country Reports on Human Rights Practices for 2023: Nigeria,” Human Rights Re-
port, United States Department of State 2023. Accessed: July 12, 2025. Avail-
able at: https://www.state.gov/wp-content/uploads/2024/02/528267 NIGERIA-2023-
HUMAN-RIGHTS-REPORT.pdf.

Vazquez-Bare, Gonzalo, “Identification and estimation of spillover effects in randomized
experiments,” Journal of Econometrics, 2023, 237 (1), 105237.

60

https://www.pwc.com/ng/en/assets/pdf/2024-pwc-msme-survey-report.pdf
https://www.pwc.com/ng/en/assets/pdf/2024-pwc-msme-survey-report.pdf
https://www.radiotamazuj.org/en/news/article/sudan-stuf-lodges-complaint-with-ilo-over-unpaid-salaries
https://www.radiotamazuj.org/en/news/article/sudan-stuf-lodges-complaint-with-ilo-over-unpaid-salaries
https://www.state.gov/wp-content/uploads/2024/02/528267_NIGERIA-2023-HUMAN-RIGHTS-REPORT.pdf
https://www.state.gov/wp-content/uploads/2024/02/528267_NIGERIA-2023-HUMAN-RIGHTS-REPORT.pdf


Appendices

A Descriptive Survey

A.1 Methodology and Data

A.2 Additional Descriptive Results

We collected data in Lagos between June and August 2025. A team of seven enumerators

surveyed 1,279 employees and employers across a range of market settings.56 In addition, enu-

merators visited industrial areas and office complexes to reach workers employed in larger

firms. Surveys were administered on tablet computers, and participants were reimbursed

with 1,000 NGN (approximately $0.66). The average survey lasted 21.2 minutes, with a me-

dian duration of 21.8 minutes.57 Enumerators were assigned to predetermined areas, which

they subdivided into sections to minimize overlap and reduce the risk of interviewing the

same individual more than once. Each enumerator began at a different location within their

section, and the tablet software then instructed them to skip a randomized number of indi-

viduals before approaching the next potential participant. Appendix Table A.1 summarizes

the characteristics of the respondents. The average participant was 30.8 years old, and 50

percent were female. 32 percent reported actively searching for a job, and the mean monthly

income was approximately 199,000 NGN (about $132). The sample includes both employed

(42 percent) and self-employed individuals (56 percent), and spans a wide range of firm

sizes. Respondents were also relatively well-educated, mirroring the patterns observed in

our recruitee samples.

56One of the co-authors also conducted a small subset of surveys.
57For 16 surveys, the recorded duration was an implausible 2.18 minutes, with all 16 also showing exactly

the same value — an outcome that is statistically highly unlikely. We therefore attribute this to a software
error in the ODK start and end functions and exclude these cases when calculating the mean and median
durations.
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Table A.1: Characteristics of the Survey Participants

Mean SD 10th Percentile 90th Percentile Observations

Characteristics

Age 30.81 8.08 22.00 41.00 1,279
% Female 0.50 0.50 0.00 1.00 1,279
% Searching for a Job 0.32 0.46 0.00 1.00 1,279
Income 199,131.32 239,910.47 40,000.00 500,000.00 1,183

Employment Status

Unemployed 0.02 0.15 0.00 0.00 1,279
Self-Employed 0.42 0.49 0.00 1.00 1,279
Employed 0.56 0.50 0.00 1.00 1,279

At small firm (<10 employees) 0.46 0.50 0.00 1.00 714
At medium firm (10 to 50 employees) 0.30 0.46 0.00 1.00 714
At large firm (>50 employees) 0.24 0.43 0.00 1.00 714

Highest Schooling

Secondary School 0.53 0.50 0.00 1.00 1,279
Vocational Training 0.00 0.03 0.00 0.00 1,279
National Diploma 0.23 0.42 0.00 1.00 1,279
University 0.23 0.42 0.00 1.00 1,279

Note: This Table shows the characteristics of the survey participants.
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A.2.1 Additional Descriptive Results

We investigate individuals’ concerns for working at different types of firms. We distinguish

between large and small firms. The exact wording used in the survey for large firms is

“Imagine you work for a large and established company with a written work agreement.

Would you be concerned about.” For small firms, we wanted to distinguish between firms

owned by a friend or family member, and by someone not necessarily from the respondent’s

social network.

Table A.2: Coping with Salary Non-Payment and Its Extent within the Firm

Mean SD Observations

Panel A: Coping with Delayed Salaries

Borrowed from family/friends 0.31 0.46 383
Borrowed from moneylender 0.04 0.20 383
Had Savings 0.45 0.50 383
Had other income 0.33 0.47 383

Panel B: Wage Withholding Among Employees

Participant was the only unpaid employee 0.23 0.42 383
Some employees were unpaid 0.46 0.50 383
All employees were unpaid 0.31 0.46 383

Note: This table only includes the subset of descriptive survey respondents who have
experienced salary delays or nonpayment. Panel A reports how respondents coped during
these periods. Respondents could select multiple coping strategies from the four options
shown. Panel B reports the extent to which employers failed to pay their employees during
these episodes. Responses reflect a single-choice question. The table shows that among those
who experienced salary delay or nonpayment, different degrees of nonpayment or delay by
the employer — whether a single employee, some employees, or all employees were affected
— are relatively common.
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Table A.3: Firm Concerns

Mean Response Difference

Large Firm
Small Firm

(non-family owned)
Small Firm

(family owned
Small firms

family - non-family owned Large Firm-small firm

Concern: being fired and without job 0.20 0.18 0.15 0.03 0.02
(0.021) (0.021)

Concern: paid as agreed and on time 0.31 0.50 0.45 0.04 -0.19***
(0.028) (0.024)

Concern: employer sticking to work agreement 0.21 0.27 0.33 -0.05** -0.07***
(0.026) (0.020)

Concern: poorly treated b/c of ethnicity 0.03 0.05 0.02 0.03** -0.01
(0.011) (0.009)

Concern: poorly treated b/c of religion 0.03 0.05 0.02 0.03** -0.02**
(0.010) (0.007)

No Concern 0.40 0.26 0.31 -0.06** 0.15***
(0.025) (0.022)

Observations 1,279 654 625 1,279 654

Note: This table presents individuals’ concerns about working at different types of firms and replicates and extends the results
shown in Panel (e) of Figure 1. We report concerns for large firms (column 1) and for small informal firms, distinguishing
between those owned by family members (column 3) and those not owned by family members (column 2). Finding employment
through social networks — particularly family — is very common in the context of our study. Column 4 shows differences
in concern levels between family-owned and non-family-owned small firms. Employment at a family firm reduces the share of
respondents expressing any concern about the hypothetical job, and this difference is statistically significant. However, for most
specific concerns, the difference between family and non-family ownership is not tatistically significant. Finally, we compare
concern levels between non-family-owned small firms and large firms. The hypothetical scenario of working for a large firm
reduces participants’ concerns across almost all dimensions, and these differences are statistically significant.
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Table A.4: Wage Withholding in the Context of Social Norm and -Network

Mean SD Observations

Panel A: Social Norm of Wage Payments

Employers should pay their workers 0.70 0.46 1,279
Employers may delay payments if in trouble 0.22 0.42 1,279
Workers should temporarily forgo wages if employer is in trouble 0.07 0.26 1,279

Panel B: Wage Withholding in Social Network

Knows someone who experienced salary difficulties 0.49 0.50 1,279

Note: This table reports participants’ perceptions of social norms around wage withholding
and the extent to which wage withholding affects their social networks. Panel A presents the
measure of social norms. Participants were asked to select one of three statements describing
what they consider the most acceptable behavior; the table shows the share of respondents
who agreed with each statement. Panel B reports how many respondents know someone in
their social network who has experienced some form of salary difficulty (i.e., payment delays,
and partial or complete nonpayment). The small differences in sample size occur because
“don’t know” was a valid response option, and observations with this answer are excluded.

Table A.5: Additional Beliefs about Salary Payments

Mean SD Observations

Perceived Risk of Salary Difficulty

At new firm 0.44 0.28 1,271
At reputable firm (Dangote) 0.20 0.21 1,279

Note: This table reports participants’ beliefs about the likelihood of experiencing salary
difficulties (i.e., payment delays, and partial or complete nonpayment) across different firm
types. Respondents were asked about small informal firms, large formal firms, a new firm
(which, by definition, has no reputation), and Dangote — a large and well-known firm with
a good reputation of paying employees.
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Table A.6: Preferences for Self-Employment

Mean SD 10th Percentile 90th Percentile Observations

Preference for Self-Employment 0.82 0.38 0.00 1.00 1,279
Reasons for Self-Employ,ent Preference

Pref. for self-empl: can grow business and make more money 0.47 0.50 0.00 1.00 1,049
Pref. for self-empl: want to be one’s own boss 0.39 0.49 0.00 1.00 1,049
Pref. for self-empl: more stable income than employemnt 0.33 0.47 0.00 1.00 1,049
Pref. for self-empl: Concerned about employer sticking to work agreement 0.07 0.26 0.00 0.00 1,049
Pref. for self-empl: Concerned to be fired and without job 0.09 0.28 0.00 0.00 1,049
Pref. for self-empl: employment locks in, good opportunity can be missed 0.09 0.28 0.00 0.00 1,049
Pref. for self-empl: self-employment is status symbol 0.07 0.25 0.00 0.00 1,049

Note: This table shows that the vast majority of survey respondents of our survey (82%) prefer self-employment over wage
employment. Participants were asked whether they would rather be self-employed or wage-employed. For those who preferred
self-employment, we followed up by asking for their reasons and allowed multiple responses (this reflects the different sample
size). The most frequently cited reason (47%) is the belief that they can grow their own business and earn more than in wage
employment. Remarkably, 33% list greater stability and security as a main reason for preferring self-employment, reflecting the
uncertainty created by widespread wage withholding.
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Figure A.1: Beliefs about the Likelihood of Payment after Sustained Nonpayment
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Note: This figure illustrates respondents’ beliefs about the likelihood of receiving salary payments
after a sustained period of non-payment. Survey participants were first asked to consider a hypo-
thetical situation in which they had been unpaid for one month and to rate, on a scale from 0 to
10, how likely they were to receive future salaries and any outstanding balances. Each participant
was then randomly shown an additional scenario — for example, being unpaid for five months —
and asked the same question again. The numeric responses (0-10) were subsequently converted into
probabilities.
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B Applicants

B.1 In-Person Recruitment

In-person recruitment was carried out by a team of eight enumerators. For the recruitment

task, they were formally affiliated with the recruitment agency Unlocking Creativity and

wore clothing and ID cards displaying the agency’s branding.

Enumerators recruited participants in pre-selected markets and public areas. Each was

equipped with a tablet computer running ODK Collect to conduct the survey. The survey

form implemented a pre-specified randomization protocol. Before approaching an individual,

enumerators followed a skip pattern that required them to pass over a randomly determined

number of suitable persons (between one and ten). The software also randomly specified

whether to approach a man or a woman (each with 50 percent probability) and, indepen-

dently, whether to approach someone who appeared to be self-employed with a small business

(60 percent probability) or someone who was not self-employed and appeared to be passing

by (40 percent probability). Appendix Figure B.4 illustrates the number of interactions of

the enumerators per recruitment day.
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Table B.7: Balance of Baseline Sample

Treatment Arm 1 Treatment Arm 2

Mean SD Mean SD Difference

Characteristics

Age 29.48 10.21 31.31 9.76 -1.82
(1.868)

% Female 0.55 0.51 0.54 0.50 0.01
(0.093)

% Searching for a Job 1.00 0.00 0.99 0.08 0.01
(0.005)

Ravens Score (0–15) 8.82 3.91 7.93 4.27 0.88
(0.725)

Employment Status

Unemployed 0.36 0.49 0.46 0.50 -0.09
(0.090)

Employed 0.06 0.24 0.10 0.30 -0.04
(0.046)

Self-Employed 0.58 0.50 0.44 0.50 0.13
(0.092)

Highest Schooling

Secondary School 0.45 0.51 0.33 0.47 0.12
(0.092)

Vocational Training 0.03 0.17 0.01 0.12 0.02
(0.031)

National Diploma 0.09 0.29 0.16 0.37 -0.07
(0.055)

University 0.42 0.50 0.49 0.50 -0.07
(0.092)

Observations 33 33 288 288 321

Note: TBD
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Table B.8: Recruitment Sample

Mean SD 10th Percentile 90th Percentile Observations

Panel A: In-Person Recruitment Sample (Incentivized)

Characteristics

Age 27.16 7.57 18.00 38.00 821
% Female 0.42 0.49 0.00 1.00 821
Raven’s Matrices 7.40 3.80 2.00 13.00 821
% Searching for a Job 0.62 0.49 0.00 1.00 821
% Attending Orientation 0.44 0.50 0.00 1.00 821

Employment Status

Unemployed 0.26 0.44 0.00 1.00 821
Employed 0.15 0.36 0.00 1.00 821
Self-Employed 0.59 0.49 0.00 1.00 821

Highest Schooling

Secondary School 0.63 0.48 0.00 1.00 821
Vocational Training 0.01 0.12 0.00 0.00 821
National Diploma 0.13 0.33 0.00 1.00 821
University 0.20 0.40 0.00 1.00 821

Panel B: In-Person Recruitment Sample (Unincentivized)

Characteristics

Age 25.65 7.12 18.00 35.00 258
% Female 0.40 0.49 0.00 1.00 258
Raven’s Matrices 8.09 4.27 2.00 13.00 258
% Searching for a Job 0.89 0.32 0.00 1.00 258
% Attending Orientation 0.60 0.49 0.00 1.00 258

Employment Status

Unemployed 0.47 0.50 0.00 1.00 258
Employed 0.11 0.32 0.00 1.00 258
Self-Employed 0.41 0.49 0.00 1.00 258

Highest Schooling

Secondary School 0.60 0.49 0.00 1.00 258
Vocational Training 0.02 0.14 0.00 0.00 258
National Diploma 0.15 0.36 0.00 1.00 258
University 0.22 0.42 0.00 1.00 258

Panel C: Job Advertisement Sample

Characteristics

Age 29.53 9.38 18.00 42.00 638
% Female 0.53 0.50 0.00 1.00 638
Raven’s Matrices 8.16 4.15 2.00 13.00 638
% Searching for a Job 0.99 0.09 1.00 1.00 638
% Attending Orientation 0.95 0.22 1.00 1.00 638

Employment Status

Unemployed 0.51 0.50 0.00 1.00 638
Employed 0.10 0.30 0.00 0.00 638
Self-Employed 0.39 0.49 0.00 1.00 638

Highest Schooling

Secondary School 0.39 0.49 0.00 1.00 638
Vocational Training 0.01 0.09 0.00 0.00 638
National Diploma 0.16 0.37 0.00 1.00 638
University 0.44 0.50 0.00 1.00 638

Note: This table shows average characteristics and statistics across our three different samples.
Sample I: in-person recruited and requiring an incentive to participate in the job information
session. Sample II: in-person recruited and willing to participate in the job information session
without an incentive. Sample III: job advertisement sample, i.e. individuals who responded to our
job advertisement.
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Table B.9: Employee Sample

Mean SD 10th Percentile 90th Percentile Observations

Panel A: Job Offer Acceptance

Job offer accepted (Control Offer 1) 1.00 0.00 1.00 1.00 33
Job offer accepted (Uncertainty Offer 2) 0.95 0.22 1.00 1.00 281

Panel B: Employee Demographics

Characteristics

Age 30.72 9.73 20.00 44.50 300
% Female 0.54 0.50 0.00 1.00 300
% Searching for a Job 0.99 0.08 1.00 1.00 300

Employment Status

Unemployed 0.46 0.50 0.00 1.00 300
Employed 0.08 0.27 0.00 0.00 300
Self-Employed 0.46 0.50 0.00 1.00 300

Highest Schooling

Secondary School 0.35 0.48 0.00 1.00 300
Vocational Training 0.02 0.13 0.00 0.00 300
National Diploma 0.15 0.36 0.00 1.00 300
University 0.48 0.50 0.00 1.00 300

Panel C: Employee Work Patterns

Total Treatment Assignments 1.03 0.98 0.00 3.00 300
Absent (0,1) 0.21 0.20 0.02 0.50 300
Hours at work 7.16 0.32 6.89 7.38 300
Time spent working 6.12 0.58 5.40 6.71 300
Images labeled per day 255.73 156.71 85.68 487.99 300
Images labeled in total 15,332.38 9,409.85 5,130.00 29,275.00 300
Time spent per image 89.96 50.73 41.88 156.16 300
Correct labels per image (0,10) 8.37 0.39 7.97 8.66 300
All labels correct (0,1) 0.10 0.04 0.04 0.14 300

Note: This table shows the acceptance rate of job offers and the characteristics of the employee sample.
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Figure B.2: Job Advertisement

VACANCY! VACANCY!! VACANCY!!! 
 
DATA CLASSIFICATION WORKERS ARE 

NEEDED WITH NO SPECIAL 
COMPUTER SKILLS ARE REQUIRED. 

 
SALARY: 50K -85K MONTHLY 

 
CONTACT THIS NUMBER  

Via Call  

09122018004 
OR WhatsApp  

08105770268 

 

Note: This figure shows the content of the job advertisement that we posted across Lagos.
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Figure B.3: Posted Job Advertisement

Note: This figure shows the job advertisement that we posted on a concrete wall together with
other job advertisements. This figure is intended to provide an example posting of another job
advertisement and demonstrate that our approach resembles common practice in this setting.
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Figure B.4: In-Person Recruitment Timing
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Note: This figure shows the timeline of our in-person recruitment. The teal darker teal bars show
the number of interactions of our enumerators that were successful and lead to a job-information
session. The lighter orange bars show the number of interactions that did not lead to a job-
information session. On average, 44 percent of interactions were successful (mean = 0.44, SD =
0.50).
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Figure B.5: Interview Timing
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Note: This figure shows the timeline of job interviews with jobseekers who responded to our job
advertisements. Bars indicate the number of interviews conducted per day, restricted to days on
which interviews took place
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C Image Labelling Task

Lego pieces are plastic building blocks made for children to play with that come in many

shapes, sizes, and colors. They are designed to fit together securely, allowing the creation of

all kinds of complex structures.

C.1 Creation of Images

All images used in the labeling task were generated digitally using the Lego bricks online

simulator mecabricks.com. This simulator provides access to the complete set of Lego brick

types and allows users to arrange them in a virtual 3D space. The resulting brick geometries

can be exported and processed, for example, via a Python script to produce images.

We used the simulator to create 1,000 unique Lego brick geometries: 100 containing a single

brick and 900 containing multiple bricks. Each geometry was imported into the image

renderer Autodesk Maya 2024, where we generated 40 images per geometry with a plain

white background, varying the camera position for each shot. This procedure generated

40,000 unique images. From this set, we randomly selected 4,000 images and replaced the

plain white background with a visually noisy, captcha-style background. This resulted in a

final dataset of 44,000 unique images: 40,000 regular images and 4,000 ‘high-stakes’ images

for our labelling task.

Because the images were fully computer-generated, we maintained complete control over

attributes such as color, spatial arrangement, and viewing angle. By generating all images

digitally ourselves, we maintained complete control over every attribute—including color,

spatial arrangement, and viewing angle. This allowed us to define the true classification for

each image and evaluate employees’ performance against it.
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C.2 Labelling Categories

Employees were required to label each image according to six categories of heterogeneous

complexity: (a) the color of the Lego pieces (all pieces in a given image were the same color);

(b) whether any Lego pieces in the image were stacked together; (c) the total number of

individual Lego pieces in the image; (d) the types of Lego pieces visible in the image (bricks,

plates, bows, circles, and angles); (e) the type of Lego piece appearing most frequently in

the image; and (f) whether a 2× 2 Lego brick was visible in the image.

(a) The Color of the Lego Pieces. All Lego pieces in a given image were the same

color. Employees were required to identify this color and select the correct option from a

dropdown list of nine predefined colors: red, orange, yellow, green, teal, blue, purple, brown,

and black. A response was classified as correct if the chosen color matched the color assigned

to the bricks during the generation of the digital image.

(b) Whether any Lego Pieces in the Image Were Stacked Together. In most

images, Lego pieces were arranged without touching each other. However, in some geometries

— and consequently in some images — some or all pieces were arranged so that they appeared

to be stacked together. Employees were required to determine whether any pieces in a given

image were stacked and to select the correct “yes” or “no” response from a dropdown list to

the question: “Are the pieces in the image stacked together?”

(c) Total Number of Individual Lego Pieces in the Image. Images contained be-

tween one and seven individual Lego pieces. Employees were required to count the number

of pieces and select the correct value from a dropdown list of options ranging from one to

seven.

(d) Types of Lego Pieces Visible in the Image. All pieces included in the images

belonged to one of five categories: bricks, plates, bows, circles, or angles. Bricks were
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defined as any cubic piece. Plates were defined as any flat rectangular piece. Bows were

defined as curved pieces that are not circular. Circles were defined as any circular piece.

Angles were defined as any piece without curves and with at least one angle different from

90◦.

An image could contain pieces from one or multiple categories. Employees were required

to tick a checkbox for each type visible in the image; leaving a checkbox unticked indicated

that the type was not visible. This yielded five separate responses — one for each category.

For each category, we compared the employee’s response with the correct classification for

that image. A response was classified as correct if the checkbox selection matched the true

appearance of the respective category in the given image.

(e) Type of Lego Piece Appearing Most Frequently in the Image. Employees were

required to identify the type of piece that appeared most often in the image. For example,

if the image contained three bricks, two plates, and one circle, the correct response would

be “brick.” Employees selected the answer from the list of five possible types.

If two or more types appeared the same number of times — for instance, two plates and two

circles — employees were required to select the option “no single type appears most often”

instead of choosing one of the five types. A response was classified as correct if the selected

option from the dropdown list matched the true most-frequent type or correctly indicated

that no single type appeared most often.

(f) Whether a 2 × 2 Lego Brick Was Visible in the Image. Employees were asked

to indicate whether a specific Lego piece—a 2 × 2 brick—was visible in the image. This is

a common Lego piece, illustrated in Appendix Figure C.1, and is relatively easy to identify.

Employees selected either “yes” or “no” from a dropdown list in response to the question:

“Is there a 2× 2 brick in the image?”
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C.3 Set up of the task.

All employees were provided with identical laptops for the task, as well as individual Labelbox

accounts with unique login credentials that we set up in advance. Once logged in, they

could begin labeling immediately. Each image was shown only once, and employees had no

opportunity to return to a previously submitted image to change their answers. No feedback

on performance — either absolute or relative to other employees — was provided within

Labelbox or in any other form. Appendix Figure C.3 shows the Labelbox labeling interface

with an example image, presented exactly as employees saw it during the task.

On the first day, employees received extensive training on the image classification task and

the use of Labelbox. Each employee had a PDF copy of the training materials on their laptop

and was encouraged to consult it whenever they had questions about a labeling task. In

addition, each work location had physical examples of Lego pieces available, so employees

could familiarize themselves with the different types of pieces.

C.4 Representativeness of the Lego Task

The Lego task exemplifies data labeling, a core activity in modern AI development. Data

labeling is the process of adding descriptive information to raw data —for example, clas-

sifying objects in images or identifying the sentiment of a text. These labels provide the

examples that machine-learning systems need in order to learn and make predictions about

new observations. Because algorithms cannot reliably generate such labels on their own,

data labeling is typically carried out by human workers around the world.

For instance, crowdsourced workers across the globe (e.g., on platforms like Appen or

Scale AI) label images, text, and video for major tech firms, often in low-income coun-

tries (Chen, 2023; Larousserie, 2024; The Economist, 2025). Kässi et al. (2021) estimate

that over 163 million freelancer profiles are registered on online labor platforms, with ap-

proximately 19 million having performed at least one job, and 5 million completing at least
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ten tasks or earning over USD 1,000. While not all of this work involves data labeling, Appen

alone reports over one million data-labeling contributors globally (Chen, 2023). The growing

institutionalization of this sector is also evident in the creation of organizations such as the

Data Labeling Association of Kenya, which represents local workers engaged in annotation

tasks and advocates for fair labor standards.58

Data labeling is among the fastest-growing forms of digital work globally, with the market for

labeling solutions projected to grow at more than 20% annually through 2030 (G2 Learning

Hub, 2023). The broader AI data-labeling market is forecast to reach USD 134.7 billion by

2034, up from USD 19.7 billion in 2024 (Market.us Insights, 2024).

This scale illustrates that data labeling is a ubiquitous form of digital labor. Through the

Lego-image labeling task, we reproduce the core elements of large-scale labeling workflows

— repetition, cognitive engagement, and precision in categorization — within a controlled

and measurable setting. These features also characterize many other forms of work.

C.5 Image-Level Summary Statistics

Table C.1 summarizes the resulting dataset of 4,595,228 labelled images. Panel (a) presents

data at the image-employee level, with each observation representing a single employee’s

labeling of an image. Employees spent an average of 68.4 seconds labeling each image

and correctly assigned an average of 8.4 labels per image. Overall, this translates into an

11 percent probability that an image is labeled entirely correctly by any given employee,

indicating considerable variation in labeling accuracy and speed.

Panel (b) aggregates data to the image level, with each of the 44,000 unique images repre-

senting a single observation, averaged across multiple employee labels. At this aggregated

level, the average accuracy per image remains 11 percent, with each image labeled by an

average of 104 different employees.

58See: https://datalabelers.org
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Figure C.1: 2× 2 Brick

Note: This figure shows a 2× 2 brick.
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Figure C.2: Image with Captcha Style Background

Note: This figure shows an example image from the labeling task with a visually noisy, captcha-
style background. Such images were designated as ‘high-stakes’, and employees were instructed to
devote extra effort and care when labeling them.
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Figure C.3: Examples Image of Lego Bricks

Note: This figure shows a screenshot of an example Lego bricks image with the entry boxes for the classification of the image as
employees have seen during the experiment. This screenshot is taken from the data classification platform Labelbox, which was used
during the field experiment to classify the Lego images.
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Table C.1: Lego Bricks Data

Mean SD 10th Percentile 90th Percentile Observations

Panel A: Image Employee Level Dataset

Correct Labels (0–10) 8.43 1.01 7.00 10.00 4,595,228
All labels correct (0,1) 0.11 0.31 0.00 1.00 4,595,228
Time spent per image 68.44 115.78 16.00 137.00 4,595,228

Panel B: Image Level Dataset

Correct Labels (0–10) 8.53 0.75 7.67 9.67 44,000
All labels correct (0,1) 0.11 0.27 0.00 0.74 44,000
Time spent per image 47.93 24.13 18.25 80.81 44,000
Employees 104.44 115.33 4.00 296.00 44,000

Note: This table summarizes the dataset of Lego images and corresponding labelling performance
from the first employment round (the second employment round is ongoing at the moment).
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D Validity Checks

Yitq = α + δq + κi + σt +
−4∑

k=T−1

βk × treatik + εitq (12)

E Robustness

E.1 Alternative Definition of Productivity Measure

In this subsection, we examine labeling performance and treatment effects using a pre-

registered subset of the labeling questions. The index is constructed from questions (c)

and (d) described in Appendix C.2. Accordingly, the continuous index ranges from zero to

six, while the binary index equals one if all six questions are answered correctly and zero

otherwise. Table E.2 replicates Table 3 — our main analysis table — using the alternative

productivity index. Table E.3 replicates Table E.15 — the table showing effects for the most

difficult images — using the alternative productivity measure. Qualitative results do not

change when uisng the alternative native productivty measure.

85



Table E.2: Treatment Effects on Worker Effort for Alternative Productivity Measure

All Images High-Stakes Images

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.0138 0.0013 0.0147 0.0004
(0.0043)*** (0.0006)** (0.0057)** (0.0012)
[0.0046]*** [0.0007]** [0.0071]** [0.0014]

Observations (First Stage) 2,166,877 2,166,877 196,994 196,994
Observations (Imputed) 675,184 675,184 61,209 61,209
Individuals 297 297 297 297
SE Cluster Individual Individual Individual Individual
Mean of Dep. Var. 4.69 .14 4.68 .13
Q-Value 0.005 0.025 0.011 0.235

Note: This table shows the effect of being owed salary payments on employees’ effort measures.
The treatment effects are estimated at the worker-image level using the Borusyak et al. (2024)
imputation estimator. The daily treatment effects are combined into a single parameter spanning a
pay cycle or a week using the delta method. Standard errors are initially clustered at the individual
level and shown in parentheses. Since we measure productivity in different ways (with a continuous
and binary index) we also report sharpened q-values in brackets to account for multiple hypotheses
testing.

Table E.3: Effect of Salary Delay on Workers’ Effort (Hard Images and Alternative
Indices)

Most Difficult
10 Percent

Most Difficult
25 Percent

Most Difficult
50 Percent

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.0121 0.0000 0.0160 0.0001 0.0160 -0.0001
(0.0065)* (0.0004) (0.0045)*** (0.0002) (0.0050)*** (0.0002)
[0.0081]* [0.0005] [0.0057]*** [0.0002] [0.0077]*** [0.0002]

Observations (First Stage) 199,276 199,276 496,231 496,231 975,265 975,265
Observations (Imputed) 42,053 42,053 114,484 114,484 230,584 230,584
Individuals 297 297 297 297 297 297
SE Cluster Individual Individual Individual Individual Individual Individual
Mean of Dep. Var. 3.652 .001 3.831 .001 4.168 .003
Q-Value 0.100 0.933 0.002 0.237 0.006 0.561

Note: tbd
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E.2 Spillover Concerns

A key threat to the experimental design is the possibility of spillover effects because employees

with different treatment status work in the same location. In this setting, morale or other

behavioral responses may spread from treated to untreated employees, potentially biasing

the estimated treatment effects. We address this threat in two ways. First, we use outcomes

from a location that was deliberately assigned to contain only untreated employees to impute

counterfactual outcomes for treated employees. Second, within mixed-treatment locations,

we explicitly designed fixed seating arrangements to create reference groups, allowing us to

account for potential spillover effects within each group.

Mitigating Spillovers with an Untreated-Only Location. The first way we address

potential spillover effects is by relying on untreated employees from a work location with only

untreated workers. We replicate Table 3 and Figure 4, restricting the sample of untreated

employees to this group. The key advantage of this approach is that these employees are

certainly unaffected by treated peers, since they work in a separate location. Two disadvan-

tages remain. First, we still rely on untreated pre-periods of employees who share a location

with other treated workers, so some concerns about spillovers may remain. Second, restrict-

ing the sample of untreated employees to the ones working in the untreated-only location

reduces sample size and statistical power, making the estimates noisier. Nonetheless, the

results are qualitatively similar to those reported in Table 3 and Figure 4. Table E.4 presents

estimates using the standard continuous and binary indices, while Table E.5 reports results

with the alternative indices. Columns1-2 reproduce the estimates based on all images for ref-

erence, and Columns3-4 restrict to untreated observations from the untreated-only location

to impute counterfactual outcomes for the treated sample.
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Table E.4: Treatment Effects: Imputations Using Untreated-Only Location

All Images Untreated-Only Location

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.0449 0.0062 0.0330 0.0030
(0.0164)*** (0.0027)** (0.0138)** (0.0019)
[0.0176]*** [0.0029]** [0.0185]** [0.0029]

Observations (First Stage) 2,166,877 2,166,877 1,368,152 1,368,152
Observations (Imputed) 675,184 675,184 675,184 675,184
Individuals 297 297 217 217
SE Cluster Individual Individual Individual Individual
Mean of Dep. Var. 8.43 .11 8.44 .11
Q-Value 0.010 0.016 0.026 0.047

Note: This table reports the effect of being owed salary payments on employees’ effort measures.
Columns 1-2 replicate the results from Table 3, while Columns 3-4 use untreated employees from the
untreated-only location to impute counterfactual outcomes for treated employees. Treatment effects
are estimated at the worker-image level using the Borusyak et al. (2024) imputation estimator.
Daily treatment effects are aggregated into a single parameter over a pay cycle or week using the
delta method. Standard errors, clustered at the individual level, are shown in parentheses. Because
productivity is measured in two ways (continuous and binary indices), we report sharpened q-values
in brackets to account for multiple hypothesis testing.

88



Table E.5: Treatment Effects: Imputations Using Untreated-Only Location (Alterna-
tive Productivity Measure)

All Images Untreated-Only Location

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.0138 0.0013 0.0169 0.0016
(0.0043)*** (0.0006)** (0.0043)*** (0.0007)**
[0.0046]*** [0.0007]** [0.0057]*** [0.0009]**

Observations (First Stage) 2,166,877 2,166,877 1,368,152 1,368,152
Observations (Imputed) 675,184 675,184 675,184 675,184
Individuals 297 297 217 217
SE Cluster Individual Individual Individual Individual
Mean of Dep. Var. 4.69 .14 4.69 .14
Q-Value 0.005 0.025 0.001 0.035

Note: This table reports the effect of being owed salary payments on employees’ effort measures
using alternative productivity measures. Columns 1-2 replicate the results from Table E.2, while
Columns 3-4 use untreated employees from the untreated-only location to impute counterfactual
outcomes for treated employees. Treatment effects are estimated at the worker-image level using
the Borusyak et al. (2024) imputation estimator. Daily treatment effects are aggregated into a
single parameter over a pay cycle or week using the delta method. Standard errors, clustered
at the individual level, are shown in parentheses. Because productivity is measured in two ways
(continuous and binary indices), we report sharpened q-values in brackets to account for multiple
hypothesis testing.‘’
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Mitigating Spillovers with Designed Reference Groups. Our second approach to

addressing potential spillover effects is to create a clearly defined reference group for each

employee, which allows us to control for and estimate spillovers within a work location.

To construct these reference groups credibly within an open-space work location, we relied

on three design features: fixed seating arrangements, restrictions on communication across

groups, and staggered work schedules. First, employees were seated in groups of four around

a single table, with fixed seats that remained unchanged throughout the employment period,

ensuring that each individual interacted with the same peers for the duration of the job.

Second, we restricted communication across tables by prohibiting conversation during work,

generally allowing only one person at a time to use the washroom, and providing bottled

water at each table to eliminate the need for a shared water fountain. Third, we implemented

staggered start, end, and break times across tables to prevent crowding and mingling when

employees arrived or left work and during break periods. We provide evidence that these

measures successfully created clearly defined reference groups in Figure E.4.

Panel (a) shows that there was virtually no communication across tables, based on our daily

supervisory staff survey (see Appendix G for survey details). Panel (b) demonstrates that

employees were well acquainted with their table peers but not with workers at other tables,

as measured in our Peer Recognition survey (see Appendix G for survey details). Together,

these patterns suggest that the peer groups functioned as intended and that spillovers across

groups were minimal.

We then use the reference groups to explicitly control for potential spillover effects. We

continue to rely on the imputation estimator of Borusyak et al. (2024), which requires one key

assumption about the nature of spillovers. Because the estimator uses untreated observations

to estimate fixed effects, we must assume that spillover effects from treated employees affect

untreated and treated co-workers in the same way. In this setting, that assumption is

reasonable: when working alongside a peer who experiences unpaid salaries, it is plausible
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that the effect on others does not depend on whether those others are themselves treated.

Following the notation introduced in Section 6.1, we adapt the approach of Vazquez-Bare

(2023) to set up the estimation of spillover effects. Specifically, we estimate the following

modified version of equation (5):

yitq = α + δq + κi + σt + λ1(Sigt > 0) + εitq (13)

via OLS on (i, t) ∈ S0 (i.e., untreated observations only). The parameters δq, κi, and σt

denote vectors of fixed effects as before. We additionally include Sigt, an indicator equal to

one if individual i in reference group g is exposed to treated individuals at time t. This can

include any number of treated co-workers (see Vazquez-Bare (2023) for further discussion).

As before, we then use the estimated parameters from equation 13 to construct counterfactual

outcomes for treated individuals. The only difference is that our model for yitq now explicitly

accounts for spillover effects. This adjustment allows us to distinguish the direct impact

of salary delays on treated workers from indirect effects transmitted through their peers,

under the assumption that spillover effects are homogeneous across untreated and treated

employees.
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Table E.6: Treatment Effects: Clustering at the Table-Level

All Images High-Stakes Images

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.045 0.006 0.048 0.008
(0.017)** (0.003)** (0.016)*** (0.003)***
[0.020]** [0.003]** [0.019]*** [0.004]***

Observations (First Stage) 2,166,877 2,166,877 196,994 196,994
Observations (Imputed) 675,184 675,184 61,209 61,209
Individuals 297 297 297 297
SE Cluster Table Table Table Table
Mean of Dep. Var. 8.43 .11 8.41 .11
Q-Value 0.016 0.022 0.011 0.011
Spillover Control No No No No

Note: This table reports the effect of being owed salary payments on employees’ effort measures
from equation (6), aggregated into a single ATE. This table reports an alternative clustering level
for the standard errors. Standard errors based on the conservative variance estimator of Borusyak
et al. (2024), clustered at the table level and aggregated using the delta method, are shown in
parentheses. Bootstrap standard errors with 500 replications, following Liu et al. (2024), are
reported in brackets. The standard errors are now clustered at the table-level, i.e. the level of
the created reference group. Hence, this table replicates Table 3, clustering standard errors at the
table-level.
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Table E.7: Treatment Effects: Clustering at the Table-Level and Accounting for
Spillover Effects

All Images High-Stakes Images

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.044 0.006 0.047 0.007
(0.017)** (0.003)** (0.016)*** (0.003)***
[0.019]** [0.003]** [0.021]*** [0.004]***

Observations (First Stage) 2,166,877 2,166,877 196,994 196,994
Observations (Imputed) 675,184 675,184 61,209 61,209
Individuals 297 297 297 297
SE Cluster Table Table Table Table
Mean of Dep. Var. 8.43 .11 8.41 .11
Q-Value 0.017 0.022 0.011 0.011
Spillover Control Yes Yes Yes Yes

Note: This table reports the effect of being owed salary payments on employees’ effort measures
from equation (13), aggregated into a single ATE. This table presents estimates that account for
spillover effects among employees. Standard errors based on the conservative variance estimator
of Borusyak et al. (2024), clustered at the table level and aggregated using the delta method, are
shown in parentheses. Bootstrap standard errors with 500 replications, following Liu et al. (2024),
are reported in brackets. The standard errors are clustered at the table-level, i.e. the level of the
created reference group. Hence, this table replicates Table 3, clustering standard errors at the
table-level and accounting for spillover effects.
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Table E.8: Treatment Effects: Clustering at the Table-Level (Alternative Productivity
Measure)

All Images High-Stakes Images

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.0138 0.0013 0.0147 0.0004
(0.004)*** (0.001)** (0.006)*** (0.001)
[0.005]*** [0.001]** [0.007]*** [0.001]

Observations (First Stage) 2,166,877 2,166,877 196,994 196,994
Observations (Imputed) 675,184 675,184 61,209 61,209
Individuals 297 297 297 297
SE Cluster Table Table Table Table
Mean of Dep. Var. 4.69 .14 4.68 .13
Q-Value 0.003 0.022 0.011 0.222
Spillover Control No No No No

Note: This table reports the effect of being owed salary payments on employees’ effort measures
from equation (6), aggregated into a single ATE. This table reports an alternative clustering level
for the standard errors. Standard errors based on the conservative variance estimator of Borusyak
et al. (2024), clustered at the table level and aggregated using the delta method, are shown in
parentheses. Bootstrap standard errors with 500 replications, following Liu et al. (2024), are
reported in brackets. The standard errors are now clustered at the table-level, i.e. the level of the
created reference group. Hence, this table replicates Table E.2, clustering standard errors at the
table-level.
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Table E.9: Treatment Effects: Clustering at the Table-Level and Accounting for
Spillover Effects (Alternative Productivity Measure)

All Images High-Stakes Images

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.0139 0.0013 0.0148 0.0005
(0.004)*** (0.001)** (0.006)*** (0.001)
[0.005]*** [0.001]** [0.007]*** [0.001]

Observations (First Stage) 2,166,877 2,166,877 196,994 196,994
Observations (Imputed) 675,184 675,184 61,209 61,209
Individuals 297 297 297 297
SE Cluster Table Table Table Table
Mean of Dep. Var. 4.69 .14 4.68 .13
Q-Value 0.003 0.022 0.011 0.197
Spillover Control Yes Yes Yes Yes

Note: This table reports the effect of being owed salary payments on employees’ effort measures
from equation (13), aggregated into a single ATE. This table presents estimates that account for
spillover effects among employees. Standard errors based on the conservative variance estimator
of Borusyak et al. (2024), clustered at the table level and aggregated using the delta method, are
shown in parentheses. Bootstrap standard errors with 500 replications, following Liu et al. (2024),
are reported in brackets. The standard errors are clustered at the table-level, i.e. the level of the
created reference group. Hence, this table replicates Table E.2, clustering standard errors at the
table-level and accounting for spillover effects.
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Figure E.4: Reference Group Validation
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Note: This figure provides suggestive evidence validating our construction of the reference groups.
Panel (a) displays Likert scale responses from the daily supervisory staff survey on communication
across tables during a given workday, ranging from “None” (1) to “Very Much” (6). The panel
also plots a kernel density estimate using an Epanechnikov kernel with a bandwidth of five days,
based on the numeric values of the Likert scale. Panel (b) reports employees’ acquaintance with
co-workers. The first two bars show employees’ knowledge about the treatment status of their table
peers (whether they were currently owed salary or had been owed in the past), with a large share
indicating familiarity. In contrast, just a very small share reported knowing the treatment status of
a randomly selected co-worker seated at another table (bars three and four), and the vast majority
even reported not knowing this co-worker at all (bar five). We also display 95 percent confidence
intervals around the sample means.
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E.3 Alternative Weighting

In this subsection, we examine labeling performance and treatment effects using an alterna-

tive weighting scheme when aggregating image-employee-level treatment effects. Specifically,

we weight each image inversely proportional to the number of images labeled by that em-

ployee on a given workday. This approach gives equal weight to each employee, rather than

to each individual labeled image.

Table E.10: Treatment Effects on Worker Effort for Alternative Weighting

All Images High-Stakes Images

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.0389 0.0055 0.0347 0.0071
(0.0198)** (0.0026)** (0.0210)* (0.0032)**
[0.0176]** [0.0023]** [0.0189]* [0.0031]**

Observations (First Stage) 2,166,877 2,166,877 196,994 196,994
Observations (Imputed) 675,184 675,184 61,209 61,209
Individuals 297 297 297 297
SE Cluster Individual Individual Individual Individual
Mean of Dep. Var. 8.43 .11 8.41 .11
Q-Value 0.071 0.071 0.119 0.119

Note: This table reports the effect of being owed salary payments on employees’ effort measures
from equation (6), aggregated into a single ATE using alternative weights that are inversely propor-
tional to the number of images labelled by a given employee on a given day. Standard errors based
on the conservative variance estimator of Borusyak et al. (2024), clustered at the individual level
and aggregated using the delta method, are shown in parentheses. Bootstrap standard errors with
500 replications, following Liu et al. (2024), are reported in brackets. ‘First-stage observations’ refer
to the number of observations used to estimate equation (5), while ‘imputed observations’ indicate
the number of counterfactual outcomes generated to estimate treatment effects. Q-values account-
ing for multiple hypothesis testing across our four productivity measures are reported, based on
the p-values in parentheses. This table replicates Table 3 with different weights.
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Table E.11: Effect of Salary Delay on Workers’ Effort (Alternative Indices and alter-
native weighting)

All Images High-Stakes Images

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.0141 0.0012 0.0141 0.0002
(0.0062)** (0.0008) (0.0087) (0.0018)
[0.0052]** [0.0007] [0.0083] [0.0016]

Observations (First Stage) 2,166,877 2,166,877 196,994 196,994
Observations (Imputed) 675,184 675,184 61,209 61,209
Individuals 297 297 297 297
SE Cluster Individual Individual Individual Individual
Mean of Dep. Var. 4.69 .14 4.68 .13
Q-Value 0.071 0.071 0.119 0.302

Note: tbd

Table E.12: Effect of Salary Delay on Workers’ Effort (Alternative Weighting, Hard
Images)

Most Difficult
10 Percent

Most Difficult
25 Percent

Most Difficult
50 Percent

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.0454 -0.0001 0.0457 -0.0000 0.0392 0.0000
(0.0280) (0.0002) (0.0241)* (0.0001) (0.0239) (0.0002)
[0.0232] [0.0003] [0.0223]* [0.0001] [0.0155] [0.0002]

Observations (First Stage) 199,276 199,276 496,231 496,231 975,265 975,265
Observations (Imputed) 42,053 42,053 114,484 114,484 230,584 230,584
Individuals 297 297 297 297 297 297
SE Cluster Individual Individual Individual Individual Individual Individual
Mean of Dep. Var. 7.06 .001 7.451 .001 7.836 .002
Q-Value 0.411 0.651 0.096 0.602 0.179 0.469

Note: tbd
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Table E.13: Effect of Salary Delay on Workers’ Effort (Alternative Indices and alter-
native Weighting, Hard Images)

Most Difficult
10 Percent

Most Difficult
25 Percent

Most Difficult
50 Percent

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.0149 -0.0002 0.0186 -0.0002 0.0174 -0.0003
(0.0102) (0.0003) (0.0070)*** (0.0002) (0.0072)** (0.0002)
[0.0082] [0.0003] [0.0056]*** [0.0002] [0.0043]** [0.0002]

Observations (First Stage) 199,276 199,276 496,231 496,231 975,265 975,265
Observations (Imputed) 42,053 42,053 114,484 114,484 230,584 230,584
Individuals 297 297 297 297 297 297
SE Cluster Individual Individual Individual Individual Individual Individual
Mean of Dep. Var. 3.652 .001 3.831 .001 4.168 .003
Q-Value 0.411 0.411 0.032 0.249 0.064 0.253

Note: tbd
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E.4 Treatment Saturation

This section shows that results are not meaningfully affected by the level of treatment sat-

uration within a work location.

Table E.14: Treatment Saturation

Continuous Index Binary Index

Full Treatment
Saturation

Partial Treatment
Saturation

Full Treatment
Saturation

Partial Treatment
Saturation

ATE (Pay Cycle One) 0.015 0.019 0.006 0.001
(0.020) (0.016) (0.004) (0.003)

Observations 1,607,926 1,665,507 1,607,926 1,665,507
SE Cluster Individual Individual Individual Individual
P-Value 0.830 0.210

Note: tbd
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E.5 Treatment Effects by Image Difficulty

In this subsection, we examine whether treatment effects are larger in magnitude when the

sample is restricted to the most difficult images. To identify difficult images, we consider only

untreated observations and apply our usual restriction of discarding the first 500 images for

each employee, given the steep initial learning curve. We then calculate the average number

of correct labels for each image. Because this sub-analysis was not pre-registered and multiple

cutoffs are plausible, we report estimation results for the most difficult 10 percent, 25 percent,

and 50 percent of images. We define the most difficult images based on labeling performance

among untreated individuals only. For this subset, we compute the average performance for

each image and rank images accordingly. The most difficult 10 percent are defined as the

lowest-ranked 10 percent of images, and we proceed analogously for alternative cutoffs.

Table E.15 presents the results, showing that treatment effects on the continuous index are

larger for the more difficult images. The coefficient of 0.0539 in column 1, estimated on the

most difficult 10 percent, indicates that treated employees achieved 0.0539 additional correct

labels per image. Relative to the untreated baseline of 7.06 correct labels, this corresponds

to an improvement of 0.76 percent. Coefficients in columns 3 and 5 can be interpreted in

the same way and correspond to treatment effects of 0.73 and 0.57 percent, respectively. For

reference, the ATE using all images was 0.53 percent.

Coefficients on the binary index are all positive but statistically insignificant. However, this

reflects the very low share of flawlessly labeled images: only one percent in the most difficult

10 and 25 percent, and just two percent in the most difficult 50 percent. With almost

everyone making at least one mistake, it is unsurprising that treatment effects on the binary

index cannot be detected statistically.
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Table E.15: Treatment Effects on Worker Effort for Difficult Images

Most Difficult
10 Percent

Most Difficult
25 Percent

Most Difficult
50 Percent

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

ATE 0.0539 0.0002 0.0547 0.0001 0.0445 0.0001
(0.0230)** (0.0003) (0.0205)*** (0.0001) (0.0197)** (0.0002)
[0.0272]** [0.0004] [0.0271]*** [0.0002] [0.0305]** [0.0002]

Observations (First Stage) 199,276 199,276 496,231 496,231 975,265 975,265
Observations (Imputed) 42,053 42,053 114,484 114,484 230,584 230,584
Individuals 297 297 297 297 297 297
SE Cluster Individual Individual Individual Individual Individual Individual
Mean of Dep. Var. 7.06 .001 7.451 .001 7.836 .002
Q-Value 0.084 0.479 0.012 0.224 0.037 0.407

Note: Tbd

Figure E.5: Treatment Effects on Worker Effort for Difficult Images
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Note: This Figure shows workers equilibrium effort and firms policies.

102



E.6 Heterogeneity of Treatment Effects

Table E.16: Average Treatment Effects of Salary Delays by Outside Option

Performance Schooling Gender WTP

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

Continuous
Index

Binary
Index

Low Outside Option 0.078*** 0.011*** 0.090*** 0.014*** 0.053** 0.008**
(0.023) (0.003) (0.027) (0.004) (0.021) (0.003)

High Outside Option -0.005 0.000 0.027 0.002 0.038** 0.004
(0.011) (0.003) (0.017) (0.003) (0.018) (0.003)

Low WTP 0.036* 0.003
(0.021) (0.003)

High WTP 0.057*** 0.012***
(0.017) (0.003)

Observations (First Stage)

Observations (Imputed)

Individuals

SE Cluster Individual Individual Individual Individual Individual Individual Individual Individual
Mean of Dep. Var.

p-value (Low=High) 0 .013 .034 .004 .581 .291 .397 .01

Note: tbd
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Figure E.6: Treatment Effect Heterogeneity (Binary Index)

(a) Heterogeneity by Pre-Treatment Performance
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(b) Heterogeneity by Schooling
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(c) Heterogeneity by Gender
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(d) Heterogeneity by WTP for Salary Certainty
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Note: This figure illustrates treatment effect heterogeneity. Panel (a) presents heterogeneity
by pre-treatment performance, splitting the sample into above- and below-median performers.
Panel (b) shows heterogeneity by post-secondary schooling status. Panel (c) reports heterogeneity
by gender, and Panel (d) illustrates heterogeneity by WTP for higher salary certainty.
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F Theory Appendix

Environment (Formal Description). Time t is discrete and denotes pay cycles. The

economy is populated with risk-averse workers and risk-neutral firms, each employing at most

one worker. Firms maximize the present value of profits and are permanently characterized

by a type θ = (A, r) drawn from FΘ, where A denotes productivity and r the interest rate

(cost of borrowing). Workers are of type ω and have outside option V out. Firms offer workers

a common contractual wage w > 0, but each pay cycle decide what fraction χt ∈ [0, 1] of

the owed amount to actually pay. At the start of pay cycle t the firm-worker pair is in state

(Bt, Dt, Ct) ∈ R3
+, where Bt denote wage arrears owed to a worker, Dt a firm’s debt stock, and

Ct cash on hand (cash carries zero return). Nature draws a liquidity shock ζt, reducing the

firm’s cash on hand to Ceff
t = Ct−ζt. The firm then chooses and pays χt(Bt+w) and services

mandatory debt amortization δDt, using cash Ceff
t first and, if needed, new borrowing `t with

0 ≤ `t ≤ Lt. At the end of pay cycle t, any unpaid portion of the contractual obligation

becomes next period’s arrears. Thus, post-payment arrears carried into cycle t + 1 are

defined as Bt+1 = (1 − χt)(Bt + w). If Bt+1 > 0 the firm incurs a reputational (or moral)

fixed cost m of withholding wages. The worker observes Bt+1 and chooses effort ηt, incurring

a convex cost ψ(ηt), to maximize utility given Bt+1 and beliefs about next period’s payment

χt+1. Continuation beliefs depend only on Bt+1. Output yt = Af(ηt) is then realized, and

both revenue yt and any remaining cash Cres
t are carried forward as Ct+1. The debt stock

evolves as Dt+1 reflecting new borrowing `t and accrued interest. The employee-employer

match survives to the next cycle with probability p(ηt). If the match breaks, the firm faces

a repayment obligation of outstanding wages, occurring with probability φ and scaled by a

penalty factor ξ > 1. The firm is matched with an identical worker in the next period after

paying hiring cost H. All parties apply a common discount factor β.

Workers Beliefs.

Assumption M1 (Workers’ Expectation). Liquidity ζt is i.i.d. and independent of firm
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type θ. Observing χt does not lead workers to update a posterior over θ; continuation beliefs

depend only on Bt+1 = (1−χt)(Bt+w). Aggregation is written as the conditional expectation:

E
[
u
(
χ∗t+1

(
Bt+1, Dt+1, Ct+1; Θ, ζt+1

)
(Bt+1 + w)|Bt+1

)]
. (14)

where the expectation is taken over (Θ, D,C, ζ) under a product measure and impose distri-

butional assumptions for tractability (details in Appendix XXX).

The Firm Optimization. Per-period firm profits are defined as output minus all potential

costs the firm has to pay (debt amortization, wages and the cost of wage withholding).

Formally, this is defined as

πt(Bt, Dt, Ct, χt; θ) = yt − δDt − χt(Bt + w)−m(Bt+1). (15)

Given the worker’s response η∗t (Bt+1), a firm of type θ = (A, r) solves

Vf (Bt, Dt, Ct; θ) = Eζ

[
max
χt∈[0,1]

{
πt(Bt, Dt, Ct, χt; θ) (16a)

+ β

Continuation value if match survives︷ ︸︸ ︷
p
(
η∗t (Bt+1)

)
Vf (Bt+1, Dt+1, Ct+1; θ)

+
(
1− p

(
η∗t (Bt+1)

))︸ ︷︷ ︸
Probability match breaks

−
Expected fine︷ ︸︸ ︷
φξBt+1− H︸︷︷︸

Rehiring cost

+

Value after rehiring︷ ︸︸ ︷
β Vf

(
0, Dt+1, Ct+1; θ

)}]
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subject to

πt(Bt, Dt, Ct, χt; θ) = yt − δDt − χt(Bt + w)−m(Bt+1) (16b)

Ceff
t + `t = δDt + χt(Bt + w) (16c)

0 ≤ `t ≤ L (16d)

Dt+1 = (1 + r) (1− δ)Dt + `t (16e)

0 ≤ Dt+1 ≤ Dmax (16f)

Cres
t = max{0, Ceff

t − δDt − χt(Bt + w)} (16g)

Ct+1 = yt + Cres
t (16h)

The firm’s value function is a discontinuous function because ` switches on at ` = 0, and the

borrowing cap may bind at ` = L. Additionally, m(B) also jumps at B = 0. The function

is piecewise smooth in χ and optimal χ∗ may be at corners or at piecewise interior points.

Equilibrium. Parameters (L, δ, r) and the support of ζ ensure: (i) for each (B,D,C, θ)

there exists a feasible χ ∈ [0, 1] via (??); (ii) under optimal policies, D and C remain bounded

by (??); (iii) u is continuous and strictly concave, p is continuous, increasing and strictly

concave, m(·) is bounded and weakly increasing, and FΘ, Fζ have bounded support.

Definition 1 (Stationary equilibrium). A stationary equilibrium consists of (Vf , Vw, χ
∗, η∗, Upay)

such that:

(i) Worker optimality: Given Upay, Vw solves (??), and η∗ satisfies (3).

(ii) Firm optimality: Given η∗, for each θ, χ∗(·) solves (16) subject to (16b)-(16h).

(iii) Aggregation consistency: Upay is generated by χ∗ via (14).

We solve for the equilibrium numerically using value function iteration, with computational

details provided in Appendix XXX. Figure F.7 illustrates the resulting equilibrium, showing
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optimal worker effort and aggregate firm policies for a parameterization calibrated to ap-

proximate the economic environment of Nigeria. Given reasonable low enforcement, we see

that optimal effort can increase initially for low levels of arrears. At the same time, firms

find it optimal not to pay workers with the repayment share declining as arrears grow.
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Figure F.7: Worker Effort and Firm Policy in Equilibriumn

(a) Worker Effort

(b) Effect on Probability of Flawless Completion

Note: This Figure shows workers equilibrium effort and firms policies.

109



G Supplementary Data Collections and Interventions

This section describes the supplementary data collections and interventions.

Weekly Employee Surveys (Employee Sample). To illustrate the effects of wage with-

holding on employees’ self-reported wellbeing, we conducted weekly employee surveys via

WhatsApp. Every Friday, employees received a brief WhatsApp questionnaire, framed as

originating from a third-party recruitment agency interested in learning about their expe-

riences with this particular employer. This framing encouraged candid responses regarding

salary payments and working conditions. Employees were incentivized to complete the survey

through a small monetary reward and the opportunity to win a larger cash prize, resulting in

a relatively high response rate of 34 percent. Summary statistics and further methodological

details are provided in Appendix XXX. We use these data in Section XXX, complementing

our primary experimental results with information on employees’ subjective experiences.

G.1 End-of-Job Survey (Employee Sample)

To elicit employees’ beliefs about salary delays and their general perceptions of the job, we

conducted an end-of-employment survey on the final workday of both employment rounds.

The first survey was administered on May 2, 2025, the last workday of the first experimental

employment round, and the second on October 3, 2025, the last workday of the second round.

Both surveys were administered prior to the debriefing. We surveyed all employees present

on those days—219 in the first round and 268 in the second. Surveys were administered

individually to prevent responses from being influenced by peers, for example through social

image concerns.

First, we asked employees about the purpose of the job. This was included to validate the

experimental design and to ensure that employees perceived the job as genuine and primarily

about image labeling. Responses are reported in Appendix Figure G.8 for both employment

rounds. The figure shows that the vast majority of employees (80.4 percent in the first round
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and 78.4 percent in the second) believed the primary purpose of the job was image labeling.

The remaining 19.6 percent and 21.6 percent, respectively, believed the job served another

purpose, but only 4.6 percent and 2.2 percent, respectively, explicitly stated that it was to

assess the productivity effects of salary delays. We interpret these results as evidence that

our experimental setup was realistic and perceived as genuine.

Second, we asked employees who experienced salary delays to self-assess how they responded

to those delays. This was a multiple-choice question, and employees could select one or

more options (conflicting responses were not possible). Results are reported in Appendix

Figure G.9. Bars 1 and 2 refer to self-assessments of work effort: 31 percent of employees

reported working harder when experiencing salary delays, while only 2 percent reported

working less hard. Bars 3 to 5 refer to attendance: most employees (73 percent) indicated

that they attended work as usual when their salaries were delayed, while small fractions

reported attending more or less, respectively.

Figure G.8: Perceived Purpose of Employment

80.4
78.4

7.3
4.9 4.6

2.2 2.7
5.2 5.0

9.3

0

20

40

60

80

Pe
rc

en
t

Classifying
Images

Testing the
Software

Assessing
Productivity w/

Pay Delays

Assessing
Computer
Literacy

Other

Employment Round 1
Employment Round 2

Note: This figure presents results from the end-of-employment survey conducted for both ex-
perimental employment rounds. The survey was administered to all 219 employees attending the
final workday of the first employment round and all 268 employees attending the final workday of
the second round. The figure shows employees’ single-choice responses to the question: “In your
opinion, what was the main purpose of this job and the program?”
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Figure G.9: Self-Assessment of Responses to Salary Delays
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Note: This figure presents results from an end-of-employment survey administered to 219 employ-
ees on the final workday. It shows employees’ multiple-choice responses (conflicting responses were
not possible) to the question: “How did you respond when your salary was delayed?”

G.2 Employment Terms Perception Survey (Recruitee Sample)

We conducted a follow-up survey with recruitees who were not hired to elicit their per-

ceptions of the employment terms across the different treatment conditions. The survey

assessed how treatments influenced recruitees’ concerns about salary uncertainty. To avoid

priming respondents about this issue, we framed the survey as a routine follow-up by the

recruitment agency to evaluate the performance of the interviewer. A brief questionnaire was

administered either by phone (by a different enumerator) or through automated WhatsApp

messages. It included questions about recruitees’ initial interview or information session,

followed by their evaluation of the employment terms. We surveyed 204 individuals in total:

125 via WhatsApp and 79 via phone. Participants received a small monetary incentive in the

form of mobile phone recharge cards for completing the survey. The administered question-

naire was identical between the phone and WhatsApp surveys. Respondents were asked how

concerned they would be about receiving their salary on time and at all if they were to start
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the job. They could choose among four options: “Very concerned,” “Concerned,” “Little

concerned,” and “Not concerned,” corresponding to a four-point Likert scale. Participants

were asked how concerned they would be about receiving the salary on time or at all if they

were to start the job. Participants had four response options Very Concerned, Concerned,

Little Concerned, and Not Concerned corresponding to a 4-point Likert scale.

We then estimate the following regression:

yi = α + β2 Zi2 + β3 Zi3 + εi. (17)

where yi is the numeric value of individual i’s response, and Zij is an indicator for the type

of employment terms j corresponding to one of the three treatment arms given to individual

i. Treatment Arm 1 (Control Arm) serves as the omitted reference category.

Appendix Figure G.10 presents the survey results. The figure illustrates average levels of

recruitees’ concern about receiving their salary on time and, respectively, about receiving it

at all. The patterns are fairly similar: individuals in the control arm report concern levels

slightly above “Little Concerned.” Those assigned to the uncertainty arm exhibit nearly

identical levels of concern, which are not statistically distinguishable from the control group.

This provides additional evidence of the high prevalence of wage withholding: telling people

that salary may not be paid does not significantly change their concern about receiving their

salary on time or at all. In contrast, the certainty treatment reduces concern. Recruitees

offered employment terms with guaranteed salary are significantly less concerned than those

in the control arm, reporting average levels of concern slightly below “Little Concerned.”
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Figure G.10: Salary Concerns by Treatment Arm (Follow-Up Survey)
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Note: This figure presents results from the follow-up survey with recruitees on their perceptions of
the treatment arms, estimated using Equation (17). Reported values are averages on a four-point
Likert scale (1 = Very concerned, 2 = Concerned, 3 = Little concerned, 4 = Not concerned). We
display 95% confidence intervals around the averages, based on heteroskedasticity-robust standard
errors.
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Figure I.11: Complier Characteristics
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(c) Age
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(d) Searching for a Job
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Note: This figure shows characteristics of always takers, compliers, and never takers.
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Table I.17: First-Stage for Compliers

(1) (2)

Salary Guarantee 0.13*** 0.08**
(0.03) (0.03)

Observations 1,079 1,079
R-Square 0.45 0.01
F-Statistic 15.81 6.12
Date Control Yes No
Salary Control Yes No

Note: tbd

J Choice Experiment

J.1 Design and Implementation

The choice experiment elicited recruitees’ preferences over different job offers and was ad-

ministered during the job interview for the sample responding to the job advertisement, re-

spectively during the job information session for the in-person recruited sample. Recruitees

were shown one of three choice blocks, each containing four binary choices between job of-

fers. The job offers varied in two attributes: salary, and information on payment modalities.

Salary was randomly varied across offers within the range of 55,000 to 85,000 NGN, while

payment information varied according to the three treatment arms described in Section 4.1.

Additionally, all job descriptions included the same information on location, hours, and job

type.

Jobseekers were asked to indicate which of the shown job offers they would accept; possible

responses included accepting one, both, or neither. We used a Bayesian D-efficient algorithm

— a modified Fedorov algorithm (Cook and Nachtsheim, 1980; Zwerina et al., 1996; Carlsson

and Martinsson, 2003) — implemented with the software developed by Hole (2015), to select
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the first three choices in each of the three choice blocks to maximize the statistical power

of the design. Only the first three choices were used for estimating preferences, as specified

in the pre-analysis plan. The fourth choice in each block was relevant for the branch of the

experiment in which one of the respondent’s choices could be implemented as an actual job

offer, as described in the next paragraph.

Appendix Figure J.1 shows two example choices presented to recruits. Panel (a) illustrates

a choice between a job offer corresponding to treatment arm 3 (salary certainty arm) and

treatment arm 2 (uncertainty arm). Panel (b) shows a choice between treatment arm 1

(control arm) and treatment arm 2 (uncertainty arm).

Most employees were told that their choices would help us (the recruitment agency) to

offer job opportunities matching their preferences. This constituted an incentive-compatible

design for eliciting truthful responses. To further strengthen incentive compatibility, a subset

of recruits was randomly assigned to a different experimental condition in which they were

told — truthfully — that one of their selected choices would be implemented as an actual job

offer. While this approach is highly effective for eliciting truthful responses, the D-efficient

design of the choice experiment limited the range of job-offer combinations we could feasibly

implement. For this reason, we included a fourth choice in each block, which was not used in

the preference estimation but provided additional flexibility for making offers in this subset

of cases. The set of job offers we could extend remained constrained, which is why we

implemented this highly incentive-compatible condition only for a subset of recruitees.

J.2 Theory and Estimation

To understand how employees value different job attributes and estimate WTP for higher

salary certainty, we specify a discrete choice model.59 Following the conceptual setup of

McFadden (1974), we model individuals’ utility from job choice j, denoted Uj, as deter-

ministically dependent on observable job characteristics xj and the wj. Utility additionally

59In this case, WTP is defined as the willingness to give up salary for greater salary certainty.
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depends stochastically on the unobservable term εj, so that utility Uj from job choice j can

formally be expressed as

Uj = v(xj, wj; β) + εj, (18)

where β is a vector of parameters. While utility also depends on the stochastic component,

εj, it is deterministic from the perspective of the individual making the job choice. We

further assume that individuals choose their utility maximizing job option j from the choice

set C. The probability that an individual then chooses job j from the choice set C can be

written as

Pr(j|C) = Pr(Uj > Ui) = Pr(vj + εj > vi + εi) = Pr(vj − vi > εi − εj) ∀ i ∈ C. (19)

To estimate this choice probability, we impose the standard restrictions on the structure of

the utility function. First, we assume that εj follows a Type I extreme value distribution.

Second, we assume that the utility function is linear in parameters. Third, we rely on the

independence of irrelevant alternatives (IIA) assumption, which requires that the relative

probability of choosing job j over i is unaffected by the inclusion or exclusion of other

alternatives in the choice set. Under these assumptions the probability of choosing job j

from the choice set C can be estimated using a conditional logit model. The probability of

choosing job j as a function of the job characteristics xl with l = 1, . . . ,m and the salary w

can then be written as
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Pr(j) =
exp(

∑m
l=1 βlxjl + βwwj)∑

j∈C exp(
∑m

l=1 βlxjl + βwwj)
. (20)

We estimate the choice probabilities in equation (20) via maximum likelihood. Salary w is

a continuous variable ranging from 55,000NGN to 85,000NGN. We include two additional

variables capturing job attributes l. First, salary delay d is a continuous variable of the

specified probability of salary delay between 0% and 50% (0% is the control condition).

Second, the binary variable s ∈ {0, 1} is a categorical variable indicating the usage of an

automated payment system by the firm which is also reflected in the job offer. Standard

errors are clustered at the individual level.

An advantage of the conditional logit model is that marginal rates of substitution (MRS)

are straightforward to compute. This is particularly relevant in this case, because it allows

us to derive a valuation of the different job attributes relative to salary. We interpret the

MRS between a job characteristic and salary as a WTP for that job characteristic. The MRS

between two attributes in the conditional logit model is simply the ratio of their estimated

coefficients. Accordingly, the WTP for job characteristic l is given by:

WTPl =
∂U/∂xl
∂U/∂w

=
βl
βw

(21)

J.3 Results

Table J.2 shows the full sample estimation results for the WTP estimates. Table J.3 replicates

Table J.2 using a subsample only whose choice was implemented, making their answers highly

incentive compatible. The tables show the MRS, i.e. coefficient ratio, between a job offer

that offers higher salary certainty through the automated payment system and salary. The
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table also shows the MRS between the specified probability that salary delay may occur

for a given employee and salary. Column (1) shows the estimation results using the entire

sample. Column (2) shows the estimation results using the sample that responded to the

job advertisement only, column (3) uses the in-person recruited and non-incentivized sample

only while column (4) shows the estimation results for in-person recruited sample that had

to be incentivized to participate in the job information session. The coefficient on ‘WTP for

Salary Certainty’ in column (1) implies that jobseekers were willing to give up 27, 223 NGN

(∼ 18 USD) in monthly salary for a job offer that included the automated payment system

and conveyed higher salary certainty. This is a substantial amount corresponding to 39% of

the minimum wage of 70,000 NGN.

The coefficient on ‘WTP for Delay’ in column (1) implies that jobseekers are willing to accept

a 1% higher probability that their salary will be delayed for a salary increase of 733 NGN.
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Figure J.1: Examples of Job Offer Choices in the Choice Experiment

(a) Example Choice One

(b) Example Choice Two

Note: This figure shows two example choices from the choice experiment as presented to recruitees.
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Table J.1: Attributes and Variation of Job Offers in the Choice Experiment

Job Attribute Attribute Levels

Salary 55,000 NGN
60,000 NGN
65,000 NGN
70,000 NGN
75,000 NGN
80,000 NGN
85,000 NGN

Payment Mopdalitie Biweekly Payments

Biweekly Payments
This company offers an automated payment
system to guarantee on-time payment: your
salary would be transferred automatically
from a bank account with enough money to
cover the salary payments. No worker who
received this has reported any issues
with their salary.

Biweekly Payments
Things in Nigeria are difficult at the moment,
also for this company: every month there is
a {10, 20, 30, 40, 50} percent chance
your salary will not be paid.

Job Type Image Classification

Location and Hours Satellite Town, 9:00am to 5:00pm

Note: This table shows the variation in job offers presented in the choice experiment. We vary
salary and information on salary certainty according to the three treatment arms described in
Section 4.1. All job offers provide the same information on job type, location, and hours.
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Table J.2: Choice Experiment: Full Sample

Entire
Sample

Job Ad
Sample

In-Person Sample
(No Incentive)

In-Person Sample
(Incentive)

WTP for Sal. Certainty 26.64*** 25.99*** 26.31*** 28.37***
(0.99) (1.17) (2.33) (2.41)

WTP for Delay -0.71*** -0.63*** -0.72*** -0.95***
(0.02) (0.03) (0.05) (0.06)

Observations 6,562 3,826 826 1,910
Individuals 1,110 641 139 330
SE Cluster Individual Individual Individual Individual

Note: This table shows the estimates of the choice experiment administered during the job in-
terview. The table shows the coefficient ratios from a conditional Logit estimation, which can be
interpreted as marginal rates of substitution. Standard errors are initially clustered at the indi-
vidual level, and we calculate the standard error of the coefficient ratio using the delta method.
Column (1) shows the estimation results using the entire sample. Column (2) shows the estimation
results using the sample that responded to the job advertisement only and column (3) uses the
in-person recruited sample only. Column (4) shows the estimation results for the sub-sample which
was informed that one of their choices in the choice experiment would be implemented as their job
offer.

Table J.3: Choice Experiment: Implemented Choices Subsample

Entire
Sample

Job Ad
Sample

In-Person Sample
(No Incentive)

In-Person Sample
(Incentive)

WTP for Sal. Certainty 25.98*** 25.11*** 25.32*** 28.54***
(1.21) (1.43) (1.87) (3.41)

WTP for Delay -0.70*** -0.62*** -0.72*** -0.95***
(0.03) (0.04) (0.05) (0.08)

Observations 3,468 2,052 440 976
Individuals 586 344 74 168
SE Cluster Individual Individual Individual Individual

Note: This table shows the estimates of the choice experiment administered during the job in-
terview. The table shows the coefficient ratios from a conditional Logit estimation, which can be
interpreted as marginal rates of substitution. Standard errors are initially clustered at the indi-
vidual level, and we calculate the standard error of the coefficient ratio using the delta method.
Column (1) shows the estimation results using the entire sample. Column (2) shows the estimation
results using the sample that responded to the job advertisement only and column (3) uses the
in-person recruited sample only. Column (4) shows the estimation results for the sub-sample which
was informed that one of their choices in the choice experiment would be implemented as their job
offer.
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Figure J.2: Distribution of Individual WTP for Salary Certainty

0

.005

.01

.015

.02

.025

D
en

si
ty

0 20 40 60 80
Willingness to Pay (USD)

Note: This figure shows the distribution of individual-level WTP values, expressed in USD. These
values represent the amount individuals are willing to forgo from their monthly salary in exchange
for higher salary certainty.

Table J.4: Workforce Composition Effects

Continuous
Index

Binary
Index

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

In-person recruitees 0.025 0.034 0.001 0.001
(0.035) (0.032) (0.006) (0.006)

R-Square 0.0002 0.6288 0.0000 0.7259
Observations 505,274 505,274 505,274 505,274
Individuals 221 221 221 221
SE Cluster Individual Individual Individual Individual
Date FE No Yes No Yes
Image FE No Yes No Yes

Note: This table reports the estimation results from equation (11), comparing productivity across
three samples: job-ad recruits (sample III and the omitted category), in-person recruits without
incentive (sample I), and in-person recruits with incentive (sample II). All employees were hired
under contracts with salary guarantees. Standard errors, clustered at the individual level, are
reported in parentheses.
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