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ABSTRACT

Remote-work technologies have fundamentally reshaped labor markets, creating new
opportunities for workers in low- and middle-income countries (LMICs) to access
high-quality jobs previously beyond their reach. This shift will profoundly change
how people acquire skills, access jobs, and organize within the labor market over
the coming decades. In this dissertation, I investigate frictions that impede workers’

access to digital job opportunities and skill acquisition in the online labor market.

In the first chapter, joint with Hamna Ahmed and Zunia Tirmazee, we study entry
barriers for workers in online labor markets. Hundreds of millions of workers in
low- and middle-income countries seek digital jobs online but face entry barriers
without an established reputation. Novice workers could offset this by lowering
initial wages, yet few do. Our baseline survey points to two explanations: workers
believe employers interpret low wages as low quality signals and are uncertain about
their own abilities. We conduct two field experiments on a leading global freelancing
platform to examine how these beliefs shape worker outcomes. In the demand-
side experiment, we randomize wage offers by novice workers to 703 jobs and find
that employers respond favorably to lower wage offers from novices, contrary to
what workers believe. In the supply-side experiment with 481 novice workers, we
randomly provide them with accurate information about employer responses and
their performance. Correcting workers’ beliefs increases their willingness to lower
wages. Consistent with reputation models, effects are driven by high-ability novices

with high returns to reputation once these frictions are removed. Simulations show



that without external intervention, worker learning about employer responses is slow
and costly. Our findings highlight that information interventions can help workers
in developing countries overcome reputation barriers and accelerate talent discovery

in online labor markets.

In the second chapter, joint with Hamna Ahmed, Zunia Tirmazee, and Emma Zhang,
we study how to incentivize digital skills investment among young women in low-
income countries, a key prerequisite for participation in online labor markets. In
particular, we study the role of intra-household payment and information targeting
on the effectiveness of a conditional cash transfer (CCT) program using a randomized
control trial. The program aims to boost completion of a digital skills training pro-
gram among young females in urban Pakistan. Fixing the incentive size and daugh-
ters’ knowledge about it, we cross randomize (1) the payment split between parents
and daughters and (2) whether parents receive information about the daughters’ in-
centive. We find that under asymmetric information about the CCT, incentivizing
parents leads to a 103% increase in training completion compared to incentivizing
daughters. When both parents and daughters know about the CCT, completion rates
do not vary by the incentive split, consistent with the efficient collective household
model. Our results suggest that in this parent-child context, incomplete information
sharing is the main barrier to the optimal incentive targeting, instead of bargaining

frictions on the future payment.
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CHAPTER 1

BELIEFS, REPUTATION, AND BARRIERS TO ENTRY IN
ONLINE LABOR MARKETS

1.1 Introduction

Inexperienced workers often struggle more than experienced ones to find jobs, par-

1A key challenge is their

ticularly in low- and middle-income countries (LMICs).
inability to credibly signal their skills to employers, particularly when their qualifi-
cations are difficult to evaluate or verify (Abebe et al., 2021; Bertrand et al., 2024).
This problem is especially pronounced in the rapidly expanding online labor market,
where hundreds of millions of workers from these countries seek digital job opportu-
nities on global freelancing platforms (Datta et al., 2023). Although these platforms
expand access to opportunities, information frictions about worker ability create
substantial entry barriers for inexperienced workers without prior online job histo-
ries (Agrawal et al., 2016; Hilbert and Lu, 2020). Because employers cannot observe
worker ability prior to hiring, they favor workers with established reputations, creat-
ing a “reputation trap” for inexperienced workers: they need jobs to build reputation
but need reputation to secure jobs. Classic reputation models (Tirole, 1988; Stiglitz,

1989) suggest that inexperienced workers can overcome this problem through “intro-

ductory pricing”: offering lower wages initially to attract employers and raising them

1. For example, in some regions, they are three times more likely to be unemployed than the
general population (Alfonsi et al., 2020).



once reputation is established. Yet in practice, inexperienced workers rarely lower

wages to build reputation. Why do they refrain from such reputation investment?

We study this question using detailed platform and survey data from LMIC free-
lancers, together with two randomized controlled trials on a leading global freelanc-
ing platform. We first document suggestive evidence that this pattern may reflect
workers’ beliefs about employer responses or their own abilities. Workers may hesi-
tate to lower wages because they believe employers interpret low prices as signals of
low quality.? Alternatively, workers who are uncertain about their own ability cannot
predict their future performance or the reputation they will establish, making them

reluctant to forgo initial earnings for future returns to reputation.

The first experiment tests whether employers truly interpret low wage offers from
inexperienced freelancers as signals of low quality. We randomize wage offers by
inexperienced (novice) and experienced (veteran) freelancers and compare employer
responses. The second experiment examines how novices’ beliefs shape wage offers.
We randomly provide novices with information about employer responses and/or
their own ability, and measure the effects on subsequent wage offers. Our results
show that novices’ inaccurate beliefs about employer responses and their own ability
deter reputation investment and market entry, especially among high-ability workers.
These frictions not only distort talent allocation in the online market, but are espe-

cially costly in LMICs, where limited local employment opportunities make access

2. This pattern has been well documented in product markets where consumers infer lower
quality from lower prices when evaluating unfamiliar goods. See Rao and Monroe, 1989; Wathieu
and Bertini, 2007; Erdem et al., 2008; Ashraf et al., 2013.



to online work particularly valuable for skilled workers.

We focus on data entry freelancers from LMICs on one of the largest global free-
lancing platforms. On the platform, employers post jobs with stated budgets, and
freelancers apply by submitting wage bids. We define undercutting as freelancers
bidding below the posted budget. When evaluating applicants, employers observe
each freelancer’s wage bid and reputation, represented by the number of completed
jobs and job success rate on the platform. We combine comprehensive platform data
on freelancers’ profile characteristics, job histories, and applications with original
survey and performance data collected from 481 novice freelancers across 37 LMICs

hired for a standardized data entry task on the platform.

Our descriptive analysis reveals a puzzle. Reputation generates large returns to fu-
ture earnings, and these returns are heterogeneous: public employer reviews increase
hiring chances for high-performing novices but shut out low-performing ones (Pallais,
2014; Fazio et al., 2025). High-ability novices therefore stand to gain the most from
securing initial jobs and building reputation early. This is especially important from
an efficiency standpoint: novices in our data perform no worse than experienced
workers with established reputations, suggesting the reputation trap may generate
talent misallocation. Yet despite intense competition, wage bids vary little, even
among novices with limited outside employment options.? Our original data points

to two explanations. First, although novice performance varies substantially, work-

3. Our sample represents a substantial underemployed labor force with limited job opportunities.
Nearly half report no offline work, and more than 80% have no completed jobs on this or any other
freelancing platform. For these workers, overcoming initial entry barriers and building a reputation
to secure digital jobs is especially valuable.



ers have limited knowledge of their abilities relative to others. Without knowing her
type, a novice cannot predict whether she will perform well enough to recoup the
initial earnings sacrifice, because a poor reputation may prevent her from securing
future jobs. Second, novices believe that employers interpret low wage bids as signals

of low quality, further deterring undercutting.

Motivated by these descriptive findings, our first experiment examines whether em-
ployers interpret low wage bids from novices as negative quality signals and thus
whether undercutting is a viable entry strategy. To generous exogenous variation
in wage bids, we create experimental profiles for novice and veteran freelancers with
comparable characteristics, randomize their bids across 703 real jobs on the platform,

and track employer responses.

The results are contrary to workers’ baseline beliefs. Although novices are less likely
than veterans to receive employer responses, low wage bids significantly increase
employers’ likelihood of viewing the application and contacting freelancers in both
groups. Crucially, employers are more responsive to low bids from novices than from
veterans: novice callback rates increase by 54 percent from a baseline of 3.41 per-
centage points, compared to a 16 percent increase from a baseline of 5.26 percentage
points for veterans. These patterns are inconsistent with employers interpreting low
wages as negative quality signals. Instead, employers appear to view lower bids by
novices as a willingness to invest in reputation. One concern is that even if under-
cutting helps novices secure jobs, the future returns to reputation may not offset

the initial earnings loss. Our back-of-the-envelope calculations suggest otherwise:



novices who consistently undercut can more than double their net earnings within
the first year. Taken together, these findings suggest that undercutting can help
novices overcome the reputation trap, raising the question of why so few workers

adopt this strategy.

Our second experiment therefore examines how novices” beliefs about employer de-
mand and their own ability affect wage bidding behavior. The experiment is informed
by Tirole (1988), in which new entrants offer introductory pricing as an investment
in reputation to overcome initial information frictions about their quality. In the
original model, a separating equilibrium can emerge where high-ability novices of-
fer low wages initially to build reputation for future transactions, while low-ability
novices do not. Low wage offers by high-ability novices increase their chances of being
hired and improve match quality. We show that the separating equilibrium breaks
down when novices hold inaccurate beliefs about employer responses and their own
ability. This framework yields testable predictions: correcting beliefs about demand
encourages undercutting broadly, while correcting beliefs about own ability induces

undercutting by high-ability novices.

We test these predictions in an experiment with 481 novice freelancers hired for the
baseline data entry task, for whom we have measured their performance and be-
liefs about own ability and demand responses. Identifying the mechanisms using
observational data alone is difficult because ability, beliefs, and wage bids are jointly
determined. Our experiment generates exogenous shifts in beliefs by randomly pro-

viding novices with private information about their task performance relative to



other novices and/or information about employer responses to wage bids. We then
track their wage bids for a real job referred to them by us on the platform.4 Leverag-
ing baseline and endline surveys, we confirm that the treatments substantially shift
novices’ beliefs through the intended channels, without affecting perceptions about

other aspects of the job application process.

We find that correcting novices’ beliefs significantly increases their willingness to offer
low wage bids, but through different channels. When novices learn that employers
do not treat low bids as negative quality signals, the share who undercut nearly
quadruples relative to the control group, from 5.5 percent to 20.5 percent, with no
difference between high- and low-ability workers. By contrast, information about
own performance increases the share of workers who undercut to 14.4 percent. This
effect is concentrated among high-ability novices, especially those with more accu-
rate baseline beliefs about employer demand. This pattern suggests that high-ability
workers understand which strategies are effective but are uncertain about their own
standing; receiving credible information about their ability induces them to invest
in reputation through lower initial wages. When workers receive both types of infor-
mation, we observe separation in wage bids: high-ability novices become five times
more likely to undercut relative to the control group, while low-ability novices become
only twice as likely. Moreover, we find no evidence that workers who undercut are
more likely to renegotiate wages or produce lower-quality output. Taken together,

the results show that misperceptions about employer demand and uncertainty about

4. We use this referral approach because job applications are not publicly observable on the
platform. It allows us to observe application behavior while preserving workersaAZ incentives to
appeal to prospective employers.



own ability both deter novices from investing in reputation. Information about em-
ployer responses encourages more novices to lower wage bids to secure initial jobs,
while information about own ability primarily induces high-ability novices to invest

in reputation through undercutting, improving talent allocation as in Tirole (1988).

The demand- and supply-side experiments show that inaccurate beliefs prevent novice
workers from offering lower initial bids to overcome entry barriers. For policymak-
ers, an important question is whether these belief frictions naturally dissipate with
experience on the platform or whether external interventions are needed. Using esti-
mates from both experiments, we simulate a Bayesian learning process to assess the
time and monetary costs for perfectly rational workers to learn employer responses
by experimenting with different bidding strategies. Even under systematic exper-
imentation and perfect updating, learning is slow and costly, which help explain
why these frictions may persist: a median worker with moderately inaccurate beliefs

would require roughly 200 job applications and incur about $270 in application fees.

We also draw on recent evidence to argue that similar supply-side frictions exist
among online freelancers in other service categories and in traditional offline labor
markets in developing countries. More broadly, these findings help explain why skill
training programs for inexperienced jobseekers alone often have limited effects on
employment outcomes. While such programs improve workers’ skills, novices still
face barriers in credibly signaling those skills to employers and acquiring the initial
reputation needed to secure future jobs. Our results instead point to the importance

of external information provision (e.g., through mentorship programs) to facilitate



market access and the growth of high-ability workers.

This paper bridges three fundamental issues that constrain young jobseekers in
LMICs: workers’ limited ability to signal their skills, their lack of information about
the labor market and their own abilities, and the central role of initial reputation
in securing jobs - particularly in online labor markets. We study these frictions in
the increasingly important context of global freelancing platforms. Employers on
these platforms rely heavily on workers’ job histories to infer quality (Pallais, 2014;
Agrawal et al., 2016; Barach and Horton, 2019), and alternative signals available
to novice workers, such as micro-credentials or advertising, have limited effective-
ness (Késsi and Lehdonvirta, 2022; Hannane, 2024). Building on classic reputation
models (Tirole, 1988; Stiglitz, 1989), we provide causal evidence that novice workers
can compensate for missing reputation by initially lowering wages. However, they
under-adopt this strategy because of the belief frictions documented above. While
prior work emphasizes upskilling freelancers in LMICs and finds limited effects on
platform success (Baptista et al., 2023; Das et al., 2024; Fazio et al., 2025), our
results show that when workers cannot credibly signal their skills, correcting belief

frictions is essential for adopting strategies that overcome entry barriers.

Second, we contribute to growing body of work documenting jobseekers’ inaccurate
beliefs as a barrier to employment (see Caria et al., 2024 for a review). These beliefs
are central because they shape job search strategies and, in our setting, determine
whether workers are willing to sacrifice current earnings to build reputation. Prior

work emphasizes two types of misbeliefs. The first concerns overly optimistic expec-



tations about wages (Banerjee and Sequeira, 2023; Alfonsi et al., 2024; Kelley et al.,
2024) or hiring probabilities (Chakravorty et al., 2024; Abebe et al., 2025; Bandiera
et al., 2025), which can lead jobseekers to reject viable opportunities. We identify
a new mechanism: misbeliefs about how employers interpret low wages as signals of
worker quality. We experimentally show that even though novices are willing to work
for less to prove themselves, pessimistic beliefs about employer responses deter them
from adopting effective wage bidding strategies. The second concerns workers’ im-
perfect information about their own abilities (Bassi and Nansamba, 2022; Carranza
et al., 2022; Kiss et al., 2023). Correcting these misperceptions helps jobseekers tar-
get roles aligned with their strengths. We extend this insight by embedding it in a
reputation model and show that performance feedback induces high-ability novices
to lower wages to build reputation, generating separation in bidding behavior and

potentially accelerating talent discovery on the platform.

Finally, we contribute causal evidence to the theoretical literature on prices as signals
of quality, from both sides of a labor market. Theory predicts that market condi-
tions determine whether sellers signal high quality through high prices (Wolinsky,
1983; Milgrom and Roberts, 1986; Judd and Riordan, 1994) or low prices (Tirole,
1988; Stiglitz, 1989). Empirical work has focused almost entirely on product mar-
kets. Empirical tests of these predictions in labor markets are scarce because worker
types and beliefs are inherently unobservable. Roussille (2024) shows suggestive ev-
idence that employers interpret higher wage requests as signals of higher ability on
a US online labor platform. Closest to our work, Huang et al. (2025) examine how

novice domestic-service workers in China use prices to signal quality, relying on initial

9



worker characteristics as proxies for unobserved types. We advance this literature
by collecting novel, directly measured data on workers’ true abilities and their be-
liefs, and by experimentally varying both wage bids and information. This approach
allows us to show that novice workers and employers hold systematically misaligned
beliefs about how wages signal quality, and that these belief gaps are costly to correct

in a market characterized by high search costs and intense competition.

The remaining sections are organized as follows. Section 1.2 provides background on
the online freelancing platform and online labor markets more broadly. Section 1.3
describes the data collection and presents the motivating facts. Section 1.4 outlines
the demand-side experimental design and present the results. Section 1.5 introduces
the supply-side experimental design, motivated by a reputation model in the vein
of Tirole (1988). Section 1.6 presents the results. Section 1.7 discusses policy im-
plications for our findings and their generalizability to other labor market settings.

Section 2.6 concludes.

1.2 Online Freelancing Markets

Online freelancing markets have become an important component of the global work-
force. Recent estimates suggest that between 154 and 435 million people engage in
online gig work, with the majority based in LMICs (Datta et al., 2023). These plat-
forms connect workers with employers to perform and deliver remote, one-time tasks
ranging from simple data entry to complex software development and graphic design.

Workers are paid either per-project (fixed payment) or on an hourly basis.

10



For this study, we focus on fixed-payment, data entry jobs from one of the world’s
largest online freelancing platforms. This setting is well-suited to studying how novice
workers from LMICs enter online labor markets for several reasons. First, data entry
is highly prevalent: according to the World Bank, it represents the second most
popular job category, accounting for 23% of total jobs after software development
and technology (Datta et al., 2023). Second, these jobs are accessible to new entrants
from LMICs, requiring less advanced skills and serving as a common entry point to
the platform. Third, fixed-payment contracts dominate initial employment: 74% of
data entry workers in our sample receive fixed-payment contracts in their first job.
Together, these characteristics make this an ideal context for examining the early

platform experiences of LMIC workers.

To understand how workers navigate this market, we outline the job matching process
below. While we focus on a specific platform, this process shares key features with
other major platforms. First, employers post a public job listing specifying the task
description, required skill level, expected duration, and budget (either fixed payment
or an hourly rate). Second, workers either apply directly to the posting or receive
an invitation from the employer; for new workers, direct applications are the most
common pathway. Third, to apply, workers submit a wage bid, a cover letter, and pay
an application fee.” Wage bids can fall above or below the posted budget, provided

they meet minimum requirements ($5 for fixed-payment projects, $3 per hour for

5. According to the platform, the application fee serves as a screening mechanism to reduce con-
gestion by ensuring only serious applicants apply. While no public data exists on the fee amount,
our primary data collection reveals fees between $1.20 and $1.65 per application. This fee require-
ment is unique to the studied platform, though workers on other platforms still incur time and
effort costs when applying.

11



hourly projects). Bids are visible to employers, not to other applicants.

Once applications are submitted, employers review applicants through a dashboard
displaying basic information: profile title, number of completed jobs and earnings,
job success rates, self-reported skills, and wage bid. As shown in Appendix Figure
A.1, the number of completed jobs, job success rates, and wage bid are the most
salient features. Employers can also click on individual applications to review cover
letters and full freelancer profiles, which typically include self-reported credentials
and detailed job history. To move forward, employers contact workers through the
platform’s messaging system to either initiate contracts or request additional infor-
mation. Although wage negotiation is possible at this stage, it rarely occurs (Barach
and Horton, 2019), and workers are typically paid their proposed wage bid. Once
a contract is signed, the job automatically appears on the worker’s profile. Upon

completion, both parties publicly rate each other on a one-to-five scale.

1.3 Data and Stylized Facts

In this section, we outline our main data sources, including platform data, worker
performance, and baseline surveys, and document key stylized facts that motivate

our experiments.

1.3.1 Platform Data Collection

We collect three sources of platform data on data entry freelancers to document

competition and wage bidding patterns: profile characteristics, job history, and job
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applications. We begin by describing our sample and key variables before presenting

the findings.

Basic Freelancer Profile We scraped listings of all data entry workers located
in Bangladesh, India, and Pakistan in May 2024. These three countries account for
over 50% of the global freelancer population (Online Labour Observatory, 2025). The
sample comprises 10,818 freelancers. For each, we collected basic profile information
visible to employers in the platform’s search engine: number of completed jobs, total
earnings, total hours worked, job success rate, preferred hourly rate, and agency

association.

Job History To examine workers’ career trajectories on the platform, we obtained
detailed job histories for all 4,887 data entry workers in Pakistan, who represent over
45% of freelancers across the three countries. For each completed job, we recorded

its duration, contract type, earnings, and employer rating.

Job Applications Application data is not publicly available on the platform. As
part of the freelancer experiment, we collected application records from 2,332 workers
outside our experimental sample to assess competition and wage bidding patterns.
These records include wage bids, cover letters, and basic profile characteristics such

as number of completed jobs and total earnings.
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1.3.2  Stylized Facts from Platform Data

Using these data, we document three patterns that together motivates the central

puzzle: why don’t novice freelancers compete on prices to gain entry?
Fact 1. Novice freelancers face significant entry barriers.

We begin by examining how many freelancers successfully secure work on the plat-
form. Among all data entry workers, 44% have never completed a job, and 62% have
completed two or fewer. This aligns with broader evidence: International Labour
Organization (2021) reports that 27-77% of freelancers across five major platforms
have never completed a job, while Hilbert and Lu (2020) estimate that only 10%
of registered freelancers in Latin America have ever secured platform work, with
jobs highly concentrated among established workers. These patterns suggest that

breaking into the market is a significant hurdle for new entrants.
Fact 2. Freelancers’ job prospects improve with the number of completed jobs.

Next, we ask whether early jobs shape subsequent outcomes. Using job history data,
we examine freelancers’ growth trajectories. Appendix Figure A.2 plots wait time
until the next job and log earnings from the next job against the number of cu-
mulative jobs completed. Those with more completed jobs experience shorter gaps
between jobs and faster earnings growth. While these patterns likely reflect selec-
tion on worker ability, they illustrate why securing initial jobs may be particularly
valuable for high-ability novices. This is consistent with existing findings that ini-

tial reputations benefit high-performing novices and harm low-performing ones in
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securing future work (Pallais, 2014; Fazio et al., 2025).
Fact 3. Competition is intense, yet wage bids vary little.

Given the entry barriers and the returns to initial jobs, a natural question is whether
novices compete on price. Application data reveals intense competition: each va-
cancy receives an average of 64 applications, 20% from experienced workers with
at least three completed jobs. Despite this, there is little variation in wage bids.
Appendix Figure A.3, 80% of applicants bid exactly at the posted budget, 15% bid

below and 3% above. Among novices with fewer than three jobs, just 17% underbid.

This pattern is puzzling. If initial employment provides valuable reputation-building
opportunities, rational novices should bid below experienced workers to increase their
hiring probability. We next explore potential explanations for the limited variation

in wage bids.

1.8.8  Measuring Worker Performance and Beliefs

The limited wage variation could be explained by two potential reasons.’ First, in a
competitive labor market where wages equal marginal products of labor, similar bids
may reflect similar worker productivity. Second, workers may share beliefs about

returns to wage undercutting that discourage bidding below posted budgets. Since

6. An alternative explanation is that workers avoid bidding down wages due to threats of social
sanction. This is unlikely in our setting. Prior literature documenting such effects focuses on
village economies where workers are in close networks. In online marketplaces, freelancers operate
independently and their actions are not observed by other workers. We confirmed this in our
qualitative survey with freelancers: few of them expressed concerns that bidding low wages would
be deemed unfair to others.
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neither novices’ ability or beliefs can be observed from platform data, we collect
primary data by hiring novices to complete a standardized task and baseline survey,

then validating the performance measure through a follow-up task.

Main Sample Recruitment We posted a beginner-level data entry and online
research job on the platform and hired freelancers over eight rounds between May and
August 2024.7 Eligible applicants had to meet three criteria: (1) based in LMICs,
(2) specialized in data entry, and (3) completed no more than one job. To capture
active job seekers, we selected eligible applicants on a first-come, first-served basis

until all slots were filled.® The final sample comprised 481 novice freelancers.

Standardized Task Hired freelancers received detailed task instructions, which
involved correcting existing entries against the original sources and adding new data
from scanned PDF files into an Excel Spreadsheet within 24 hours.? To incentivize
worker effort and ensure our performance measure reflected true ability, we informed

workers that the top 3 performers would receive additional bonuses.

Worker performance on the data entry task was evaluated based on three objective

dimensions: accuracy, speed, and following instructions.}? Accuracy was measured

7. We conducted the hiring in batches because bringing all workers onboard simultaneously
would be logistically challenging and delay performance evaluation across the sample.

8. To minimize attrition and reduce the risk of scams, we excluded freelancers who submitted
unprofessional cover letters or proposed unreasonable wage bids.

9. Although workers were allowed to use optical character recognition (OCR) or Al tools, manual
work was necessary since the scanned PDFs were of poor quality and the spreadsheet required a
specific format.

10. To ensure these measures capture relevant dimensions of quality, we conducted extensive in-
terviews with freelancers prior to the experiment and confirmed these three aspects were considered
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as the percentage of correct entries, determined by comparing worker output against
verified entries prepared by professional data entry specialists before the experiment.
Speed measured the time between task release and final submission. Ability to follow
instructions was scored from one to six, with each point reflecting adherence to a
specific formatting requirement. To create comparable performance measures across
workers, we ranked all freelancers within each round on each dimension and assigned
quartile scores from 1 (lowest) to 4 (highest). The total performance score equals
the sum of these three quartile scores, ranging from 3 to 12. Workers scoring above
the median score within their round were classified as high-type, and others as low-

type.11

Baseline Survey Following the standardized task, workers completed an on-
line survey, which collected demographics and job search behaviors to complement
the platform data. Since the limited wage variation could stem from either simi-
lar ability or similar beliefs, we measured workers’ perceptions of both their own
performance and the effectiveness of wage undercutting. To measure perceived per-
formance, workers were incentivized to predict their performance quartile on each of
the three evaluation dimensions, with cash bonuses for correct predictions. These
predictions sum to a perceived performance score (ranging from 3 to 12) that can be

compared to actual performance.

the most important performance indicators. In addition, this approach is similar to the performance
measurement in Pallais (2014) and Kala and Lyons (2025).

11. When freelancers had the same score, we broke ties by sequentially comparing their accuracy,
ability to follow instructions, and speed.
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To measure perceived effectiveness of wage undercutting, we elicited worker beliefs
about different approaches for novices to secure jobs, such as writing cover letters,
paying the platform to boost their applications, and bidding below the job budget.
Multiple strategies were included to mitigate concerns about experimenter demand
effects. These beliefs can later be benchmarked against actual employer responses
from the demand experiment to assess whether workers accurately understand the

value of undercutting.

Follow-up Task To cross-validate our performance measure and compare novice
versus veteran workers, we posted a second data entry job on the platform and ex-
tended 66 offers using stratified random sampling: 34 to in-sample and 32 to out-of-
sample applicants. Among in-sample workers, we stratified by baseline performance
and whether they bid below the posted budget to ensure a balanced sample for com-
paring subsequent performance across ability types and bidding strategies. Among
out-of-sample applicants, we stratified by experience level, novice versus veteran, to
allow for comparisons between new entrants and more established workers. Sixty-two

applicants accepted the offer.

The task involved extracting data from financial reports into an Excel spreadsheet.
Performance was measured using the same three dimensions as before, with one
modification: because nearly half of workers followed instructions perfectly, we used
a binary indicator for perfect compliance rather than quartiles. Therefore, the total

performance score ranges from 3 to 10.
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1.8.4  Stylized Facts from Performance and Belief Data

Our main sample comprises 481 novice freelancers from 37 LMICs. Table 1.1 reports
the sample characteristics measured in the baseline survey. Freelancers are roughly
evenly split by gender and average 29 years old. Three features are particularly
notable. First, the sample represents a large idle, skilled workforce: nearly half
(48%) are not currently employed offline, yet 83% hold at least a bachelor’s degree.
Second, workers struggle to break into the online market. Despite being registered
for an average of 19 months, 87% have completed no jobs. Third, the entry barrier
extends across platforms. While 44% have tried other freelancing platforms, only 18%
have earned any money from them. Therefore, building reputation to access digital
jobs is especially valuable for these novices, given their limited ofHline employment

opportunities and persistent difficulty breaking into online markets.

Table 1.1: Freelancer Sample Characteristics

Mean Median Min Max

Female 0.52 1 0 1
Age 28.76 28 18 53
Bachelor Degree or Above 0.83 1 0 1
Employed Offline 0.52 1 0 1
Available as Full-Time Freelancer 0.36 0 0 1
Platform Tenure (Month) 19.65 12 0 278
Number of Applications/Month 9.80 7 1 73
Number of Completed Jobs 0.13 0 0 2
Present on Other Platforms 0.44 0 0 1
Has Earned from Other Platforms  0.18 0 0 1

Notes: This table reports sample characteristics for 481 freelancers from
the baseline survey described in Section 1.3.3.

19



Next, we document patterns in novice freelancers’ ability and beliefs to motivate

potential explanations for the limited wage variation.
Fact 4. Nowvices show substantial variation in task performance at baseline.

We find heterogeneity in baseline task performance among novice workers along three
dimensions: accuracy, speed, and ability to follow instructions. Figure 1.1 plots the
distributions for each dimension and the total performance score, constructed by
summing quartile rankings across the three measures. Accuracy and task comple-
tion time display wide dispersion, while instruction-following varies more moderately
within the scale. The resulting total performance scores span the full range (3 to 12)
and indicate substantial dispersion. This variation in performance contradicts the

hypothesis that limited wage variation reflects similar productivity among novices.

Given heterogeneity in novices’ baseline performance, we compare novices and vet-
erans in the follow-up task to evaluate a central efficiency question: are novices less
capable than veterans, potentially justifying their difficulty securing jobs? Appendix
Figure A.4 Panel A shows that novices outperform veterans on average. To en-
sure this pattern reflects genuine ability differences rather than noise, we examine
whether performance among veterans increases with experience. Panel B confirms
that among veterans, performance is positively correlated with completed jobs, as
expected. Together, these patterns point to potential talent misallocation: capable
novices face entry barriers despite outperforming many incumbents. That said, the
sample is small (n = 62), so these findings should be interpreted as suggestive rather

than conclusive.
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Figure 1.1: Distribution of Task Performance Among Novices
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Notes: This figure shows the distribution of the share of correct entries (accuracy), hours taken
to complete the task (speed), the following instruction scores, and the total performance scores
for the standardized data entry task.

Fact 5. Novices have limited knowledge of their own performance relative to others.

When workers lack accurate information about their ability, wage bids are shaped
by perceived rather than actual performance. Figure 1.2 Panel A compares novices’

true and perceived task performance and shows that most misperceive their perfor-

21



mance quartile.!2 This suggests that limited wage variation is more likely driven by

uncertainty about one’s own ability rather than by similarity in true productivity.

A potential concern is that the gap between actual and perceived performance reflects
measurement error rather than true misbeliefs. To address this, we examine the
correlation between novices’ performance in the two tasks and find a substantial
positive relationship (p = 0.53), indicating that our performance measure captures

a meaningful ability component rather than pure noise.
Fact 6. Nowices believe employers interpret low bids as signals of low quality.

Lastly, we examine novices’ belief about how employers respond to low wage offers.
As shown in Figure 1.2 Panel B, 44% of freelancers agreed with the statement in the
baseline survey: “If a new freelancer offers a lower price, the client may think that
their work is low quality.” This concern is consistent across worker types by baseline
performance, suggesting that perceived employer responses may deter novices from

underbidding to avoid sending a negative quality signal.

Taken together, these findings point to two mechanisms behind limited wage under-
cutting among novices: uncertainty about one’s own ability and beliefs about how
employers interpret low wages. These descriptive patterns motivate our experimental

design, which causally tests these mechanisms on both the demand and supply sides.

12. Appendix Figure A.5 presents the comparison for each dimension and finds similar patterns.
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Figure 1.2: Novices’ Baseline Beliefs
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Notes: The figure reports novicesaAZ baseline beliefs about their own performance and the
effectiveness of wage undercutting. Panel A plots true versus perceived standardized task scores;
the red dashed line is the 45-degree line and the blue line shows the best linear fit. Marker
size reflects the number of observations. Panel B shows responses to the statement: aAIJIf
a new freelancer offers a lower price, the client may think their work is low quality.dAI Bars
correspond to the full sample, above-median (aAIJhlgh typeaAI), and below-median (aAIJlow-

typeaAl) novices.

1.4 Demand Experiment

1.4.1 FExperimental Design

Given novices’ beliefs about employer responses to low wages, we first test whether
employers in fact interpret low bids as signals of low quality and whether undercut-
ting improves novices’ hiring prospects. Answering this question with observational
data is challenging for two reasons. First, employers’ perceptions of worker quality
cannot be directly observed. Second, hiring decisions depend on both wage bids and
other application characteristics, making it difficult to isolate the causal effect of

undercutting on employer responses.
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To overcome these challenges, we leverage the following identification strategy. If
employers treat low wages from novices as negative quality signals, then lowering a
novice’s bid reduces hiring costs but also lowers perceived quality, so the effect on
demand is ambiguous. In contrast, for veterans with public reputations for quality, a
lower bid primarily reduces cost and should increase demand. This yields a testable
prediction: holding all other application attributes constant, lowering wages should

increase employer demand less for novices than for veterans.

We test this hypothesis using an audit-style experiment on the platform, in which
we create comparable novice and veteran profiles and compare employer responses
to different wage bids from these profiles. The experimental estimates then allow
us to quantify private returns to wage undercutting for novice workers through a

back-of-the-envelope calculation.

Implementation

Freelancer Profile Creation To isolate the causal effect of wage bids on employer
demand, we need to hold all profile attributes constant except the experience level.
We therefore created four freelancer profiles located in Pakistan and specializing in
data entry and virtual assistance.l3 Profile characteristics, including preferred hourly
wages, self-reported skills, and language proficiency, were randomly assigned to reflect
typical profiles in our descriptive data. Two profiles were randomly designated as

novices with no job history. The remaining two were assigned veteran status, for

13. Pakistan has the worldaAZs third-largest online freelancer population and the highest share
of data entry freelancers in our platform data.
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which we built job histories between February and April 2025. Both veteran profiles
were given identical numbers of completed jobs, job-specific ratings, and overall

success rates to hold observable quality signals constant.

Job Listing and Application We compiled daily job listings from the platform
between May and August 2025. Eligible jobs were data entry or virtual assistant
positions with a fixed budget of at least $7 USD,!4 requiring entry- or intermediate-
level skills. We submitted four applications per eligible job, each with a wage bid and
a unique cover letter.!> Within each experience level, one application was randomly
assigned to undercut by bidding 80% of the posted job budget, while the other bid
the full budget. We chose the 20% threshold because it corresponds to the most
common range of wage undercutting observed in our job application data, as shown
in Appendix Figure A.6. This design generated four application types per job: novice
bidding 80% of the budget, novice bidding the full budget, veteran bidding 80% of
the budget, and veteran bidding the full budget. Appendix Figure A.1 illustrates

how these applications appeared on the employer dashboard.

We tracked two measures of employer responses using unique platform features. First,
employer view captures when employers click on an application to review the cover

letter and freelancer profile, which automatically generates a platform notification.

14. The platform sets a minimum price of $5 USD for fixed-budget projects. We applied a $7
USD threshold to ensure all submitted bids complied with this rule.

15. We construct a distinct cover letter template for each profile, which is used across all appli-
cations submitted by that profile. To maintain authenticity and reduce the risk of detection, we
tailor each template to the specific job posting. In the main analysis, we control for profile and job
fixed effects to isolate the effects of cover letters from the treatment effects.
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Second, when employers contact applicants to request information or initiate an of-
fer, the platform automatically sends an email notification to the applicant, which
we record as callback. We declined all callback messages to avoid interfering with
employers’ hiring decisions and to maintain comparable job histories across experi-

mental profiles.

Data

We submitted 2,972 applications to 743 job vacancies on the freelancing platform.
In some cases, an application deviated from its pre-assigned wage or could not be
submitted because the vacancy had already been closed or removed. We restricted
the analysis sample to vacancies where all four applications were submitted with

correct wages, yielding 2,812 applications to 703 vacancies.

Job and Employer Characteristics For each vacancy, we recorded basic job
information, such as job title and budget, at the application time. Two weeks later,
we tracked hiring outcomes and employer characteristics from the original job post,
including the number of freelancers hired, employer location, tenure on the platform,
number of past jobs posted, and employer ratings from previously hired freelancers.

Appendix Table A.1 summarize these characteristics.

Application Characteristics and Outcomes For each application, we recorded
the experience level (novice or veteran), wage bids, cover letter, submission time,
employer view, and callback. Appendix Table A.2 summarizes the categories of

callback messages.
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1.4.2  Empirical Strategy

We estimate the causal effect of low wage bids on the likelihood of receiving employer

responses by worker experience. The main regression specification is

Y;; = a+ p1Novice; + foLowBid;; + f3Novice; x LowBid;; + pj + &5 (1.1)

where Y;; is the response to the application from profile i to job j, Novice; is an
indicator equal to one if profile ¢ has zero completed jobs, LowBid; equals to one
if the wage bid is 20% below the job budget, and p; is the job fixed effects to
improve precision of our estimates. Standard errors are clustered at the job level.
By comparing employer responses to wage bids across novice and veteran profiles,

we map testable predictions to the signs of coefficients.

Prediction 1a. If employers interpret lower wages as negative quality signals in the
absence of other credible information, labor demand will be more responsive to low

wage bids from veteran workers than from novices: By > 0, 3 < 0.

Prediction 1b. If low wages are not perceived as negative signals, undercutting will

increase hiring chances for both novices and veterans, equally or more for novices:

B2 >0, 83 > 0.

If Prediction 1a holds, low wage bids will have competing effects on demand through
reduced hiring costs and lower perceived quality. When quality concerns dominate,
low bids harm novices’ chance of getting hired: (9 + 3 < 0. When hiring costs

dominate, novices can improve their hiring chances by bidding low wages: B2 + 83 >
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0,83 < 0.

1.4.3 Impact of Lowering Bids on Employer View and Callback

We find that low wage bids increase employer views and callbacks for both novices
and veterans, with larger effects for novices. Figure 1.3 presents estimates from spec-
ification 1.1. Results are robust to alternative specifications and sample restrictions

as shown in Appendix Table A.3.

Panel A shows effects on employer views. At the posted budget, veterans are more
than twice as likely as novices to have their applications viewed. Undercutting to
80% of the budget more than doubles views for novices (from 4.55 to 9.39 percent-
age points), while increasing views only modestly for veterans (from 9.53 to 10.53
percentage points). Statistical tests on f3 and f9 + f3 reject the hypothesis that
employers interpret low bids from novices as negative quality signals (p < 0.001 and
p = 0.013). Panel B reports similar patterns for callbacks. Low bids raise callback
rates by 1.85 percentage points for novices and 0.86 percentage points for veterans,
corresponding to increases of 54% and 16% relative to baseline. While the interaction
is not statistically significant, undercutting significantly improves novices’ callback

probability as f9 + 3 is significantly different from zero (p = 0.024).

Appendix Figure A.7 presents the estimates as “demand curves”, showing that em-
ployer views and callbacks decline with wage bids for novices and are more elastic
than for veterans. These findings are consistent with Prediction 1b: employers do

not treat low wage bids from novices as negative quality signals. Instead, lowering
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Figure 1.3: Employer Responses to Low Bids
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wages improves novices’ hiring prospects, contrary to their baseline beliefs.

While employers are, on average, more likely to consider novice workers when they
bid low wages, we observe meaningful heterogeneity across employer characteristics,

as shown in Appendix Table A .4.

Two patterns stand out. First, less experienced employers exhibit more elastic de-
mand for novices than more experienced ones. Measured by platform tenure and
number of jobs posted, less experienced employers are substantially less likely to
respond to novices who bid at the job budget than to veterans, but are much more
responsive to those offering low wage bids. In contrast, experienced employers show
a smaller differential response to undercutting. One explanation is that experienced
employers may already have established relationships with freelancers, making them

less sensitive to low bids from unknown applicants. By contrast, less experienced
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employers, who lack a stable pool of past collaborators, may rely more heavily on
wage bids as a screening device when evaluating novice applicants. Second, higher-
rated employers are significantly more likely to respond positively to low bids from
novices than lower-rated employers. This pattern alleviates concerns about adverse
selection, whereby undercutting might disproportionately attract exploitative or low-

quality employers.

Taken together, these results suggest that lowering wage bids improves novices’ hiring
prospects, particularly with newer employers on the platform, without steering them

toward lower-quality matches.

1.4.4 Returns to Lowering Wage Bids

Although lowering wage bids is an effective entry strategy, novices may still avoid
undercutting if the future benefits from reputation building do not outweigh the
immediate loss in earnings. To assess this concern, we conduct a back-of-the-envelope
calculation comparing novices’ job arrival and net earnings under two strategies:
always bidding at the full job budget and consistently undercutting the budget by
20 percent. This exercise allows us to quantify the private returns to offering low

wages.

We begin by modeling job arrival. Suppose a novice submits a applications, pays
an application cost ¢, per job, and receives an offer with probability p, which we
approximate using callback rates from the demand experiment. Because jobs in this

setting are usually short in duration, we assume novices are not capacity constrained
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and therefore always accept job offers. The expected number of jobs is then n(a) =

a X p.

Figure 1.4 Panel A plots this relationship between applications and accumulated jobs
under the two bidding strategies. Undercutting increases p, thereby accelerating job
arrival. For example, to secure the first four jobs, novices who undercut by 20 percent
need to submit 76 applications whereas those bidding at the full budget require 118
applications. Given that novices in our baseline sample submit approximately 10
applications per month, undercutting shortens the time to four jobs by about four

months.

Next, we compare novices’ net earnings on the platform. Let the net return from
the first job equal the wage bid minus the effort cost: 7 — ce. As workers accu-
mulate experience, earnings grow at rate p(n), reflecting the returns to reputation
documented in the job history data. We calibrate these parameters using estimates
from the demand experiment, administrative job histories, and the baseline survey;
Appendix Table A.5 reports all parameter values and data sources. NovicesaAZ total

net earnings as a function of applications can be written as:

II(a) = a x (p X (71 — ce) x p(n) — ca)

Figure 1.4 Panel B plots net earnings under the two strategies. Undercutting domi-
nates bidding at the full budget: novices earn more because they obtain jobs faster,

experience earlier earnings growth, and incur lower application costs.
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The magnitudes are economically meaningful. To earn the first $150 USD, novices
need 61 applications when consistently undercutting, compared to 119 applications
when bidding at the full budgetaATa difference equivalent to six months of search.
Over one year (120 applications), workers who never undercut earn about $153 USD,
whereas those who always undercut earn $382 USD, nearly 2.5 times as much. The

$229 USD gap corresponds to roughly 20 percent of annual income in low-income

countries.
Figure 1.4: Expected Number of Jobs and Net Earnings
Panel A. Expected Number of Jobs Panel B. Expected Net Earnings
81 —— Bidso% Budget 5007 . Bidso% Budget
7] —— Bid Full Budget —— Bid Full Budget
400
0 2
g % 300
% g
5 £
£ & 200
= 2
100
T T T T T T T 07 T T T T T T T
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Number of Applications Number of Applications

Notes: This figure presents back-of-the-envelope calculations comparing two bidding strategies
for novice freelancers: bidding at 80 percent of the job budget and bidding at the full budget.
Panel A shows the expected number of jobs as a function of applications. Panel B shows cumula-
tive net earnings (USD), incorporating wage bids, effort costs, earnings growth from reputation,
and application costs. Parameter values and data sources are reported in Appendix Table A.5.
Dashed lines mark four jobs (Panel A) and $150 (Panel B) for reference..

These estimates are illustrative and may not fully capture actual returns for sev-
eral reasons. First, we only measure effects of undercutting by 20 percent, while

actual undercutting amounts vary widely (Appendix Figure A.6). Second, we as-

sume one-to-one conversion from callbacks to job offers, which likely provides an
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upper bound on platform earnings since we do not directly observe conversion rates.
Third, we compare pure strategies rather than the mixed strategies workers might
employ in practice. Workers may optimize by undercutting selectively based on job

characteristics or market conditions.

Finally, our calculation captures private returns and abstracts from general equilib-
rium effects. A natural concern is that widespread undercutting practices by novices
could trigger a race to the bottom in wages. However, this need not be the case.
First, Cui (2025) documents market expansion in a similar online setting, where low
initial bids by novices substantially increased total matches on the platform. Second,
we find evidence of slack demand: only 54 percent of jobs in our demand experiment
were filled, as shown in Appendix Table A.1. This suggests scope for price com-
petition to move the extensive margin by increasing the likelihood of successful job

matches, rather than merely reallocating existing matches across workers.

Despite these limitations, the results demonstrate that wage undercutting offers sub-
stantial economic gains for workers in developing countries seeking to overcome entry
barriers in online platforms. This raises a key question: given these returns, why

don’t novice workers offer lower wages to break into the market?

1.5 Freelancer Experiment: Design

The freelancer experiment examines why few novice workers offer low wages to over-
come entry barriers. The baseline survey identifies two potential frictions: novices’

limited information about their own abilities and inaccurate belief that employers
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interpret low wages as low quality signals. We test how correcting these frictions

affects novices’ bidding decisions.

1.5.1 Conceptual Framework

Our experiment is motivated by a standard reputation model (Tirole, 1988) with
supply-side belief frictions. We outline the main intuition here and present the full
model in A.2. In this labor market, employers live for one period, while workers live
for two: they enter as novices and, if hired, become veterans with publicly observable
reviews. Employers post jobs with a stated budget, and workers apply by submitting
wage bids at or below this budget.'® Novices differ in innate ability (high or low),
which is known to themselves but not to employers ex ante. Employers can infer
veterans’ ability from reviews. For novices, employers form beliefs based on observed
wage bids and may incur a cost to screen applicants. Workers choose wage bids to
maximize expected lifetime earnings, and employers hire the applicant who generates

the highest expected return.

In the baseline model, high-ability novices offer lower wages initially to compensate
employers for hiring them and build reputation for future jobs, while low-ability
novices maximize current earnings since they won’t be hired again once their type
is revealed. This strategy can be sustained when the future returns to reputation
exceed the short run cost of lower wages for high-ability novices. This condition

is likely to hold in our setting, given the high returns to reputation and relatively

16. This is empirically motivated: only 3% of applicants in our job application data bid above
the budget.
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low outside options. In equilibrium, low wage bids serve as credible signals of high
ability, allowing employers to infer quality without incurring screening costs. This
yields a separating equilibrium in which only high-ability novices undercut, are more

likely to be hired, and deliver higher-quality output.t”

Two supply-side belief frictions can cause the market to deviate from the separating
equilibrium. First, if novices are uncertain about their own ability, wage bids reflect
expected rather than actual ability, weakening the signaling value of low bids. Em-
ployers must then rely more on costly screening, making novices more expensive to
hire. As a result, fewer high-ability novices are hired, and match quality worsens.
Second, if novices believe that employers interpret low wages as signals of low quality
and place greater weight on these concerns in hiring, they pool at the posted budget
to avoid being perceived as low quality. This eliminates the informational content
of wage bids. Employers must then incur additional screening costs to distinguish
among novices and, with identical bids, cannot update their beliefs about the rela-
tionship between wages and quality. Both frictions impede high-ability novices from
signaling their quality, slowing talent discovery and limiting their ability to overcome

entry barriers.

17. The baseline model rests on assumptions consistent with recent empirical evidence. First,
the assumption that employers live for only one period rules out incentives on the demand side
to invest in training. This is realistic in our setting: the average hourly contract length among
novices in our data is 6.4 hours, and most freelancers work with unique employers (Pallais, 2014).
Second, we assume that low-ability workers do not improve their productivity through accumulating
platform experience because once their abilities are revealed, they will not acquire future jobs on
the platform. Fazio et al. (2025) find suggestive evidence that low ratings on initial jobs reduce
workers’ chances of securing further work. Thus, online platforms provide limited scope for skill
accumulation after a bad initial signal. As a result, only high-type novices have strong incentives
to offer low wages in their first period in order to establish a reputation for future employment.
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Our experimental design shuts down each of the frictions by exogeneously providing
novices with information about their own ability and/or about employer responses
to low wage bids. The framework yields three predictions. First, in the absence of
misperceptions about employer responses, providing novices with information about
their own ability induces separation in wage bids, driven by high-ability novices.
Second, correcting beliefs about employer responses increases undercutting among
novices. Third, when both frictions are alleviated, the increase in undercutting
should again be concentrated among high-ability novices. Next, we describe the

experimental design.

1.5.2  Timeline and Randomization

Our experimental design consists of two phases. In the first phase, we hired novice
freelancers for a standardized data entry task to measure their baseline performance
and beliefs. In the second phase, we randomly provided these workers with informa-
tion about their performance and employer responses, and tracked their subsequent

job applications as main outcomes. Figure 1.5 presents the experimental design.

Section 1.3.3 describes the first phase in detail, including the sample recruitment, the
standardized task and performance evaluation, and the baseline survey. Following the
performance evaluation, we cross-randomized two treatments at the individual level:
the feedback treatment and the employer information treatment. The randomization
was stratified by whether workers performed above the median (high-type) or below

the median (low-type).
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Figure 1.5: Freelancer Experiment Timeline
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Notes: This figure shows the freelancer experimental design. This design
was repeated for 8 rounds and each round took place over 2 weeks.

Feedback Treatment To address workers’ limited knowledge about their perfor-
mance, we randomly assigned half of the sample to receive private feedback about
their baseline performance. Workers were told that we evaluated their work based on
accuracy, speed, and following instructions relative to other novice freelancers hired

for this job. For each dimension, they received a score from 1 to 4 stars, representing

their quartile rank. Below is an example of the feedback.

Hi! We reviewed your data entry work and compared it with other new
freelancers we hired. We looked at three things: accuracy of the entry, the
time taken to complete the task, and how well you followed instructions.

Your results:
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Accuracy: Y% - below average, but not in the bottom 25%

Speed: % - bottom 25%

Following instructions: Y% - above average, but not in the top 25%
Please note that this will not affect our review for you. We ONLY share
this feedback with you and hope this helps you grow and succeed on this

platform.

A few days after the feedback treatment, we posted a data entry job from another
employer accounts on the platform. Appendix Figure A.8 shows that the job budgets
were comparable to typical data entry jobs as measured in the demand experiment
and well above the $5 minimum for fixed-payment projects. We then shared the job
link with all workers in the experimental sample through our original account.!® The

standard referral message was as follows:

Hi! A former colleague of ours is hiring for a data entry job and asked us
to help spread the word widely. They mentioned they are open to work-
ing with new freelancers. If you’re interested, feel free to apply directly!
Since we are not involved in the hiring process, we won’t be able to make

mdividual recommendations.

Employer Information Treatment To address workers’ belief that employers
treat low wage bids as negative signals, we cross-randomized half the sample to

receive additional information about the employer. The treated referral message was

18. Within each round, we posted one job from two different employer accounts to avoid over-
crowding one application pool. Workers were randomly assigned to one job opportunity.
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as follows:

Hi! A former colleague of us is hiring for a data entry job and asked us
to help spread the word widely. They mentioned they are open to work-
ing with new freelancers and won’t judge quality of new freelancers
based on their proposed prices. If you’'re interested, feel free to apply
directly! Since we are not involved in the hiring process, we won’t be able

to make indwidual recommendations.

This referral design helps establish the credibility of the employer information for
novices while preserving their incentives to attract employers unfamiliar with their
abilities. One concern is that the treated message might eliminate workers’ incentives
to signal high quality by bidding low wages. However, baseline survey data suggest
this is unlikely: fewer than 4 percent of workers believed that employers would
interpret low wage bids from novices as high-quality signals. The neutral tone of
the message also minimizes experimenter demand effects or suspicion about the job,

which we later confirm using responses from the endline survey.

After the treatment, we tracked applications received within two days, as most free-
lancers responded within 24 hours. Application data, including wage bids and cover
letters, were scraped from the employer dashboard and include both in-sample and
out-of-sample applicants. Our main outcomes are whether novices in the experimen-

tal sample submit an application and the wage bids they propose.

Endline Survey We administered the endline survey to in-sample novices af-
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ter the two-day application window. The survey measures workers’ perceptions of
the referred job and re-elicits their beliefs about their performance relative to other
novices. These data allow us to assess treatment validity, that is, whether the in-
tervention shifted novices’ beliefs as intended. For those who did not apply, we also
asked about their reasons for not submitting an application. After completing the
survey, we closed the initial contract and left a public but uninformative review for

all in-sample novices.

Follow-up Task We randomly offered the follow-up job to a small subset of
applicants. Section 1.3.3 describes the task content and hiring procedure in detail.
We then tracked offer acceptance and worker performance to examine treatment

effects on these downstream outcomes.

1.5.3  Ezperiment Validity

We now report several checks that support the validity of the experimental im-
plementation. First, we verify that baseline freelancer characteristics are balanced
across treatment and control groups. These characteristics were collected through the
baseline survey, including demographics, work status, platform experience, and per-
formance measures. We supplement these with public profile characteristics scraped
from the platform, including number of jobs completed, preferred hourly wages, lo-
cation, English proficiency, professional certificates, and other background details.
Appendix Table A.6 reports summary statistics and compares freelancers along 20

baseline and profile characteristics. Of the 80 tests, two are statistically significant
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at the 5% level and three are statistically significant at 10% level, as expected under

random chance.

Second, attrition in the endline survey is minimal. Only 1.2 percent of the exper-
imental sample did not complete the endline survey because their accounts were

blocked by the platform and we were not able to reach them.

Finally, we provide evidence of treatment validity by showing that workers correctly
interpreted the information provided. Figure 1.6 shows the treatments worked as
intended. Panel A compares novices’ perceived performance scores at the endline
with their actual scores by treatment status. Workers who did not receive feedback
show little change in their assessments: their endline beliefs closely align with the
baseline ones, which indicates little updating. In contrast, workers who received
private performance feedback revise their beliefs substantially, with perceived scores
moving closer to the true performance level represented by the 45-degree line. In the
treated groups, this updating occurs across the performance distribution rather than
being driven by high- or low-type novices alone. Among novices with lower base-
line performance, belief revisions are larger but the updated beliefs are still away
from the truth. Among higher-performing novices, belief adjustments are smaller
but their updated beliefs align more closely with their true performance. We also
show in Appendix Figure A.9 that similar patterns emerge when examining the three
dimensions of performance separately. Overall, these results confirm that the feed-
back treatment successfully shifts workers’ beliefs about their performance relative

to other novices.
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Figure 1.6: Treatment Effects on Worker Beliefs

Panel A. Beliefs about Own Performance Panel B. Employers Don’t Infer Quality from
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Notes: This figure reports the treatment effects on worker endline beliefs about own performance
and employer responses. Panel A plots workers’ actual performance scores against their perceived
scores measured at the endline. The blue line represents the best linear fit for workers without
performance feedback and the red line for workers with performance feedback. The dotted line
shows the best linear fit of baseline perceived performance against true performance. Panel B
reports the share of workers who “agree” or “strongly agree” with the statement: “The employer
(of the referred job) will not judge my quality based on my wage bids.” We report the 95%
confidence intervals and p-values from the Wald test in Panel B.

Panel B examines whether the employer information treatment alleviated novices’
concerns that employers interpret low wage bids as signals of poor quality. In the
endline survey, workers were asked to indicate whether they agree with several state-
ments about the referred job. One statement reads: “The employer (of the referred
job) will not judge my quality based on my wage bids.” We find that in the treated
groups, the proportion of workers agreeing with the statement rose by 13.5 percentage
points, representing a 32 percent increase from the non-treated mean. This differ-
ence is statistically significant (p = 0.003), indicating that the employer information
treatment meaningfully shifted workers’ beliefs about how employers interpret wage

bids. Appendix Figure A.10 further reports novices’ baseline and endline beliefs
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about employer responses to low wage bids and shows that the treatment increases
the share of workers holding the correct belief, while baseline beliefs remain simi-
lar across treatment groups. This provides additional evidence that the feedback
treatment shifted beliefs as intended rather than reflecting pre-existing differences

between treated and non-treated workers.

Importantly, the treatment does not appear to affect workers’ perceptions of the
credibility or competitiveness of the job itself. Appendix Figure A.11 shows that 83
percent of novices view the referred job posting as trustworthy and 85 percent believe
competition for the job is strong, with no significant differences across treatment

groups.

1.6 Freelancer Experiment: Results

In this section, we outline the empirical strategy and present the experimental results
on job applications, wage bids, offer acceptance, and performance to test the predic-
tions from the conceptual framework. We then examine the role of baseline beliefs

to shed light on the underlying mechanisms and evaluate alternative hypotheses.

43



1.6.1 Empirical Strategy

We estimate the following specification to measure the treatment effects on novice

freelancersaAZ likelihood of wage undercutting:

Undercut; =a + 1 Feedback; + foEmployerInfo; + f3(Feedback-+EmployerInfo),
(1.2)

+ 0+ &

where Undercuts is an indicator equal to one if novice ¢ submits a wage bid below
the posted budget. Feedback;, EmployerInfo;, and (Feedback+EmployerInfo); are
treatment indicators. 7, denotes experiment-round fixed effects, and ¢; is an error
term; we report Huber-White robust standard errors.The signs of the coefficients
B’s capture the average treatment effects on novice i’s decision to undercut and

correspond to the following testable predictions:

Prediction 2a. If novice workers hold inaccurate beliefs about employer responses
to low wage bids and have limited information about their own ability, all three treat-

ments will affect their likelihood of wage undercutting: By # 0 for allm € 1,2, 3.

Prediction 2b. If novice workers believe that employers interpret lower wage bids
as negative signals of quality, alleviating this concern (EmployerInfo) will increase

their likelihood of wage undercutting: B9 > 0.

The signs of #1 and f3 depend on novices’ prior beliefs about their own ability. In

the conceptual framework, novices whose beliefs adjust downward are less likely to
44



undercut as a form of reputation investment, whereas those whose beliefs adjust

upward are more likely to do so. Therefore, the signs are ambiguous ez ante.

To capture differential treatment effects by novice ability, we include interactions of

treatment dummies with novices’ baseline performance to the specification:

Undercut; =a + 01 Feedback; + §aEmployerInfo; 4 63(Feedback+EmployerInfo);
(1.3)

+ 0High; + y1Feedback; x High; + v9EmployerInfo; x High;

+ v3(Feedback-+EmployerInfo), x High; + n, + ¢;

where High; indicates worker i’s baseline performance was above the median. In
this specification, d captures differences in the likelihood to undercut between high-
and low-type workers in the control group, ’s capture the average treatment effects
for low-type workers, and 7’s capture the differential treatment effects for high-type
workers. We can map signs of these coefficients to the following testable predictions

on wage bids by novice ability.

Prediction 3a. If novice workers have limited information about their own ability,

wage bids will not vary by worker ability: 6 = 0,79 = 0.

Prediction 3b. If novice workers hold accurate beliefs about employer responses to
low wage bids, providing them information about their ability (Feedback) will induce

separation in wage bids, with high-type workers more likely to undercut: 1 > 0.
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Prediction 3c. If novice workers hold inaccurate beliefs about employer responses
to low wage bids, providing them information about both their ability and employer
response (Feedback + EmployerInfo) will induce high-type workers to undercut: g >
0.

1.6.2 Treatment Effects on Worker Outcomes

Job Application and Wage Bids

We find high compliance among novice freelancers in applying for the follow-up
job across all four treatment groups. Figure 1.7, Panel A shows that over 80% of
freelancers applied, with no evidence of differential attrition across treatment groups.
Endline survey evidence is consistent with this pattern: among non-applicants, the
most commonly cited reasons for not applying were a perceived low likelihood of
selection due to competition (28%) and insufficient funds to cover the application fee
(25%). This suggests that the treatments do not affect participation decisions and

that subsequent results are not driven by selection into the applicant pool.

We next examine the main outcome: wage bids by novices. Figure 1.7, Panel B shows
the share of freelancers bidding below the job budget across treatment groups.!?
Consistent with our descriptive evidence, undercutting is rare in the control group:
only 5.5 percent of freelancers bid below the budget.?0 All three treatments sig-

nificantly shifted the share of novices who undercut, consistent with Prediction 2a.

19. Only one worker in our sample proposed a wage above the job budget.

20. This rate is lower than in the descriptive data, likely because experimental participants re-
ceived a job referral, which may have provided a perceived advantage over other applicants.
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Figure 1.7: Treatment Effects on Job Application and Wage Bids
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Notes: The figures show treatment effects on job application and wage bids. Panel A shows
the treatment effects on whether workers apply to the referred job and Panel B shows effects on
whether workers bid below the job budget conditional on applying based on regression 1.2. Panel
C show heterogeneous treatment effects on wage undercutting by worker baseline performance
(above or below median) from regression 1.3. Each bar represents the sum of the control group
mean and the relevant regression coefficients. We report the 95% confidence intervals based on
the estimated standard errors of the linear combination of regression coefficients and p-values
from Wald tests. p < 0.10",p < 0.05"*,p < 0.01"**.
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Relative to the control group, freelancers are 8.9 percentage points more likely to
bid below the budget in the Feedback group (p = 0.041), 15 percentage points more
in the Employer-Info group (p = 0.001), and 13.5 percentage points more in the
Feedback+ Employer-Info group (p = 0.005). These effects indicate that inaccurate
beliefs about employer responses and own ability at baseline discourage novices from
bidding low, and that correcting these beliefs substantially influences wage-setting
behavior. The results also support Prediction 2b: providing information about em-
ployer responses increases novices’ willingness to undercut. Since the effects of the
Feedback and Feedback+ Employer-Info treatments are ambiguous ex-ante, we explore

heterogeneity in baseline beliefs to explain the observed patterns in Section 1.6.3.

The standard reputation model predicts that high- and low-ability novices differ in
their propensity to adopt “introductory pricing”. Do they respond differently to the
treatments? Figure 1.7, Panel C shows the main results separately for novices who
perform above (high-type) or below (low-type) the median in the baseline task. In
the absence of performance feedback, the two types are equally likely to bid at the
job budget in both the control group (p = 0.742) and the Employer-Info group
(p = 0.614). Once performance feedback is provided, treatment effects are driven
by high-type workers. High-type novices are four times more likely to bid below the
budget than low-type novices in the Feedback group (p = 0.014) and twice as likely
in the Feedback+ Employer-Info group (p = 0.135). This pattern is consistent with
the model, in which high-type novices have greater returns to securing initial jobs to

build reputation and are therefore more likely to undercut initially.
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Taken together, these results identify supply-side belief frictions that deter novices
from using low wages as an entry strategy. In particular, uncertainty about own abil-
ity prevents the separating equilibrium in wage bids predicted by standard reputation
models. Providing information about employer responses encourages both types to
undercut, leading to pooling in wage bids. In contrast, providing information about
own ability induces high-type novices to undercut. This separation improves match
quality: high-type workers are more likely to be hired, deliver higher-quality output,

and build reputations, thereby accelerating talent discovery in the market.

Other Application Features and Job Performance

We have shown that providing information about own ability and employer response
increases novices’ propensity to bid below the posted budget, particularly among the
high-ability workers. A potential concern is that these effects are driven by changes
in other aspects of the application. We examine two alternative explanations: effort
in cover letter writing and the timing of wage bargaining. First, since wage bids and
cover letters are the two main choices applicants make in the application, treatments
may shift effort from bidding to cover letter writing. Using cover letters from all 390
in-sample applicants for the follow-up job, we proxy application effort by cover letter
length. Appendix Figure A.12 shows no treatment effects on cover letter length,
suggesting that changes in application effort do not explain the observed patterns in

wage bids.

Second, since we observe only the wage bids submitted at the application stage,
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novices may strategically bid low to attract attention and renegotiate after receiving
an offer. To assess this, we randomly offered the job to 34 in-sample novices and
tracked offer acceptance, as described in Section 1.3.3. We find no evidence of such
strategic bargaining. All but one freelancer accepted the offer at their proposed wage

and completed the task; the remaining freelancer declined due to time constraints.

A final concern is that novices who undercut may exert less effort, leading to lower-
quality output. We test this using worker performance on the follow-up task. Ap-
pendix Figure A.13 Panel A shows that freelancers who bid lower wages performed,
on average, better than those who did not undercut, although the difference is not
statistically significant. Panel B reports task performance by treatment group and
similarly shows no statistically significant differences. These patterns are consistent
with novices using low bids to secure initial jobs while maintaining effort to build
their reputation. Given the small sample size (n = 33), however, these findings

should be interpreted as suggestive rather than causal.

1.6.3 Mechanisms

What Drives the Heterogeneity?

The heterogeneous treatment effects by novice ability are consistent with predictions
from the standard reputation model in Tirole (1988), but raise a question: if most
workers believe they are high performers at baseline, why does feedback induce high
types to undercut when they presumably already know their quality? To answer this,

we examine heterogeneity in the accuracy and confidence of novices’ beliefs about
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their own performance. We measure accuracy as the absolute difference between
perceived and actual baseline performance, and confidence as workers’ self-reported
confidence in the accuracy of their self-assessment, measured in the baseline and

endline surveys.2! Appendix Table A.7 reports the results.

Panel A, columns 1 to 4 show that the treatment effects for high-type novices are
concentrated among those with more accurate priors in the feedback-only treatment
relative to the control group. This pattern partly reflects a mechanical relationship:
since most workers perceive themselves as high performers, true high types tend to
have more accurate priors. Columns 5 and 6 split the sample by whether confidence in
the accuracy of own performance assessment increases from baseline to endline. The
effects are concentrated among workers whose confidence increases. This suggests

that feedback primarily validates high types’ prior beliefs rather than shifting them.

An alternative explanation is that high-type novices respond more because they
better understand the feedback. We test this using Figure 1.6, Panel A, which
compares changes in workers’ beliefs about their own performance from baseline
to endline. While high-performing novices’ beliefs move closer to the truth in the
feedback group, low-performing novices exhibit larger updates from baseline. This
indicates that low-type novices also process the feedback and adjust their beliefs
about their own performance, which is inconsistent with differential comprehension

as the primary mechanism.

21. In both baseline and endline surveys, novices were asked to evaluate their own performance
on the baseline task and indicate how confident they are in their guess, on a scale of one to five.
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Is There Complementarity Between Treatments?

Since the interventions target different sources of misbeliefs, a natural question is why
the combined treatment exhibits limited complementarity. We use baseline data on
workers’ beliefs about bidding strategies to address this. Appendix Table A.8 reports
the results. Columns 1 and 2 show that the treatment effects for high-ability novices
in the feedback group are concentrated among those who initially hold more accurate
beliefs that employers do not interpret low prices as signals of low quality. Columns
3 to 6 further show that these workers are more likely to believe that undercutting

is effective for high types.

These patterns yield two insights. First, high-ability workers understand which
strategies are effective but remain uncertain about their own ability. The feedback
treatment therefore reinforces their self-assessment and induces them to adopt the
undercutting strategy they already believe is effective. Second, because these work-
ers hold correct priors about employer responses, the second treatment adds little,

leading to limited complementarity.

In summary, the interventions address belief frictions through different channels.
Correcting workers’ misperception about employer responses to low wage bids en-
courage those with inaccurate beliefs about the demand side to offer low wages to
secure jobs. Resolving workers’ uncertainty about own abilities strengthens high-
ability workers’ incentives to invest in reputation through low wage offers. This

improves the allocation of talent by encouraging more efficient sorting across novice

types.
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1.7 Discussion

1.7.1 How Fast Can Nowvices Learn about Demand?

Our experimental results show that novice freelancers often avoid lowering their
initial wage bids because they hold incorrect beliefs that employers interpret low
prices as signals of low quality. This raises an important policy question: can novices
eventually overcome these belief frictions through trial and error on the platform, or
is external intervention needed to correct these misperceptions? To shed light on this
question, we simulate an ideal learning environment in which a fully rational novice
experiments systematically with wage bids and updates her beliefs about demand
according to BayesaAZ rule. This exercise provides a conservative benchmark for
how long and how costly the learning process can be in the absence of external

intervention.22

We model a novice freelancer conducting an A/B test by alternating between two
bidding strategies when submitting job applications: bidding at the full budget or
undercutting by 20 percent. Each application yields a binary outcome indicating
whether the novice receives a callback. The novice starts with a 50/50 prior over

two possible states of the world:

Model 1 (“Low wage bids # low quality”): Employers do not penalize low bids.

Undercutting by 20 percent increases callback rates from 3.41% to 5.26% for novices.

22. This simulation focuses on learning about employer responses to wage bids. Novices face a
similar learning challenge in assessing their own abilities, as they need to secure jobs and receive
employer feedback to update beliefs about their performance. Therefore, learning about one’s
ability would impose similar (if not more) time and financial costs as learning about demand.
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Model 2 (“Low wage bids = low quality”): Employers respond less to novices who
submit lower bids. The callback rate at the full budget is 3.41%. We consider
two degrees of misbelief about undercutting. Under moderate misbeliefs, novices
believe the callback rate declines by 20 percent, from 3.41% to 2.73%. Under strong

misbeliefs, they believe the callback rate declines by 50 percent, to 1.71%.

After each application, the novice updates beliefs about the two models using Bayes’
rule based on whether a callback is received. Learning is complete once the posterior
probability assigned to the true model reaches 80%. We simulate 3,000 novice work-
ers, each submitting up to 2,000 applications, and record the number of applications

required to reach this threshold.

The simulation reveals that even under systematic experimentation and perfect
Bayesian updating, learning is slow. Figure 1.8 plots the distribution of applica-
tions required to learn under the two types of inaccurate priors. Over 99% novices
reach 80% certainty of the true model within 2,000 applications. The median worker
with moderately inaccurate beliefs needs 201 applications to reach 80% confidence,
while with strongly inaccurate beliefs needs 89 applications. Learning is faster under
stronger misbeliefs because each successful application is more informative about the
true model and leads to belief update. Nevertheless, learning remains slow overall
because callbacks are rare and most applications provide little information. As a
result, even perfectly rational workers cannot quickly infer how employers respond

to wage undercutting.

The learning process translates into substantial real-world costs. Novice freelancers
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Figure 1.8: Distribution of Applications Required to Learn True Demand
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Notes: The figure plots the simulated distribution of applications re-
quired for novice freelancers with inaccurate prior beliefs to learn the
true demand model (model 1). Results are based on 3,000 simulated
workers who alternate between high and low bids and update their be-
liefs using Bayes’ rule. The dotted line indicates the median number
of applications needed to reach 80% confidence in the true model.

in our baseline survey submit on average 10 applications per month at an average
cost of $1.35 USD per application (excluding workers’ effort costs). A novice with
moderately inaccurate beliefs would need 20 months of experimenting at the cost of
$271 USD, which is equivalent to 24% of the average annual income in low-income

countries according to the World Bank.

These costs help rationalize why belief frictions may persist in practice and point to
the importance of external interventions that reduce the cost of learning, rather than

relying on workers to discover these patterns on their own. Even under ideal learning
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conditions where workers experiment systematically and update beliefs perfectly, the
time and financial costs of experimentation are substantial. In reality, workers may
experiment less frequently or update beliefs imperfectly, making learning even slower.
As a result, many novices may never experiment enough to discover that lowering
wage bids improves hiring chances, preventing them from adopting effective bidding
strategies to overcome entry barriers in online labor markets. To facilitate worker
learning and market entry, existing government initiatives, such as the Ajira Digital
Program in Kenya and the Mastering the World of Online Freelancing projects in
Jordan and Lebanon, incorporate mentorship and business strategy guidance (Datta
et al., 2023). Similar components could be integrated into digital training programs

to help workers form accurate expectations about job search in global markets.

1.7.2  Generalization to Other Settings

Next, we discuss how our findings translate to other labor market settings, especially

in developing countries.

Online Labor Markets

Our analysis focuses on data entry services on one of the largest online freelancing
platforms, so a natural question is how much the entry barriers and frictions we
document extend to other service categories and platforms. As discussed in Section
1.3.2, similar entry barriers arise broadly: inexperienced workers struggle to get hired

because employers are uncertain about their ability.
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One potential difference is that workers in higher-skill categories, such as graphic
design or programming, may have access to alternative signals of ability, such as
portfolios or certifications, rather than relying on lower initial wages. However, these
signals may be less informative than they appear. Using profile data from 3,461
graphic designers on the same platform, we find that 96% list a portfolio and 40%
report certifications. When such signals are nearly universal, they provide limited
differentiation across workers. This pattern is consistent with Késsi and Lehdonvirta
(2022), who find that micro-credentials have little effect on job outcomes for new

entrants.

There is also evidence that introductory pricing is used in higher-skill categories. Cui
(2025) shows that freelancers specializing in PHP adopt low initial prices to build
reputation on Freelancer.com. At the same time, these investments remain below
the social optimum, leading to inefficient hiring of novice workers. This suggests that

the underuse of introductory pricing is not unique to low-skill services.

A remaining question is whether the belief frictions we document are present in these
settings. There is limited direct evidence, as our study is the first to elicit freelancers’
beliefs about their own ability and employer responses. That said, similar frictions
have been documented in offline labor markets, and there are reasons to expect them
to persist online. In particular, novices from developing countries may have limited
information about their standing in the global talent pool or about preferences of
foreign employers. Platform design may further slow learning: on many platforms,

workers cannot observe competing bids, making it difficult to infer demand. In
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contrast, platforms that reveal bid ranges may facilitate faster learning and stronger

price competition.

Offline Labor Markets in Developing Countries

While this paper studies online marketplaces, our results are relevant in offline labor
markets. These markets share three features. First, both settings resemble spot
markets, characterized by high unemployment, high search frictions, and short job
spells (Breza and Kaur, 2025). Wages in these markets exhibit limited dispersion
relative to underlying productivity (Breza et al., 2018; Breza et al., 2019; Cefala et
al., 2024; K, 2025). Second, inexperienced workers face substantial barriers to entry.
Because educational credentials often provide weak signals of ability, novices struggle
to credibly convey their productivity to employers (Bertrand et al., 2024). As a result,
employers rely heavily on observable work experience as a proxy for quality.?3 Third,
workers often have limited information about both their own abilities and employer
preferences (Carranza et al., 2022; Kiss et al., 2023; Caria et al., 2024). Together,
these features suggest that supply-side belief frictions may contribute to compressed

wages and inefficient allocation, particularly for high-ability novices.

At the same time, three features of offline labor markets may limit the direct appli-
cability of our results. First, the scope for reputation building may be more limited:
job spells are typically short, and past performance is often difficult to verify across

employers (Donovan et al., 2023). This weakens workers’ incentives to accept lower

23. For example, evidence from Burundi shows that employers prefer candidates with prior expe-
rience in low-skill jobs over otherwise identical inexperienced applicants (Ndayikeza, 2025).
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initial wages as an investment to reveal their true ability. However, when workers
remain with the same employer, returns to experience can be substantial (Breza
and Kaur, 2025) because worker performance information becomes available over
time. This mirrors the reputation-building process on online platforms, where per-
formance history is available to all potential employers. In both settings, high-ability
workers have incentives to invest in reputation, improving match quality. Second,
subsistence constraints may restrict workers’ ability to undercut wages. Nevertheless,
recent evidence shows that wage undercutting does occur even among low-wage man-
ual laborers in rural settings (Breza et al., 2019; K, 2025), indicating that workers
engage in strategic wage-setting despite financial constraints. Third, wage undercut-
ting may be discouraged by social norms in rural labor markets, even in the absence
of belief frictions (Breza et al., 2019). As a result, the mechanisms we document are
likely to be most relevant in urban labor markets and sectors with higher returns to
experience, such as services and manufacturing, where both reputation and strategic

pricing play a larger role.

1.8 Conclusion

This paper studies why novice workers from LMICs under-adopt introductory pricing
to overcome entry barriers in online labor markets. In the demand-side experiment,
we show that employers respond favorably to low wage bids from novices and do not
interpret them as signals of low ability. Back-of-the-envelope calculations further

indicate that undercutting is a profitable entry strategy.
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Despite these returns, few novices adopt it. Survey evidence points to two frictions:
incorrect beliefs about how employers interpret low wages and limited information
about their own ability. In a supply-side experiment, we show that providing workers
with information about employer responses and their relative performance increases
novices’ likelihood of proposing low initial wages. The effect is driven by high-ability
novices after receiving performance feedback, consistent with standard reputation
models. This separation in wage bids improves talent allocation by increasing high-

ability novices’ chances of being hired and producing high-quality output.

We then examine whether novices can correct their misbeliefs through on-platform
search and application. Simulations show that even under Bayesian updating, learn-
ing is slow and costly, as most applications receive no response and thus offer little
scope for learning. This highlights the value of external information provision, such
as mentorship or guidance on bidding strategies, in helping novices overcome entry
barriers. While we do not observe how employers use wage bids or other profile sig-
nals to infer worker quality, better information on employer decision-making would
help high-ability novices optimize their application strategies and improve entry into

the market.

Nevertheless, the implications of these findings can be extended beyond online labor
markets to broader questions of information provision and market efficiency. Our
results suggest that policymakers can improve talent discovery and worker outcomes
by providing skill assessments for new entrants and sharing information about em-

ployer decision-making processes. More broadly, the findings indicate that policies
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addressing information frictions on the supply side, rather than the demand side,
may be more effective for improving job matching in markets characterized by high

entry barriers and low-information environments.
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CHAPTER 2

INTRA-HOUSEHOLD INCENTIVE DESIGN: AN
EXPERIMENT ON PARENT-CHILD DECISION MAKING
DYNAMICS IN PAKISTAN

2.1 Introduction

Conditional cash transfers (CCTs) are a popular policy instrument for promoting
human capital investment, particularly in low-income countries. The vast majority
of CCTs target only parents or children, although these investment decisions often
involve both parties. When preferences are not aligned, the identity of the transfer
recipient could lead to different outcomes due to household bargaining frictions. For
example, the recipient may withhold information from the non-recipient or fail to
bargain on the transfer. Can policymakers enhance the effectiveness of CCTs by
designing incentives to address household frictions between parents and adolescent

children?

We study this question in the context of a digital skills training program for ado-
lescent girls in Lahore, Pakistan. The government of Pakistan heavily subsidizes
supplemental digital skills training programs for the youth, as 91 percent of young
adults in Pakistan lack basic digital skills, such as copying and pasting text (World
Skills Clock 2023) and only 42 female youth possess digital skills for every 100 males

in Punjab (UNICEF 2023). While many programs offer sizable cash rewards to
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trainees upon completion, training providers still report low female participation

and completion rates.!

We partner with the Punjab Skills Development Fund (PSDF) to offer a short-
term digital skills training program with cash incentives upon completion to female
students aged 16 and over. PSDF is Pakistan’s largest skills development fund and
an organization explicitly tasked to boost digital skills for young women by the
national government.2 Our experimental sample consists of 489 households across 8
girls-only, government high schools and colleges in Lahore. As girls in our sample
had low computer literacy at baseline, the program offered a selection of beginner-
level online trainings on Coursera, ranging from bookkeeping to digital marketing.
Upon program completion, girls received a globally recognized Coursera certificate,
and their household received 3,000 PKR, equivalent to 7.5 percent of the monthly

houschold income in our sample.?

To test information and bargaining frictions within the household, we fixed the total
household reward at 3,000 PKR and cross varied (1) the split of incentive paid to
parents (0 PKR, 1500 PKR, or 3000 PKR) and (2) whether parents learned about
the total incentive size (partial or full information). This 3-by-2 design results in

six experiment groups, where the control group is the status-quo case when parents

1. For example, PSDF offers an incentive of 5,000-6,000 PKR upon program completion for the
standard Coursera trainings. Administrative data from PSDF shows that females account for 20.2
percent among those signed up for the program and only 8.9 percent of them complete the course.

2. In April 2023, the Pakistan Senate passed a resolution to equip women with digital skills and
to fund digital empowerment programs for women through the Punjab Skills Development Fund
(PSDF) (Pakistan Today 2023).

3. At the time of the study, 3,000 PKR was approximately equivalent to 10.5 USD.
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receive neither the incentive nor information about the incentive. When girls signed
up for the program at school, they were randomly assigned to one of the six arms
and received full information on the total household incentive and the incentive
split. They were also made aware of what information their parents would receive
from the training provider. We then contacted parents to request consent for their
daughters’ participation in this external training program and informed them about
the incentive offer. After the training provider received the parental permission,

students enrolled and attended the courses through computer labs on campus.

We track differences by incentive contract across two main outcomes: parental per-
mission for participation and program completion. For girls who received parental
consent, we attribute any non-completion to their own decisions of dropping out.
As girls were asked to complete the program in their school’s computer laboratory
during a free-period, parents could not monitor daughters’ action or withdraw their
consent without notifying the research team. We also find no evidence of parents

discouraging daughters’ participation or forcing them to drop out at the endline.4

We find that when parents are not informed about the total incentive, allocating the
entire incentive to parents instead of the daughter increases completion by 16.45 per-
centage points (pp), which represents a 103% increase from the control group’s mean
of 15.94 percent. This result violates the income-pooling hypothesis, allowing us to
reject the unitary model of decision making between parents and daughters. Once we

impose information symmetry on the total incentive, differences in completion be-

4. See Section 2.3 for more discussion on separability of actions.
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tween payment allocation groups shrink substantially, ranging between 0.78pp and
3.09pp.? Taken together, our experiment highlights two findings. First, parents and
adolescent daughters make skill investment decisions jointly, even when trainings are
conducted entirely at school, but there is incomplete information sharing. Second,
once policymakers impose information symmetry, we find no evidence of inefficient
bargaining, as differences across payment allocation are both small in magnitude and

not statistically significant.

This project contributes to multiple strands of literature. Our main contribution
is to provide evidence of incomplete information sharing in parent-daughter deci-
sion making and assess its implications for the effectiveness of different incentive
designs. Specifically, we test whether the identity of the incentive recipient matters
under information symmetry about the incentive. Most studies on conditional cash
transfers cannot address this question because the incentive targets either parents or
children. A few papers experimentally test the relative effectiveness of incentivizing
parents versus children and find no significant differences (Baird et al. 2011, Berry
2015, Levitt et al. 2016, de Walque and Valente 2023). However, their designs do
not target possible information withholding between household members. In our
setting, information frictions may arise when daughters want to pursue skills train-
ing but strategically disclose partial information about the returns to their action.

This friction is particularly relevant in setting where women have limited agency and

5. Compared to other papers that rejects efficient household decision making, we find smaller
differences in outcomes under information symmetry. See Appendix Table B.8 for the range of
inefficiencies and citations.
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need approval from other household members for their actions.% Our results suggest
that payment targeting has little impact on completion rates when both parents and

daughters have perfect information on the payment amount.

Our work also adds new empirical evidence of efficient collective bargaining to the
literature on household decision making. Many empirical studies on spousal decision
making reject the unitary household model (see Donni and Molina (2018) for a
summary) and some (Ashraf 2009, Lowe and McKelway 2024) find evidence against
efficient bargaining under perfect information. Yet, little is known about how parents
and adolescent children make decisions. To the best of our knowledge, we are the
first to experimentally evaluate both the unitary and the efficient collective household
models in the parent-child context. Previous studies (Bursztyn and Coffman 2012,
Bergman 2021, de Walque and Valente 2023) only observe household-level outcomes
that require joint inputs from parents and children, such as school attendance and
test scores. Our design allows us to decompose program completion into actions by
each party, thereby testing predictions from the efficient collective model. Moreover,
the majority of empirical papers (see for example Duflo (2003), Duflo and Udry
(2004), De Mel et al. (2009)) use cash transfers as exogenous shocks to one household
member’s income and identify its impact on consumption as evidence for household
bargaining. We analyze how household members bargain on program completion in

order to obtain the conditional transfer.”

6. This is commonly observed in spousal decisions about women’s consumption, fertility, and
employment (Ashraf 2009, Castilla and Walker 2013, Ashraf et al. 2014, Lowe and McKelway 2024).

7. See Section 2.5 for a full discussion on differences in bargaining environments.
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Finally, we contribute to the growing literature on barriers to female labor force
participation in developing countries via human capital accumulation. Past studies
(Dean and Jayachandran 2019; Bursztyn et al. 2020; Heath and Tan 2020; McKel-
way 2021; Lowe and McKelway 2024) emphasize on intra-household decision making
regarding women’s labor force participation. In our sample, the majority of girls
only wanted to work in skilled, white-collar jobs. However, among those who did
not receive parental consent, nearly half reported not comfortable with cutting and
pasting text. We document how inefficiency in household bargaining can cause under-
investment in young women’s essential income-generating skills, which may further

exacerbate their ability to work.

The rest of this paper is organized as follows. Section 2.2 generates testable hy-
potheses on how different incentive contracts affect program completion under the
unitary and the efficient collective household models. Sections 2.3 and 2.4 describe
our experiment and results, mapped to the testable hypotheses. Section 2.5 discusses
the implications and caveats of our results on household decision making between

parents and children, and Section 2.6 concludes.

2.2 Theoretical Framework

We build on canonical models of the unitary household by Samuelson (1956) and
the collective household with efficient bargaining by Browning and Chiappori (1998)
to generate predictions on the relationship between different incentive contracts and

program completion.
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Suppose there is a skills training program that offers an incentive s for successful
completion. Daughters are targeted for the program, meaning they have full infor-
mation about the incentive. Daughters cannot hide their decision to participate,®
however, they may choose to hide the incentive payment to fund private consump-
tion. Parents must provide consent for their daughters to participate in the program

and cannot perfectly monitor their child’s progress within the program.

Let s be the total incentive in currency that is paid to one household. sP is the
amount that is paid to the parent and (s — sP) is paid to the daughter. Daughters
have full information on s and (s — s”), while parents may not know about s and

therefore (s — sP).

We denote 6 € [0, 1] as the proportion of daughters’ incentive (s— sP) that is revealed
to the parents. The total incentive s is fixed, but sP and 6 may vary at the household
level and represent differences in incentive targeting to parents and the extent of

information asymmetry within the household.

2.2.1 Unitary household

The unitary model Samuelson (1956) posits that households behave as a single indi-

vidual with one payoff maximization problem. There is effectively one utility function

8. In alternate settings, daughters may need to travel outside the house or use the shared home
computer to attend the training sessions. Even though parental consent might not be explicitly
required by the training provider in these cases, daughters will still need to obtain parents’ approval
for their participation.
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u" and one cost function ¢™.9 The household decision function is characterized as

follows.
hh hh
Icompletes{u +s> "}

Program completion is efficient when benefits outweigh costs at the household level.

Otherwise, households will choose not complete training.

Hypothesis 1: Under the unitary model, completion does not vary with sP or 6.

2.2.2  Collective household

In the collective household, parents and children have different preference and cost
parameters (u, cP) and (ud, cd) and they make decisions by solving separate payoff
maximization problems. The preference parameters u” and u® are assumed stable,
encompassing all beliefs about the benefits of completing the training. Similarly, the
cost parameters ¢’ and @ are stable, incorporating all monetary, social, and effort

costs of completing the training.

We use the methodology described in Browning and Chiappori (1998) to evaluate effi-

9. There are two prominent theories that link individual preference parameters to household
behavior consistent with the unitary model: Samuelson (1956) and Becker (1974, 1991). Samuelson
(1956) explains a collective household may still behave like a unitary one when the household
welfare function already incorporates each member’s preferences. In our context, this maps to a
setting where bargaining is unconditionally cooperative (see Subsection 2.2.2). Becker’s Rotten
Kid Theorem (1974, 1991) finds the household may behave as a single unit when an altruistic
‘patriarch’ uses transfers to motivate the behavior of other members. The Rotten Kid Theorem
hinges on a patriarch’s ability to monitor children’s behavior. As parents cannot perfectly monitor
girls’ attendance, this model cannot be applied to our setting.
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cient!Y collective households which (1) makes no assumptions on the specific method
of household bargaining so long as outcomes are pareto-optimal and (2) assumes
that household members divide income to fund private consumption. Browning et
al. (2006) clarifies the sequence of steps required to correctly analyze household be-

havior under the efficient collective framework. We proceed as recommended.

First, we describe the one-period problem where the incentive payment is made af-
ter the completion of a skills training program. Then, we characterize the separate
payoff maximization problems for parents and children. The maximization problems
will depend on parents and children’s ability to divide the incentive payment. We
generate bounds on this sharing rule from parents’ and children’s problems which
will make program completion incentive compatible for both parties. Finally, we an-
alyze how the bounds change with differences in payment targeting and information

symmetry to generate testable predictions of observable behavior.

Negotiation on a Future Payment

In order for households to receive s, parents and daughters must both remain in-
terested in the course. Parents cannot force their daughters to join or complete the

training, and daughters cannot enroll in the training without permission from their

10. Efficient collective households are often also referred to as households where bargaining is
cooperative.
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parents.!1 12 To reach an agreement, they must negotiate a sharing rule (A € [0,1])
to divide the payment. We characterize efficient household bargaining as the ability
for parents and daughters to agree on the sharing rule so that benefits are greater
than costs for both parties. The parameter of interest is the feasible range for A
such that both parties remain interested in completing the course. As we will derive
below, the feasible range of A depends on the exogenous targeting of incentives and
information. The larger the feasible range of A, the more likely households are to
complete the program and receive incentive s under efficient bargaining. If parents
and daughters do not agree on the sharing rule, households will not complete the
program and receive nothing. Outcomes are pareto optimal, because neither party

can be made better off by investing in the training at the expense of the other.

Decision Processes

We assume the timeline of household bargaining is as follows.

(i) Girls receive their skills training offer and full information on s and sP. If
they want to participate, they can choose proportion 6 € [0, 1] of the payment

(s — sP) to reveal to parents and retain (1 — 0)(s — sP) as the private return.

(ii) Parents are informed about their daughter’s interest in the program, and of sP

11. In the experimental setting, parents only learn about this program after daughters agree to
participate. Since the program is held during school time, parents cannot force their daughters
to attend the sessions. They can only nudge their daughters. As mentioned earlier, parents also
cannot monitor progress very easily, as daughters are completing the trainings in school.

12. We require written parental consent for participation as PSDF previously attempted to offer
digital skills trainings in schools without parental permission, and they received backlash from
parents and school administrators.
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by the training provider. Parents also learn about (s — sP) from daughters.

(iii) Parents and daughters negotiate on the public return 6(s — s”) + sP known to
both parties.!3 Parents can keep proportion A € [0, 1] of the public return by

the sharing rule.

(iv) Post-completion, parents keep their share of the public return, A(6(s—sP)+sP),
and daughters keep their share of the public return plus their private return,

(1= N)(O(s — sP) + sP) + (1 — 0)(s — sP).

Equations 2.1 and 2.2 are the two respective decision functions of the parents and
daughters. We use these functions to generate predictions on observable actions
between parents, daughters, and the household by deriving bounds on the sharing

rule, .

Lionsents (6P +A(0(s — s7) + sP) > P} (2.1)
Igompletes{ud +(1=0)(s—sP)+ (1= N)(0(s— ")+ sP) > ¢} (2.2)

Parents: Rearrange Equation 2.1 to isolate A in the parents’ decision function.

P A>es+62p;{f_e> if (s — s”) +sP > 0 Case 1
Iconsents
ub > cP if s + sP(1 — 0) = 0 Case 2

13. The parents portion of the incentive is negotiated on, because daughters in this context are
not working outside of the household. The majority of consumption by daughters is indirectly
funded via income to parents.
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We ignore Case 2, because payments do not enter the parents’ decision function and
parents always give consent. Case 1 generates a lower bound on payment division
which will make consent to daughters’ participation incentive compatible to parents.

PP
” s+ sP(1—0)

A =\ (2.3)

Hypothesis 2: Under the efficient collective model, when parents have full infor-
mation on the household incentive, parental consent does not vary with sP.

Proof: Plug # = 1 into Equation 2.3. This result does not depend on sP.

cp — uP

Aplo=1 =

Daughters: Rearrange Equation 2.2 to isolate A within the daughter’s decision func-

tion.

Id H(stp)+sp

completes

A< ul=cles ife(s—sp)+sp>OCase1}

ul + 5 > 4 if O(s — sP) 4+ sP = 0 Case 2

Again, we ignore Case 2, because the daughter’s decision does not depend on infor-
mation or payment targeting and she will complete the program only if she captures
the entire incentive. Hence, we derive an upper bound on payment division which
will make program completion incentive compatible for the daughters.

ud—cd—i-s

N LT ES
< O(s — sP) + sP ub

(2.4)
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Hypothesis 3: Under the efficient collective model, when parents have full infor-
mation, the girls’ choice to complete or drop out does not vary with sP.
Proof: Plug # = 1 into Equation 2.4. This result does not depend on sP.

ud—cd—l—s

Aub‘@zl = s

Remark 1: Under the collective household framework, we do not observe the uncon-
ditional decision of the girls to drop out of the program. All daughter’s decisions
are observed, conditional on parental consent. To test Hypothesis 3 on the data,
we rely on the assumption that under information symmetry, Hypothesis 2 holds
and parental consent does not vary with s”. Hence, once information symmetry is
imposed, the girl’s drop-out decision conditional on parental consent is the same as

the drop-out decision unconditional on parental consent.

Households: We combine Equations 2.3 and 2.4 to generate predictions on household

completion.

u +uP + s — (¢ + cP)
0(s — sP) + sP

Aub — A\ip = (2.5)

Hypothesis 4: Under the efficient collective household, when parents have full
information, completion does not vary with sP.
Proof: Plug 8 = 1 into Equation 2.5. This result does not depend on sP.

ul +uP + 5 — (¢ + P)
s

Aub — Ablo=1 =
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Remark 2: Hypothesis 4 comes directly from Hypotheses 2 and 3. We report this
because it allows us to confirm that household-level results are robust to misspecifi-

cation of the bargaining timeline.14

Remark 3: Under full information, both the unitary model and the collective model
predict that household completion does not vary with sP. Hence, if we are unable to
reject efficient bargaining in the full information setting, we must rely on differences
in payment targeting under information asymmetry to properly evaluate the unitary

model.'® In particular, we test the income pooling property under the unitary model.

Remark 4: The collective model cannot predict ex-ante how completion will change
with incentive allocation under information asymmetry because the partial deriva-
tive of Equation 2.5 with respect to sP depends on unobserved preference and cost

parameters {u?, %} and {uP, cP}.

Table 2.1 summarize all testable hypotheses generated by the two models of the
household. We can reject one framework if any of its hypotheses are rejected with a

reasonable statistical test.6

14. Our full sample of results on household bargaining is on the set of households in which
daughter and parents both complete a survey. The timeline stated in Section 2.22.2.22.2.2 requires
that bargaining happens after parents are contacted by the training provider. However, if bargaining
happens before, it may be possible that we have selective attrition into the parents survey. See B.2
for further discussion. We do not find much evidence of selective attrition in our sample.

15. See Samuelson (1956), Becker (1974, 1991) or footnote 6 for more examples of situations
in which a collective household may behave in ways that are indistinguishable from the unitary
household.

16. See Appendix Table B.5 for the list of every reasonable statistical test.
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Table 2.1: Testable Hypotheses on sP and ¢

A. Unitary household

H1: Household completion does not vary with s or 6.
B. Efficient collective household
H2: Under full information, parental consent does not vary with sP.

H3: Under full information, the girl’s decision to complete or drop-out does not vary with sP.
H4: Under full information, household completion does not vary with sP.

Notes: This table presents testable hypotheses regarding the impact of payment targeting and information
symmetry on the main outcomes, under the unitary and efficient collective models respectively.

2.3 Experimental Design

Through PSDF, we delivered the first supplemental digital skills training program to
8 women’s government schools in Lahore. Given the low digital literacy in our sample,
PSDF offered 6 beginner-level, Coursera courses for students to choose from and an

incentive of 3,000 PKR to households upon course completion within 6 weeks.1?

2.3.1 Description of the Experiment

We map our experiment directly to the model in Section 2.2 by exogenously vary-
ing the split of the incentive to parents, sP, and information on the full incentive
amount to parents, . We select sP € {0,1500, 3000} = {0%, 50%, 100%} and cross-

randomize whether parents are informed about their share as well as the full amount,

17. The courses are: (1) Better Business Writing in English, (2) Fundamentals of Graphic Design,
(3) Foundations of Digital Marketing & E-commerce, (4) Intuit Bookkeeping, (5) Work Smarter
with Microsoft Excel, and (6) How to Create a Website. These courses take on average a total of
15 hours over 4 weeks to complete and are designed to help students acquire basic digital skills for
more advanced courses. These courses differ from the Coursera programs offered by PSDF, which
last 4-6 months and are intended to make trainees job-ready after finishing the course. Regular
trainees would receive 5,000-6,000 PKR for completing these programs.
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allowing 6 € {Partial, Full}. This results in 6 contract groups as shown in Figure

2.1, along with the information given to parents.

Figure 2.1: Targeting Incentive and Information to Parents
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Notes: Incentive and information targeting to parents by treatment arms. Daughters

always have complete information about the program, the incentive, the allocation

rule, and the information shared by the research team with their parents.
All daughters have full information on the total household incentive and the incentive
split. To ensure full information transparency on girls’ side when they made the
decision to join the program, we also told the girls exactly what information their
parents would receive.!® We refer to the group where parents are not paid and not

given full information on the household incentive as the control group ({sP,0} =

{0, Partial}). This is to mimic the status-quo in terms of program targeting, where

18. For example, girls assigned to {50%,Partial} were told: “You will receive 1,500 rupees in
cash, and your parents/legal guardian will receive 1,500 rupees via mobile payment at the end of the
program. Your parents/legal guardian will not be informed of your share of the payment.” The girls
assigned to {50%,Full} were told: “You will receive 1,500 rupees in cash, and your parents/legal
guardian will receive 1,500 rupees via mobile payment at the end of the program. We will inform
your parents/legal guardian that you were selected to receive 1,500 rupees.”
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girls are targeted to receive the incentive for task-completion and have total control

over information sharing with parents.

2.3.2  FExperiment Timeline

In December 2022, we held information sessions with PSDF at the selected high
schools and colleges. To impose some effort on the girls to sign up, we asked attendees
who were interested in enrolling in the program to complete a paper form, where they
were quizzed on the information session and had to write about why they wanted
to participate in the trainings. We received complete forms from 1,442 students

following the information sessions.

Given the program capacity of 300 completed certificates, we screened candidates
based on their responses to the attention check and open-ended questions and 792
students passed.!? These students were randomized into contract groups at the in-
dividual level?0 and invited to the baseline survey. The randomization was stratified

on school ID and a dummy variable for self-reported computer use above average.

The baseline survey took place in schools and students were notified of their contract
group only after completing the baseline survey. Enumerators informed them that

the training provider would need to contact their parents for permission because the

19. We told students to fill in the sign-up form as completely as possible and that their response
would be used for screening purposes. The screening criteria includes: having complete personal
identifiable information (e.g. full name, student number), personal and parent’s contact information,
consistent program choices, correct answers to all attention check questions, and answered at least
one open-ended question about motivation for joining the program.

20. If siblings from the same household signed up for the program, only one sibling was randomly
selected to complete baseline.
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program was delivered by an external organization and offered monetary incentives
for completion. To ensure the separate targeting of incentive between daughters and
parents, we informed girls that upon program completion they would receive their
portion, s — sP, in cash and that parents would receive sP via mobile money transfer.
Of the 489 girls who completed the baseline survey, only one girl reported that she

was no longer interested in the program upon hearing her contract offer.

Following the baseline survey, we attempted to phone the parents of 488 girls who
were still interested in the program. We provided parents the relevant information
on the course and the incentive payment should their daughter complete the training
program.2! A text message of the program offer was sent to parents after the call.22
Parents could give consent to their daughters’ participation only by replying to the
text message within two days, otherwise this offer would expire. We adopted this
approach to give some time for negotiation within the household and to avoid exper-
imenter demand bias caused by enumerators requesting consent over the phone. We

successfully surveyed and texted 416 parents. Of the parents surveyed, 313 texted

21. For example, parents from households assigned to {50%, Partial} were told: “We used a
lottery to determine the reward for [student’s name]. Congratulations, you as the legal guardian
will recetve 1,500 rupees via mobile payment if [student’s name/ is selected and successfully completes
this free program. The reward will be disbursed after the program finishes.” Parents in households
assigned to {50%, Full} were told: “We used a lottery to determine the reward for [student’s name].
Congratulations, your household has won 3,000 rupees which we will give 1,500 rupees to [student’s
name/ in cash and send the remaining 1,500 rupees to you via mobile payment if [student’s name]
1s selected and completes the program successfully. The reward will be disbursed after the program
finishes.” If parents had any questions about the course or about PSDF, they were directed to a
hot-line that was set up by PSDF.

22. The text message to parents is in Urdu and reads as follows: “/student’s name/ has been given
priority for a spot to participate in the zxx training program. [Description of the program offer]
Text 1 to accept the offer. Text 0 to decline. Please respond to us within 2 days, otherwise this
offer will expire.”
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us back within 2 days granting permission.23

Students who received parental permission were then contacted during school to en-
roll into the PSDF Coursera platform. They were requested to complete the digital
skills training courses in the computer lab of their school, during the government
mandated daily free-period.2* Once enrolled in the program, students needed to
watch the online tutorials and receive satisfactory marks on all of the required as-
signments in six weeks. At the end of the program, PSDF invited all 119 girls who
completed the training to a certificate ceremony and disbursed the incentive to girls

via cash and sent to parents via mobile money.

After PSDF closed the Coursera platform for all students, we invited the 489 girls
who filled out the baseline survey to complete the endline survey. The endline survey
was designed to help us understand why girls dropped out of the program and to
measure digital skills through a self-assessment test and a short quiz. We surveyed

291 students in person and via phone.

In Figure 2.2, we summarize the timeline and document the sample size in each part

of the research.

23. We conducted a back-check survey on 65% of households who completed the parents survey
but did not text us back. We find evidence that parents who did not text us back seemed to not
be interested. See Appendix B.2.2 for further discussion.

24. Anecdotal evidence suggests that students usually take the free-period for leisure. In the
baseline survey, most students also anticipated that the program would take up their leisure time.
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Figure 2.2: Experiment timeline

Intervention Phase

December A June
2022 [ | 2023
Information Cand1'date Student Parental- . .
C . || Screening & || Bascli | Parent Survey | Consentvia [ Completion Endline
ampaign Randomization aseine Text
1,442 students 792 students 489 girls 416 parents 313 parents gave 119 students 291 students
signed up. entered the completed successfully permission. complete surveyed.
randomization baseline. surveyed. training.
sample.

Notes: This figure reports the timeline of the fieldwork and the sample size at each stage.

2.3.8 Sample Characteristics and Main Outcomes

We present baseline characteristics for all 489 households and show balance across
treatment arms in Table 2.2. Our full sample has an average household size of 6
people with a monthly household income of 41,620 PKR, which is about the average
in urban Lahore in 2020.2° We find that 97.8 percent of girls are interest in partici-
pating in the labor force after graduation and 73.4 percent think only skilled, white

collar jobs are appropriate for women.

Our main outcomes of interest are program completion, parental consent, and girls’
drop-out. The first two outcomes are collected from the PSDF Coursera platform
and the text messages. Conditional on parental consent, we attribute any decision
to drop-out of the program as daughter’s choice. One concern is that parents might

withdraw their consent after the program started, so we cannot decompose household

25. According to Pakistan Social and Living Standards Measurement Survey 2019-2020, the av-
erage monthly household income in urban Lahore is 45,900 thousand PKR. However, Pakistan has
experienced high inflation rates from 9.7 percent in 2020 to 19.9 percent in 2022 (World Bank
(2022)), so we expect the average monthly household income in 2022 to be higher than the 2020
statistics.
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Table 2.2: Summary Statistics and Balance Check

Full Partial Info Full Info

Sample 0% 50% 100% 0% 50% 100% P-Value

N 489 69 85 90 82 69 94

Panel A: Personal Characteristics

High School Student 0.225 0.275 0.212 0.278 0.171 0.217 0.202 0.531
(0.418)  (0.450)  (0.411)  (0.450)  (0.379)  (0.415)  (0.404)

Plans to Work 0.978 0.971 0.988 0.978 0.976 0.971 0.979 0.965
(0.148) (0.169) (0.108) (0.148) (0.155) (0.169) (0.145)

Only Skilled Jobs Appropriate for Women 0.734 0.783 0.718 0.656 0.756 0.812 0.713 0.265
(0.442) (0.415) (0.453) (0.478) (0.432) (0.394) (0.455)

Own a Personal Smart Phone 0.108 0.116 0.059 0.078 0.195 0.087 0.117 0.143
(0.311) (0.323) (0.237) (0.269) (0.399) (0.284) (0.323)

Panel B: Household Characteristics

Household Size (in Members) 6.427 6.304 6.600 6.544 6.244 6.565 6.309 0.679
(1.812)  (1.428)  (2.178)  (1.831)  (1.495)  (2.193)  (1.633)

Monthly Income (PKR in Thousands) 41.620 42.392 41.582 39.379 42.656 40.250 43.334 0.657
(17.735) (17.723) (17.353) (17.520) (20.501) (16.668) (16.594)

Father Works 0.890 0.797 0.906 0.922 0.939 0.841 0.904 0.111
(0.314) (0.405) (0.294) (0.269) (0.241) (0.369) (0.296)

Mother Works 0.135 0.188 0.106 0.122 0.159 0.130 0.117 0.742
(0.342) (0.394) (0.310) (0.329) (0.367) (0.339) (0.323)

Father with HS Degree or Above 0.681 0.754 0.671 0.633 0.646 0.652 0.734 0.439
(0.467) (0.434) (0.473) (0.485) (0.481) (0.480) (0.444)

Mother with HS Degree or Above 0.556 0.551 0.506 0.578 0.549 0.580 0.574 0.932
(0.497) (0.501) (0.503) (0.497) (0.501) (0.497) (0.497)

Has Computer at Home 0.689 0.594 0.765 0.722 0.683 0.681 0.670 0.324
(0.463) (0.495) (0.427) (0.450) (0.468) (0.469) (0.473)

Notes: This table reports baseline summary statistics and balance of personal and household characteristics,
and p-values from a joint test of equality of means. Standard deviations reported in parentheses. Summary
statistics on household monthly income are from the parent survey (sample size = 416). We replace missing

values of household monthly income with the average household income at the respondent’s school.

completion outcome into separate actions by parents and daugh’cers.26 To address

this concern, we leverage a key feature of our setting: the girls can only take the

trainings on campus during school hours. Once parents granted consent, they could

not perfectly monitor daughters’ participation or withdraw their permission without

26. There are very few settings in which one-time parental consent is credible. If trainings were
held outside of school hours or if they were held at home, parents might implicitly withdraw
consent by refusing to drive daughters to the training or by restricting their daughter’s access to

the computer at home.
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notifying the research team or pulling their daughters out of school. Appendix Figure
B.1 documents the reasons why girls who were given consent dropped out of the

program. No student reported being discouraged by a parent or other member in

the household.

To evaluate the unitary model of the household and the overall impacts of the pay-
ment and information targeting on completion, we use household-level completion
outcomes on the full sample of 489 households that have a student baseline survey.
To evaluate whether household bargaining is efficient under information symmetry,
we restrict our sample to the 416 households that have a completed parent survey
because we need to separate parent’s refusal to consent from girl’s decision to drop

out. We find no evidence of selective attrition into the parent survey.2’

2.4 Estimation and Results

The specification for all outcomes is:

yi =Bo + B1{50%, Partial}; + B2{100%, Partial}; + B3{0%, Full}; + B4{50%, Full};
(2.6)

+ B5{100%, Full}; + vX; + 6S; + ¢;

where ¢ denotes a household, y; is the outcome of interest, and the control group

{0%, Partial} is omitted. The vector X; contains 10 baseline survey variables and

27. See B.2 for a detailed discussion on non-responses in the parent survey.
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S; strata fixed effects. We report bootstrapped confidence intervals and p-values.
Parameters of interest (3’s) can be directly mapped to hypotheses presented in Table

2.1. Table 2.3 lists the statistical tests and model predictions.8

Table 2.3: Model Predictions and Statistical Tests

Treatment Groups

Household Models  Hypothesis Partial Info Full Info

Unitary H1 Pr=02=0 p3g=p4=p5
Income Pooling B =0

Efficient Collective H2, H3, H4 B3 = B4 = P5

Notes: Remark 3 from Section 2.2 discusses the income pooling test of the unitary
model.

2.4.1 Effects on Program Completion

Figure 2.3 shows household completion rates across treatment groups for all house-
holds that had a girl’s baseline survey.?? In the control group, 15.94 percent of stu-
dents completed the program. We find that treating parents with either payments
or information about payments pushed completion rates up by 7.32pp to 16.45pp.
The completion rate is the highest at 32.39 percent when parents are assigned the

entire payment under partial information.

28. All possible statistical tests of the models are presented in in Appendix Table B.5. Appendix
Tables B.6 and B.7 report all relevant regressions, bootstrapped p-values, and Fisher’s exact p-
values robust to relevant sample restrictions and the exclusion of covariates.

29. We also report all household level results in Appendix Table B.6 restricted to the sample where
we were able to successfully complete the parents survey and deliver information on s? and s. The
full sample and the parent survey sample represent intention to treat estimates and treatment on
the treated estimates, respectively. For the sake of evaluating the unitary model of the household,
estimates from the full sample of students who completed baseline is the most robust and policy
relevant.
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We highlight two distinct patterns. First, we observe very little differences in com-
pletion rates for households where parents were given full information. As suggested
by Remark 3 from Section 2.2 and Table 2.3, we cannot distinguish the unitary
household from an efficient collective one as both models yield the same prediction.
Hence, to evaluate the unitary model, we need to restrict our analysis to the partial

information treatment.

Second, in the partial information group, completion increases with the share of
incentive targeted to parents. This pattern contradicts Hypothesis 1, as completion
should not vary with s under the unitary model. We conduct a classic test of
income pooling, which is to compare household completion where 100% of payment
is allocated to either the student or the parents.3Y When parents are paid instead
of daughters, we find that completion rates increase by 103% and is statistically

significant at the 1% level.

2.4.2  FEffects on Parental Consent and Girl’s Drop-out

We now restrict our analysis to households that have both a daughter’s and parent’s
baseline survey. This allows us to evaluate whether changes in household completion
were driven by parent’s refusing consent or daughters dropping out. To evaluate the
efficient collective model, we perform the statistical test as shown in Table 2.3 in the

full information group.

30. Appendix Table B.6 reports p-values for two other statistical tests that would contradict H1
under the unitary household.
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Figure 2.3: Program Completion Rates (Full Sample)
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Notes: We report completion rates across the treatments in the full analysis
sample (N = 489), derived from a regression of program completion on
treatment indicators with strata fixed effects and controls for whether the
student is in high school, in the last year of school, household size, working
status of the father and mother, high school graduation status of the father
and mother, if there is a computer at home, if the student has their own
cell phone, and if the student plans to work. Bootstrapped 95% confidence
intervals are reported, along with a bootstrapped p-value from a joint test
of null effects for all treatments and a bootstrapped p-value of a two-sided
test on income pooling (82 = 0). Bootstrap results are generated from
10,000 draws.

Panel A of Figure 2.4 shows that within this sample, completion rates are remarkably
similar under full information. Panels B and C break down household completion
by evaluating parental consent and girl’s drop-out. Bootstrapped p-values for joint
tests of equality on payment targeting under full information are 0.82, 0.88, and 0.96
for H2, H3, and H4 of Table 2.1. While our confidence intervals are large due to
smaller sample sizes, differences in magnitude are small under full information, while

they are large under partial information. Hence, our results seem consistent with
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the efficient collective household model, and we are unable to reject pareto-efficient

bargaining on payments under full information.

To address potential concerns with the small sample, we also report Fisher’s exact
p-values in Appendix Table B.7 and find them essentially identical to their boot-
strapped counterparts. Appendix Figure B.5 plots the full distributions of boot-
strapped group means under full information and the distributions mostly overlap.
In addition, we compare our estimates with those in other papers that reject the ef-
ficient collective household model as shown in Appendix Table B.8.31 Differences in
our point estimates across payment targeting under full information, adjusted from
percentage points to percentages, range from 6% to 10%, which is on the smaller

end.

2.5 Discussion of results

2.5.1 Why Does Completion Increase with sP Under Partial

Information?

Recalling Remark 4 of Section 2.2, a standard collective model with no assumptions
on preferences and cost structures {u?, %} and {u?, ¢’} cannot generate predictions
on completion rates across s” under partial information. Yet, experimental results
show that under partial information, completion rates increase in s”. We discuss two

explanations for why completion rates increase when parents are allocated larger

31. See Munro (2018) for a review of intra-household experiments and sample sizes.
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Figure 2.4: Household Bargaining Outcomes
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Notes: Program completion, parental consent, and girls’ drop-out across the six treatments,
derived from a regression of the outcomes on treatment indicators with strata fixed effects and
controls for whether the student is in high school, in the last year of school, household size,
working status of the father and mother, high school graduation status of the father and mother,
if there is a computer at home, if the student has their own cell phone, and if the student plans to
work. Panels A and B report completion and parental consent among households that answered
the parent survey (N = 416). Panel C reports girls’ drop-out conditional on parental consent
(N = 313). Bootstrapped 95% confidence intervals are reported, along with bootstrapped p-
values from the joint test on equality of treatment effects under full information. Bootstrap
results are generated from 10,000 draws.
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shares of the incentive.

Explanation 1: Parents are able to influence completion through reminders.

Post-program focus groups with treated households reveal some parental nudging to
encourage daughters’ program completion through reminders and sharing updates

with relatives.

We incorporate parental nudging to the collective household model and derive its
predictions in Appendix B.5.1. In the adjusted model, it is costless for parents to
nudge daughters. When a greater payment amount is assigned to parents, they exert
a stronger influence on daughters’ actions to ensure the household can attain the
reward. Daughters gain indirect utility by complying to what parents want but lose
own monetary incentive to complete the program. In this case, our experimental
results imply that the positive effect of parental nudging dominates the negative

effect of daughters losing incentive for completion.

Explanation 2: Payment to parents reveals information.

It is possible that the act of paying parents acts as information on the true value of
s. In this case we rewrite, 0(sP) € [0, 1] as a function that is increasing in s”. Under
this explanation, the support of /\|9€[071] will converge to that of A|g—; as we increase

payment to parents.

This explanation is also consistent with our experimental results, as we cannot detect

a statistically significant difference in completion between {100%, Partial} and all
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treatment groups {sP, Full}.

2.5.2  Implications for Incentive Design

We reject the unitary model in the context of parents and daughters, but find that
once information symmetry on payment is imposed, differences in household comple-
tion rate from payment targeting are minimal. Our results have important implica-
tions for incentive design around skills training programs for young adults still living
in the household. Policymakers often trade-off training completion with externali-
ties of the payment itself. These externalities include costs of delivering payments
or bargaining frictions. Our findings suggest that if information symmetry can be
imposed, this trade-off may not exist. That is, policymakers can simply design pay-
ment targeting that minimizes externalities of the payments while obtaining similar
completion rates. Otherwise, when information symmetry cannot be easily imposed,
our results show that household completion is the highest when parents are paid the

entire incentive.

We highlight two discussion points around the full information group. First, we
note that parents lack the ability to monitor the girls once they begin the training
program. Several studies (Bursztyn and Coffman (2012), Bergman (2021), de Walque
and Valente (2023)) find evidence that randomizing the ability for parents to monitor
the actions of their children has impacts on school attendance and test scores. It is
possible that had we introduced monitoring, completion would have increased with

payment targeting to parents even under full information.
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Second, we note that negotiation outcomes are conditional on the ability to split
the incentive according to the sharing rule. If one party does not believe that the
other will comply, then targeting more money to this party will incentivize consent
or discourage drop-out even under full information. We derive the alternative model
with beliefs on transfer frictions in Appendix B.5.2 and reject its prediction using

results from the full information group.

2.5.8 Can We Generalize Our Results to Different Bargaining
Settings?

Our results can inform incentive design under intra-household decision making when
bargaining happens before a single, future payment that is made conditional on an
observed action (ex-ante bargaining). While this setup generalizes to many other
incentivized programs, we discuss main considerations for incentive design in other

bargaining settings.

We start by considering the one-time payment that comes before an observed house-
hold action. This type of scenario is common when a policymaker is trying to incen-
tivize household spending using CCT. Household members negotiate how to spend
the money after receiving the CCT (ex-post bargaining). The key distinction be-
tween the ex-ante and the ex-post bargaining environments is the friction on ability
to split the incentives. Frictions in the ex-ante bargaining case depend entirely on
beliefs around the other party’s compliance to the agreed sharing rule. In the ex-post

case, frictions may also arise in actual ability to transfer money between agents. This
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friction on transferring money between agents is often studied in the spouse context
where agents have separate savings methods or bank accounts. This friction may
be less relevant in our context, as girls in our sample receive all money for private

consumption from family.

We end by considering the multi-period bargaining context. This scenario is most
analogous to working outside of the household (Lowe and McKelway (2024)), or
longer incentivized educational programs where payments are made conditional on at-
tendance every period (Baird et al. (2011), Bursztyn and Coffman (2012), de Walque
and Valente (2023)). Beliefs around the other party’s compliance to the sharing rule
should reflect the true friction as agents update their priors by the start of every
period. Hence, the actual ability to transfer incentives or income becomes highly
relevant for outcomes such as labor supply and program take-up. Results in this

multi-period scenario likely converge to the ex-post bargaining outcomes.

2.5.4  Program Evaluation

We document self-reported digital literacy by completion status in Appendix Figure
B.2, B.3 and Table B.1. Our results cannot be interpreted as causal effects of online
training programs as we did not recruit large enough of a sample to hold a pure control
group>2, yet there are some striking patterns. Basic digital skills within our sample
are very low, as Appendix Table B.1 shows that among girls who did not enroll in the

program, 47.67 percent are not confident cutting and pasting text. Likewise, 73.42

32. Due to the lack of power, we are not able to estimate the program effect on the treated using
the first stage of treatment assignment on program completion.
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percent of girls in our baseline survey felt that it was only appropriate for women like
them to work in skilled, white collar jobs. Such jobs are guaranteed to require basic
knowledge of computer skills, suggesting that young women lack essential skills to
pursue their desired career. We show some improvements in self-reported confidence
with essential computer tasks, providing hope that girls who participated are more
likely to continue acquiring basic digital skills on their own, without need for official

trainings.

2.6 Conclusion

In many contexts, educational decisions for teenagers are made jointly with parents.
Our study sheds light on how policymakers can leverage the dynamics of intra-

household decision-making to effectively incentivize young women’s skills investment.

Our findings reveal that targeting parents with payments for program completion or
information about payments can improve program take-up and completion. Hence,
we reject the unitary household model between parents and young adult daugh-
ters. Moreover, we document that inefficiencies in household negotiation on incentive
payments come through information asymmetry and not through payment target-
ing. When young women face household opposition for investing in their income-
generating skills, our results have several implications for the optimal incentive de-
sign. If the policymaker can impose information symmetry on payment, payment
targeting does not impact completion. If the program designer cannot impose infor-

mation symmetry, payments should be targeted towards parents to maximize house-
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hold completion.

We think that studying household bargaining between parents and young adults and
identifying other frictions to decision making, especially in the context of longer-term
human capital investments and labor force participation, is a promising area for fu-
ture research. Future work might also explore how family dynamics affect bargaining
between different household members (e.g., parents and sons, the role of extended
family members). Finally, identifying a scalable solution that can successfully boost
basic digital literacy skills for middle-income teenage girls in Pakistan is an impor-
tant area of research, as these girls are some of the least likely to participate in the
labor force due to social stigma around unskilled work coupled with basic skills gaps

(Jayachandran (2021)).
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APPENDIX A

BELIEFS, REPUTATION, AND BARRIERS TO ENTRY IN

ONLINE LABOR MARKETS

A.1 Figures and Tables

Figure A.1: Freelancer Profiles for Audit Study

Pakistan
Data Cleaning & Database Management

Expert

Pakistan
E-commerce Data Entry & Product

Listing Specialist

Pakistan
Accurate & Fast Typist | Data Entry &

Transcription
Rehire

Pakistan
Data Entry & Admin Support

B 0 completed jobs
® 0 total hours

® $0 earned

7 100% Job Success
4 completed jobs
© 0 total hours

® $60 earned

7 100% Job Success
& 4 completed jobs
® 0 total hours

® $50 earned

6 0 completed jobs
® 0 total hours

® $0 earned

@ 12 skills on their profile

Data Analysis
Data Scraping
Lead Generation

Data Entry

Online Research

Data Extraction

Microsoft Word

DataMining  +4

8 12 skills on their profile

Microsoft Word

Lead Generation

Customer Service

Data Extraction

Microsoft Excel

Data Mining

+6

& 12 skills on their profile

Data Analysis
Data Scraping
Data Extraction

Microsoft Word

Online Research

Customer Service

Lead Generation

+5

@ 12 skills on their profile

Lead Generation
Online Research
Microsoft Excel

Virtual Assistance

Data Analysis
List Building
Microsoft Word

+5

$40.00

Cover letter - Hi,I'm writing in response to your job post for Data
extraction for online reports. | have experience i this area and
would be glad to assist with compiling data with accuracy. |
understand the importance of accuracy and timely delivery, an..
View more

$40.00

Cover letter - Hi there, | saw your job titled Data extraction for
online reports and thought I'd reach out. I've worked a lot with
data extraction projects and would be happy to help you with
this job | have completed multiple data entry and research...
View more

$32.00

Cover letter - Dear Sir/Madam, | saw your post for Data
extraction for online reports. | believe | am the perfect candidate
to help you with data scraping and collection. | have worked on
arange of data entry and research projects on Upwork with..
View more

$32.00

Cover letter - Dear Sir/Madam, | came across your job for Data
extraction for online reports and would love to assist you with
extracting data from financial reports and entering them into
your Excel template. With a strong background in data entry an.
View more

Notes: This is a screenshot taken from the employer’s dashboard on the online free-
lancing platform. The original job post has a fixed budget of 40 USD. The applications
are sent by four freelancer profiles in the audit study. The top and the bottom ap-
plications are sent by inexperienced freelancers and the middle ones by experienced
freelancers.
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Figure A.2: Hiring Prospects and Completed Jobs

Panel A. Gap between Jobs (Days) Panel B. Log Earnings of Future Jobs
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Notes: The figures plot the average number of days between jobs (Panel A) and the log of
earnings from the subsequent job (Panel B) against the number of completed jobs. The job-
level data was collected for all active Pakistani workers specialized in data entry on the studied
platform by June 2024.
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Figure A.3: Distribution of Deviation in Proposed Wages
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Notes: This figure shows the distribution of deviation in proposed wages from

the job budget, measured in the application data.
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Figure A.4: Follow-up Task Performance

Panel A. Novices versus Veterans Panel B. Veteran Performance by Experience
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Notes: This figure describes follow-up task performance. Panel A plots the distribution of follow-
up performance scores for novices (n = 49) and veterans (n = 13). Performance score ranges
from 3 to 10, computed as the sum of quartile ranking in accuracy and speed, and a binary
variable in whether workers followed task instructions perfectly. Panel B plots the relationship
between log completed jobs and performance scores among veteran workers.
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Figure A.5: Actual versus Perceived Performance by Fach Dimension

Panel A. Accuracy

Panel B. Speed
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Notes: This figure shows the actual and perceived scores for accuracy, speed, and following
instructions, with the true scores on the x-axis and the perceived scores on the y-axis. The red
dotted line is the 45-degree line and the blue line shows the best linear fit. The marker size is
relative to the number of observations.
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Figure A.6: Distribution of Wage Bids Below Job Budget
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Notes: This figure shows the distribution of wage bids below the job budget,
measured in the application data. The dotted black line shows the median value
of the deviation and the solid red line represents wage undercutting by 20%,
which is what we proposed in the audit study.
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Figure A.7: Demand Response

Panel A. Employer View Panel B. Callback
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Notes: This figure plots mean employer views (Panel A) and callbacks (Panel B) by wage bid and
worker experience. The horizontal axis shows log(wage/budget), where 0 corresponds to bidding
at the posted budget and a1.50.223 corresponds to bidding at 80% of the budget. Vertical bars
denote 95% confidence intervals.
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Figure A.8: Distribution of Budget for Data Entry Jobs

.025
.02+
> .015+
®
j
[93
a
.01+
.005
N i 1 0 = @ D
T T T T T
0 100 200 300 400
Job Budget (USD)
——— Median ——— Job Budget from Freelancer Exp.

Notes: This figure shows the distribution of job budget from 703 data entry jobs
in the demand experiment. The red dotted line shows where the job budget for

the referred job falls in the freelancer experiment.
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Figure A.9: Treatment Effects on Worker Beliefs by Performance Dimension
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Perceived Score (Endline)

o,

@
O

210 O
—— EL Belief w/o Info
— EL Belief w/ Info
——— BL Belief
1 7(\) T T e T
1 2 3 4
True Score

Panel B. Speed

D

Perceived Score (Endline)

4(

w
T

N
g

Panel C. Follow Instruction

40

—— EL Belief w/o Info
— EL Belief w/ Info
——— BL Belief

T T T T

1 2 3
True Score

Perceived Score (Endline)

o

(¢]

—— EL Belief w/o Info
—— EL Belief w/ Info
——— BL Belief

2

3

True Score

Notes: This figure plots workers’ actual score for each performance dimension (accuracy, speed,
and following instruction) against their perceived score measured at the endline. The blue line
represents the best linear fit for workers without performance feedback and the red line for
workers with performance feedback. The dotted line shows the best linear fit of baseline perceived

performance against true performance.
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Figure A.10: Baseline and Endline Beliefs by Treatment
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Notes: This figure plots the share of workers who “dis-
agree” or “strongly disagree” with the statement in the
baseline survey: “If a new freelancer offers a lower
price, the client may think that their work is low qual-
ity.”; and those who “agree” or “strongly agree” with
the statement in the endline survey: “The employer
(of the referred job) will not judge my quality based
on my wage bids.” We report the 95% confidence in-
tervals and p-values from the Wald test.
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Panel A. This job opportunity seems
trustworthy.

Share of Freelancers Agree with Statement

Figure A.11: Treatment Effect on Worker Perceptions of Referred Job

Panel B. Competition may be strong.
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Notes: This figure reports the treatment effects on worker beliefs about the trustworthiness and
competition for the referred job. We report the 95% confidence intervals in both panels and
p-values from the Wald test.
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Figure A.12: Treatment Effect on Cover Letter Length
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Notes: This figure reports the effects of treatments on
the cover letter length by in-sample novices (N = 390)
who applied to the follow-up task. We report the 95%
confidence intervals and p-values from the Wald test
in both panels.
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Figure A.13: Treatment Effect on Follow-up Task Performance
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Notes: This figure reports the effects of undercutting and treatments on performance (score
between 3 and 10) by in-sample novices who completed the follow-up task. We report the 95%
confidence intervals and p-values from the Wald test in both panels.
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Table A.1: Job and Employer Characteristics

Median Mean Min Max N

Job Characteristics

Job Budget (USD) 50 112 7 8,000 743

Any Freelancer Hired 1.00 0.54 0.00 1.00 743

No. Freelancer Hired 1.00 0.73 0.00 14.00 743
Employer Characteristics

Employer Tenure (Month) 24 40 0 281 720

Employer from HICs 1.00 0.85 0.00 1.00 720

No. Jobs Posted 21 139 1 3,468 720

Employer Rating (Out of 5) 4.99 486 1.75 500 565

Notes: This table reports characteristics of jobs and employ-
ers in the analysis sample of the employer experiment. The first
panel shows job characteristics and hiring outcomes indicated on
the platform, at least two weeks after the initial job post. The
second panel shows employer characteristics. Employer Tenure
is measured by the gap between when the employer first joined
the platform and when the job was posted. Employer from HICs
indicates whether the employer is located in a high-income coun-
try, using World Bank country classifications by income level for
2024-2025. No. Jobs Posted refers to the total number of jobs
the employer has posted since joining the platform. Employer
Rating is a measure of reputation (from one to five) generated
by the platform based on rating by freelancers previously hired
by the employer. New employers without any hiring history do
not have a rating.
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Table A.2: Type of Callback Messages

Type Count  Share (%)
Request for additional info 32 22.53
Task instructions 30 21.13
Request for work samples 29 20.42
Confirm interest 21 14.79
Interview request 16 11.27
Other 13 9.15
Job offer 1 0.70

N 142

Notes: This table categorizes callback messages received during
the employer experiment. Shares are reported as percentages
of the total number of callbacks (N = 142). “Request for ad-
ditional information” refers to employers asking applicants to
provide details such as availability or relevant experience. “Task
instructions” refers to employers sharing details about the as-
signment. “Request for work samples” includes requests for past
work samples or for applicants to complete a sample task. “Con-
firm interest” refers to employers checking whether the freelancer
remains interested in the position. “Interview request” refers to
invitations to interview. “Other” includes messages that do not
fall into the preceding categories, such as a greeting. “Job offer”
refers to direct offers of employment for the posted position.
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Table A.3: Treatment Effects on Employer Responses

Client Viewed Contacted
Analysis Sample Full Sample Analysis Sample Full Sample
(1) 2 ®3) 4) (5) (6) () (8)
Novice (51) -0.050 -0.043 -0.061 -0.041 -0.018 -0.025 -0.021 -0.025
(0.011%%%)  (0.013***)  (0.015***)  (0.012***)  (0.008**)  (0.009***)  (0.010**)  (0.009***)
Undercut (82) 0.010 0.009 0.009 0.010 0.009 0.008 0.008 0.008
(0.010) (0.010) (0.009) (0.010) (0.007) (0.007) (0.006) (0.006)
Novice x Undercut (f3) 0.038 0.039 0.051 0.035 0.010 0.010 0.014 0.010
(0.015%%*) (0.015%*)  (0.017%**) (0.015%*) (0.011) (0.011) (0.012) (0.010)
Constant 0.095 0.082 0.114 0.080 0.053 0.050 0.057 0.049
Test: By + 83 =0 0.000 0.000 0.000 0.000 0.024 0.026 0.026 0.019
Linear Prob. X X X X X X
Logit X X
Job FE X X X X X X
Profile FE X X X X
No. Applications 2812 2812 2812 2972 2812 2812 2812 2972

Notes: This table reports treatment effects on employer views and callbacks by worker experience and wage
undercutting. Columns (1) and (5) present the baseline specification corresponding to Figure 1.3. Columns
(2) and (6) include freelancer profile fixed effects. Columns (3) and (7) report logit estimates. Columns (4)
and (8) extend the original analysis to the full sample with profile and job fixed effects. The omitted group
is veteran applicants without wage undercutting. We report p-values from the statistical test for S+ 3 =0
from all specifications. Standard errors are clustered at the job level. p < 0.10",p < 0.05",p < 0.01™**.
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Table A.4: Heterogeneous Treatment Effects on Employer Responses

Job Budget Employer Tenure HIC Employer No. Jobs Posted Employer Rating
< Median > Median < Median > Median =0 =1 < Median > Median < Median > Median
(1) 2 (3) (4) (5) (6) M ) ) (10)
Panel A: Employer View
Novice (1) -0.057 -0.043 -0.074 -0.023 -0.029 -0.052 -0.083 -0.014 -0.030 -0.073
(0.016%%*)  (0.016%**)  (0.018***)  (0.013%)  (0.036)  (0.012%**)  (0.018***) (0.014) (0.018) (0.017%*%)
Undercut (82) 0.006 0.013 0.003 0.014 0.000 0.010 0.006 0.011 0.015 -0.015
(0.014) (0.016) (0.016) (0.014) (0.024) (0.012) (0.016) (0.013) (0.017) (0.015)
Novice x Undercut (f3) 0.039 0.038 0.057 0.023 0.049 0.038 0.074 0.006 0.023 0.055
(0.020%) (0.023) (0.024**) (0.020) (0.043)  (0.017%%)  (0.024%*%) (0.020) (0.026) (0.024**)
Omitted Mean 0.099 0.092 0.116 0.075 0.137 0.088 0.122 0.069 0.098 0.099
No. Applications 1328 1484 1344 1392 408 2328 1344 1392 1064 1092
Panel B: Employer Contact
Novice (/1) -0.021 -0.016 -0.030 -0.003 0.000 -0.019 -0.030 -0.003 -0.011 -0.029
(0.012%) (0.011) (0.013**) (0.010) (0.024)  (0.009**) (0.012%*) (0.011) (0.016) (0.011%*)
Undercut (82) 0.018 0.000 0.006 0.014 0.000 0.012 0.009 0.011 0.011 0.015
(0.011) (0.008) (0.011) (0.008%)  (0.014) (0.007) (0.009) (0.010) (0.012) (0.010)
Novice x Undercut (83) -0.003 0.022 0.018 -0.003 0.029 0.003 0.021 -0.006 -0.004 0.004
(0.014) (0.016) (0.017) (0.014) (0.030) (0.012) (0.015) (0.016) (0.022) (0.012)
Omitted Mean 0.057 0.049 0.065 0.037 0.088 0.045 0.057 0.046 0.071 0.044
No. Applications 1328 1484 1344 1392 408 2328 1344 1392 1064 1092

Notes: This table examines the heterogeneity in employer’s response to wage undercutting by novice and
veteran freelancers. For Job Budget, Employer Tenure, No. Jobs Posted, and Employer Rating, we divide
the analysis sample by the median and for HIC' Employer, the analysis sample is split by whether the
employer is located in a high-income country, using World Bank country classifications by income level
for 2024-2025. Panel A reports the heterogeneous treatment effects on whether employers viewed the
application and Panel B on whether employers reached out to the applicant. All regressions control for job
fixed effects. The omitted group is applications by veteran workers without wage undercutting. Standard
errors are clustered at the job level. p < 0.10%,p < 0.05",p < 0.01***.
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Table A.5: Data Sources for Back-of-the-Envelope Calculation

Parameter Values Source

Bid 80% Bid Full

Contact Probability (p) 5.26% 3.41%  Demand Experiment
Initial Job Earnings (1) 50 40 Demand Experiment
Application Fee (cq) 1.35 1.35 Demand Experiment
Earning Growth by Completed Jobs - - Job History Data
Application Sent per Month 10 10 Freelancer Survey
Job Effort Cost (ce = w * h) 12.5 12.5 Freelancer Survey
Hourly reservation wage (w) 5 5 Freelancer Survey
Hours taken per task (h) 2.5 2.5 Freelancer Survey

Notes: This table reports the key parameters used in the back-of-the-envelope calculation of the
returns to wage undercutting, along with their data sources. The initial job earnings reflect the
original job budgets posted by employers before any wage discounting. These values differ across
bidding strategies because, in the demand experiment, jobs that responded to lower bids had a
higher median budget than those that responded to full-price bids. Earnings growth is computed
as a function of the number of completed jobs using the job history data, so no single value
is reported here. Application behavior and effort costs are drawn from the baseline freelancer
survey. The job effort cost equals the product of novices’ self-reported reservation wage and the
hours required to complete their first platform job.
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Table A.6: Balance Test for Freelancer Experiment

All Control Info Signal Info+Signal p-val
N 481 118 117 126 120
Mean Mean Mean 51 Mean B2 Mean B3
(SD) (SD) (SD) (p-val)  (SD) (p-val) (SD) (p-val)
Panel A: Personal Characteristics
Female 0.52 0.56 0.55 -0.01 0.47 -0.09 0.50 -0.06 0.45
(0.50) (0.50) (0.50)  (0.86)  (0.50) (0.16) (0.50) (0.36)
Age 28.76 29.16 28.55 -0.62 28.96 -0.19 28.35 -0.81 0.72
(5.98) (6.67) (5.87)  (0.45)  (5.65) (0.81) (5.74) (0.32)
Bachelor Degree or Above 0.83 0.79 0.85 0.06 0.83 0.04 0.85 0.06 0.59
(0.38) (0.41) (0.36)  (0.24)  (0.38) (0.46) (0.36) (0.21)
Employed Offline 0.52 0.52 0.58 0.06 0.50 -0.02 0.48 -0.03 0.44
(0.50) (0.50) (0.50)  (0.32)  (0.50) (0.80) (0.50) (0.61)
Full-Time Freelancer 0.36 0.35 0.35 0.00 0.33 -0.02 0.40 0.05 0.67
(0.48) (0.48) (0.48)  (0.95)  (0.47) (0.71) (0.49) (0.40)
Platform Tenure (Month) 19.65 22.25 17.50 -4.75 19.00 -3.28 19.87 -2.36 0.59
(25.70)  (34.46)  (19.90) (0.20) (24.62) (0.39) (21.51) (0.53)
Present on Other Platforms 0.44 0.47 0.40 -0.07 0.48 0.00 0.42 -0.06 0.52
(0.50) (0.50) (0.49)  (0.24)  (0.50) (0.98) (0.50) (0.38)
Has Earned from Other Platforms 0.18 0.20 0.20 -0.01 0.19 -0.01 0.14 -0.06 0.56
(0.39) (0.40) (0.40)  (0.89)  (0.39) (0.80) (0.35) (0.22)
High Type 0.50 0.47 0.53 0.06 0.49 0.02 0.49 0.02 0.86
(0.50) (0.50) (0.50)  (0.40)  (0.50) (0.79) (0.50) (0.79)
Panel B: Profile Characteristics
Number of Completed Jobs 0.13 0.13 0.14 0.01 0.09 -0.04 0.18 0.06 0.18
(0.35) (0.33) (0.35)  (0.80)  (0.28) (0.32) (0.41) (0.24)
Hourly Rate (USD) 7.91 7.71 7.89 0.19 7.93 0.22 8.10 0.39 0.95
(5.06) (4.59) (5.15)  (0.77)  (4.99) (0.72) (5.53) (0.56)
Low Income Country 0.09 0.09 0.09 -0.00 0.10 0.00 0.07 -0.03 0.80
(0.28) (0.29) (0.29)  (0.99)  (0.29) (0.97) (0.25) (0.44)
Lower-Middle Income Country 0.78 0.74 0.75 0.02 0.78 0.04 0.84 0.10 0.17
(0.42) (0.44) (0.43)  (0.79)  (0.42) (0.45) (0.37)  (0.04%*)
Upper-Middle Income Country 0.13 0.16 0.15 -0.01 0.13 -0.03 0.09 -0.07 0.32
(0.34) (0.37) (0.36)  (0.89)  (0.33) (0.45) (0.29) (0.11)
Fluent in English 0.97 0.95 0.95 0.00 0.99 0.04 0.97 0.03 0.07*
(0.18) (0.22) (0.22)  (0.99)  (0.09) (0.05%) (0.16) (0.30)
Portfolio 0.65 0.61 0.69 0.08 0.70 0.09 0.61 -0.00 0.28
(0.48) (0.49) (0.46)  (0.20)  (0.46) (0.16) (0.49) (0.97)
Certificate 0.43 0.41 0.41 -0.00 0.50 0.08 0.37 -0.04 0.27
(0.49) (0.49) (0.49)  (0.96)  (0.50) (0.20) (0.49) (0.52)
Verified Certificate 0.08 0.04 0.06 0.02 0.14 0.09 0.09 0.05 0.06*
(0.28) (0.20) (0.24)  (0.55)  (0.35)  (0.01%*%)  (0.29) (0.13)
Number of Skills 11.12 11.48 10.74 -0.73 11.28 -0.20 10.97 -0.51 0.43
(3.72) (3.65) (3.74)  (0.13)  (3.66) (0.66) (3.83) (0.29)
Employment History 0.95 0.97 0.97 0.01 0.95 -0.01 0.92 -0.05 0.23
(0.21) (0.18) (0.16)  (0.69)  (0.22) (0.58) (0.28) (0.11)

Notes: This table summarizes personal (panel A) and profile (panel B) characteristics of all
participants in the freelancer experiment. Personal characteristics are measured from the baseline
survey and the data entry task. Profile characteristics are public information collected from
freelancer profiles on the platform. We show means and standard deviations within treatment
arms as well as coefficients and p-values on the treatment indicators from the regression: Y; =

a+ B1Info; + B2Signal; + B3 (Info+Signal), + 1, +&;. The last column reports a joint test of mean

values across treatment groups. p < 0.10%,p < 0.05"*,p < 0.0

113

1***



Table A.7: Heterogeneity by Beliefs of Ability

Dependent Var: Abs(Actual-Perceive Performance Score) Confidence in Perceived Score
Wage Undercutting 1st Quartile 2nd Quartile 3rd Quartile 4th Quartile Decreased Increased
(1) 2) 3) 4) () (6)
Panel A: Feedback Only versus Control
Treated -0.500 -0.000 -0.004 0.016 -0.012 -0.056
(0.368) (0.000) (0.092) (0.064) (0.062) (0.057)
High-Type -0.444 0.050 -0.067 0.000 -0.010 -0.056
(0.373) (0.051) (0.067) (0.000) (0.063) (0.057)
Treated x High-Type 0.686 0.108 0.226 0.000 0.158 0.286
(0.382%) (0.101) (0.172) (0.000) (0.097) (0.135%%*)
Omitted Mean 0.500 0.000 0.067 0.037 0.069 0.056
No. Obs 51 45 46 46 142 46
Panel B: Employer Info Only versus Control
Treated 0.167 0.250 0.161 0.180 0.175 0.069
(0.100) (0.159) (0.115) (0.095%) (0.081%**) (0.135)
High-Type -0.444 0.050 -0.067 0.000 -0.010 -0.056
(0.370) (0.051) (0.067) (0.000) (0.063) (0.056)
Treated x High-Type 0.000 -0.133 -0.161 0.000 -0.048 0.112
(0.000) (0.185) (0.115) (0.000) (0.109) (0.181)
Omitted Mean 0.500 -0.000 0.067 0.037 0.069 0.056
No. Obs 47 55 46 50 151 47

Notes: This table examines the heterogeneity in treatment effects by workers’ accuracy of own ability
assessment and confidence in accuracy of their guess. Panel A reports the heterogeneous treatment effects
for feedback-only and control groups and Panel B on employer info-only and control groups. All regressions
control for round fixed effects. The omitted group is low-type workers in the control group. Standard errors
are clustered at the job level. p < 0.10",p < 0.05*,p < 0.01***.
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Table A.8: Heterogeneity by Beliefs of Employer Response

Dependent Var:

Employer Think

High-Type Should

Undercut Works Better

Wage Undercutting  Low Price=Low Quality Undercut for High-Type
Disagree Agree Disagree Agree Disagree Agree
(1) (2) (3) (4) (5) (6)
Panel A: Feedback Only versus Control
Treated -0.040 0.131 0.062 -0.069 0.007 -0.049
(0.081) (0.105) (0.073) (0.094) (0.076) (0.111)
High-Type 0.051 -0.091 0.050 -0.069 0.018 -0.071
(0.088) (0.080) (0.068) (0.094) (0.081) (0.100)
Treated x High-Type 0.262 -0.051 -0.041 0.373 0.102 0.309
(0.116**) (0.131) (0.096) (0.1317%%%) (0.108) (0.148%**)
Omitted Mean 0.040 0.091 0.000 0.111 0.034 0.111
No. Obs 110 78 84 104 109 79
Panel B: Employer Info Only versus Control
Treated 0.240 0.088 0.217 0.122 0.201 0.099
(0.099*%) (0.094) (0.088**) (0.098) (0.086**) (0.111)
High-Type 0.051 -0.091 0.050 -0.069 0.018 -0.071
(0.102) (0.099) (0.091) (0.104) (0.101) (0.105)
Treated x High-Type -0.170 0.130 -0.172 0.079 -0.078 0.075
(0.138) (0.136) (0.126) (0.140) (0.129) (0.159)
Omitted Mean 0.040 0.091 0.000 0.111 0.034 0.111
No. Obs 103 95 84 114 122 76

Notes: This table examines the heterogeneity in treatment effects by workers’ baseline beliefs about em-
ployer response. Panel A reports the heterogeneous treatment effects for feedback-only and control groups
and Panel B on employer info-only and control groups. All regressions control for round fixed effects. The
omitted group is low-type workers in the control group. Standard errors are clustered at the job level.
p < 0.10%,p < 0.05"",p < 0.01"**.
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A.2 Reputation Model with Belief Frictions

A.2.1 Setup

Consider a labor market with a unit mass of workers and employers. Workers, indexed
by %, live for two periods, while employers, indexed by j, live for one period. Workers
hired in the first period become veterans in the second period, while those in their
first period or not hired previously are referred to as movices. At the end of each
period, all employers and second-period workers exit the market and are replaced by

a new generation.

At the beginning of the period, each employer posts an identical job on the online
platform with an exogenous budget w;. The budget w; represents the maximum
amount the employer is willing to pay for an online freelancer, based on the cost of

hiring a local worker offline.

Workers differ in their innate ability 6; € {H, L} to execute the task. We assume
that workers know their own type upon entering the market. Workers decide whether
to apply to a job by submitting a wage bid w;; < w; or not applying at all. 1

If hired, the worker is paid wj;; otherwise, the worker receives the outside option

cog = {cm,cr}

Employers derive value vy = {vg, vy} from a worker’s output but cannot observe the

worker type prior to hiring. Instead, they observe proposed wages for all applicants

1. This is empirically supported: fewer than 3% freelancers in our application data proposed
wages higher than the budget.
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and public reviews r; for veteran workers. For veterans, employers infer their type
from their review history. For novices, employers form beliefs about their type based
on their proposed wages wj;: a novice is high type with probability v(w;;) and
low type with probability 1 — ~y(w;;). If all novices propose the same wage, or
if wages are uninformative about worker type, employers may screen candidates
through interview at costs s; and obtain additional quality cues A;;. The employer’s

objective is to maximize the expected return from hiring:
max{E [v;|r;, wi;, Aij % 1[screening]] — w;; — s; x 1[screening], v;}
(3

where U; is the employer’s outside option. Employers hire from the platform only if

expected returns exceed ;.

Once a task is completed, employers observe the output and leave a public rating
on the platform that reveals the worker’s type. Following a bad review, low-type
veterans will not receive repeated offers in the next period. High-type veterans, in
contrast, will be hired again at w; € {cy,vy}. The worker’s problem is therefore
to set wages in the novice period to maximize expected lifetime earnings on the

platform:

max(w;; — ¢;) + f(w; — ¢;) x 1[0; = H]

Wi 4

The timeline of events within each period is as follows:
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(i) A new generation of workers and employers joins the platform. Each employer

posts a job with budget w;.
(ii) Workers observe w; and decide whether to apply by proposing a wage w;;.

(iii) Employers observe the proposed wage w;;j and public reviews 7; if they exist,
and possibly incur s; to screen inexperienced candidates. They make at most

one offer to the candidate that generates the highest return.
(iv) Hired workers produce the output and their type is revealed.

(v) All employers and workers in their second period exit the market.

A.2.2  Market Equilibrium

We examine labor market outcomes under the three scenarios: (i) the benchmark case
as in Tirole (1988), (ii) novices having incomplete information about own ability, (iii)
novices believing that employers interpret low wage offers as signals for low quality
for novices. The experimental treatments are designed to shift employers and workers

across these scenarios.

Proposition 1. In the benchmark case, a perfect Bayesian equilibrium exists when
returns to reputation for high-types exceed the difference in outside option between
types: B(wj —cp) > cg — cr,. High-type novices propose wages below the job budget
at wyj = cr, < vy in period 1, while low-types propose w. Employers interpret

low wages as credible quality signals and hire all high-type novices and veterans in

118



equilibrium.

Proof. Even though employers cannot observe the type of novice workers prior to
hiring, high-type novices may distinguish themselves from low-type peers by propos-
ing lower wages in period 1 as an investment in their reputation to generate repeated
hiring on the platform. That is, high-type novices offer wages wp; to maximize their

lifetime earnings:

max py(wpj) = (wij — cp) + B(w) = cp)
Hj

The optimization is subject to the following constraints:

HL(wjf_[j) = (wj‘qj —cr) <0 Incentive Compatibility (IC)

HH(quj) = (wj{[j —cpg) + B(w; —cyg) > 0 Participation Constraint (IR)

High-type novices set wages equal to the low-type’s outside option to ensure that
at w?_[ i low-type novices will incur a loss in lifetime earnings, but not themselves.
Together, these two constraints imply that wage separation by types can be sustained
if for high-type novice workers, returns to reputation for high-type novices exceeds

the cost differential between types: §(w; — cy) > cg — cf,.

Consistent with this wage-setting strategy, employers can infer high quality from low
wages proposed by novices such that ~/ (wj;) < 0. No costly screening is required.

Hence, in equilibrium, employers hire all high-type novices at w7, j=CL and veterans.
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Proposition 2. When workers have limited information on own type, there is no
complete separation in proposed wages by unobserved type. Employers rely on costly
screening to distinguish among novice workers. In equilibrium, novices proposing
wi; < Nijvg + (1 — Njj)vr — s and high-type veterans are hired. Compared to the

benchmark case, fewer novices are employed and average output quality is lower.

Proof. Suppose neither workers nor employers know worker type upon entering the
market. Workers believe that they belong to the high type with probability u; and
the low type with probability 1 — ;. Once hired, they learn their true type by

observing public reviews.

Under imperfect information about their own types, novice workers propose wages

w;;j to maximize their expected lifetime earnings given their beliefs ju;:

max I(wij, 15) = wij — (e + (1= pi)er) + 8- wi(@; — cpr)
ij

In this case, proposing lower wages no longer signals true high ability but rather
reflects novice workers’ belief about being the high-type. Consequently, employers
no longer view proposed wages as credible signals of novices’ ability and therefore
incur costly screening to discern types through the additional signal A;;. Novice
workers may still be hired if they can compensate for the employer’s screening cost

by offering lower wages. That is

)‘ijUH + (1 — )\Z'j)UL — wij — Sj Z 0
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However, due to the additional screening costs, employers hire fewer novices in equi-

librium and average output quality is lower than the benchmark case.

Proposition 3. When employers interpret low wage offers by novices as signals of
low quality, labor demand is more responsive to undercutting by veterans than by
novices. If quality concerns dominate cost considerations in hiring decisions, novice
workers pool at the job budget w; < N\ijjvg + (1 — Njj)vr, — s; and high-type veterans
with w; € {cg,vg} are hired. Compared to the benchmark case, hiring novices

becomes more costly and fewer are employed.

Proof. Now suppose employers interpret higher proposed wages as signals of higher

quality, even in the absence of other credible signals: V(Wij) is Increasing in w;;.

Under this condition, demand for novices is less responsive to proposed wages than
demand for veterans. If workers offer lower wages, this reduces hiring costs for both
novices and veterans, but also reduces perceived returns for novices only. Whether
proposing lower wages improves novices’ hiring chances depends on the relative

strength of the cost and perceived quality channels.

When the cost channel dominates, high-type novice workers can still increase their
hiring probability by proposing lower wages as in the standard case. Once employers
hire novice workers who undercut and discover their type, they can update their

beliefs about (w;;) and thus, employers’ perception will be corrected over time.

When quality concerns dominate, novice workers avoid undercutting due to concerns
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about negative signals and propose wages equal to the job budget, w;; = w;. Without
variation in proposed wages, employers need to incur screening cost s; to obtain
additional quality cues A;;. Since novice workers with unknown type charge the
same as veteran workers in this case, employers will always prefer the experienced
ones. Nevertheless, novices may be hired if the expected returns can compensate for

employers’ screening costs. That is

)‘ijUH + (1 — )‘ij)vL — ”J)j =5 >0

As employers do not observe proposed wages below w;, they cannot update their
beliefs about ~(w;;) over time. In equilibrium, employers hire fewer novices and

average output quality is lower than the benchmark case.
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APPENDIX B

INTRA-HOUSEHOLD INCENTIVE DESIGN: AN
EXPERIMENT ON PARENT-CHILD DECISION MAKING
DYNAMICS IN PAKISTAN

B.1 Endline Results

Figure B.1: Reasons for Drop-out

Technical issue

Too busy -
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Notes: This figure shows the top reasons for program drop-out given by 113 students during
the endline survey. Technical issue means that students encountered some technical difficulties
when enrolling in the online course or submitting their assignment on the Coursera webpage.
Too busy means that students were pre-occupied with other responsibilities. No computer lab
access means that students couldn’t use computers at school to attend the course. Forgot to
enroll means that students forgot to attend the enrollment session or the training sessions at
school. Cannot follow course means that students found the course difficult to follow.
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Figure B.2: Endline Computer Scores

Panel A. Self-Assessment Test Panel B. Quiz
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Notes: This figure shows students’ computer skills measured at the endline. We conducted a
self-assessment test for 171 students who participated in the in-person endline. Panel A reports
average scores from the self-assessment test by program status. Not enrolled refers to students
from the baseline sample who did not have the parental consent and those who had the consent
but did not enroll (N = 86). Enrolled, not completed refers to students who started the course
but did not complete after 6 weeks (N = 26). Completed refers to students who completed the
course in time (N = 59). Panel B reports average scores from a short quiz conducted for all
291 students who participated in the endline in person or over phone. Among 291 students, 164
never enrolled in the program, 43 enrolled but did not complete, and 84 completed the program.
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Figure B.3: Essential vs non-essential digital skills at endline
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Notes: This figure shows differences in self-reported digital literacy skills by 171 students during
the endline survey. Responses are converted to standard deviations, within each treatment arm,
relative to the students who never enrolled in the training. Triangles represent essential digital
skills that are absolutely required for any type of white collar work. Circles represent intermediate
or more niche digital skills that may not be necessary for every type of white collar job. Students
report their level of confidence from 1 to 5. 1 is “I have never done this before". 2 is “I could
do this with help". 3 is “I can do this alone, but might make some mistakes". 4 is “I can do
this alone with confidence". 5 is “I can teach others to do this task". From Appendix Table B.1,
essential skills are categorized as “Cut and paste text within a document", “Change font size,
style, and color", “Create bulleted or numbered lists", “Create a new spreadsheet", “Use math
functions such as sum and mean", “Open and print an email attachment", “Use cc and bcc to
manage email recipients", “Use Calendar to assist in time management", “Use a search engine like
google", “Save a file and locate that file", “Search and find a missing file", “Create new folders",
correctly choosing a browser from the list, and correctly identifying a computer folder. All other
tasks from the computer test and Appendix Table B.1 are deemed intermediate digital skills.
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Table B.1: Self-Reported ability to complete computer tasks

Not comfortable with this task = 1

Not Enrolled Enrolled, Completed
Not Completed
(1) (2) (3)
Word Processing
Cut and paste text within a document 47.67 30.77 22.03
Change font size, style, and color 46.51 34.62 22.03
Create bulleted or numbered lists 55.81 42.31 37.29
Create a hyperlink 83.72 76.92 69.49
Excel Spreadsheets
Create a new spreadsheet 59.30 53.85 42.37
Use math functions such as sum and mean 53.49 38.46 35.59
Create a graph and adjust the properties 60.47 65.38 52.54
Email
Open and print an email attachment 54.65 46.15 37.29
Use cc and bee to manage email recipients 87.21 76.92 79.66
Use Calendar to assist in time management 55.81 50.00 50.85
Internet
Use a search engine like google 36.05 30.77 28.81
Create a blog 76.74 61.54 67.80
Create a website 82.56 76.92 81.36
Insert an audio file, image, video, and podcast onto a website 69.77 53.85 49.15
File Management
Save a file and locate that file 55.81 38.46 32.20
Search and find a missing file 52.33 34.62 35.59
Create new folders 38.37 30.77 20.34
Media Files
Create and edit an audio recording 36.05 38.46 32.20
Create and edit a video recording 37.21 38.46 28.81
Upload and download a video from a website 29.07 46.15 20.34
Observations 86 26 59

Notes: This table reports people self-reported ability to complete various computer tasks. The self-reported
measures were collected through the in-person endline survey of 171 students. The original measure was on
a scale of 1 to 5. 1 means I have never done this before, 2 I could do this with help, 3 I can do this alone,
but might make some mistakes, 4 I can do this alone with confidence, and 5 I can teach others to do this
task. A dummy variable was generated which would take the value of 1 if the original scale was less than

4. A lower number is interpreted as having more digital skills.
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Table B.2: Attrition by program choice

Program Choice Baseline Enrolled  Completed peIrI;on
endline
(1) (2) (3) (4)
Better business writing in English 97 39 28 32
Fundamentals of graphic design 175 66 36 62
Foundations of digital marketing & e-commerce 85 38 22 28
Intuit bookkeeping 7 2 2 2
Work smarter with Microsoft excel 90 34 24 32
How to create a website 35 17 7 15
Total 489 196 119 171

Notes: This table reports the number of students at each stage of the study by program choice.

127



B.2 Non-reponses from parents

B.2.1 Attrition on the parents survey

One of the main objectives of our experiment design was to look for evidence against
efficient bargaining between parents and daughters. Tests against efficiency depend
on both differences in parental consent and girls’ drop-out. To properly measure both
of these outcomes, we can only consider households where we have both a completed
parent’s survey, as we are only able to request parental permission from parents who

complete the parent survey.

While it is possible to interpret all parents who did not complete the parents survey
as refusing consent, it is impossible to interpret the daughters drop-out decision
under parent survey attrition. Girls cannot drop out if their parents have never been
texted. We proceed by showing that there is little evidence of selective attrition on

the parents survey.

Argument 1: We find very little attrition as a whole, meaning any differences across

group may be subject to finite sample bias.

First, we have high completion rates on the parents survey. Figure 2.2 shows that
416 parents completed the parent survey, of the 488 girls who completed baseline
and were still interested in the training after hearing about their contract. That is a

completion rate of 85% on an un-incentivized phone survey.

We should be extremely hesitant in interpreting differential attrition by contract
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group due to small sample bias as there are only 72 households who did not complete
the parents survey and there are 6 contract groups. Appendix Table B.3 shows that of
the number of households who did not complete the parents survey per group ranges
from 5 to 20. Only 20 households have parents answer the phone and explicitly refuse
the survey. Refusals by contract group range from 2 to 7 households. We do not

observe any pattern of refusals by contract groups.

Table B.3: Reason for non-response on parents survey

Partial information Full information

0%  50%  100% 0%  50%  100%
(1) (2) (3) (4) () (6)

Refused 2 5 2 2 2 7
No answer 2 6 7 5 10 11
Other 1 1 2 3 3 2
Total 5 12 11 10 15 20

Notes: This table shows parents’ reasons for non-response on the phone
survey by information treatment (partial or full) and payment targeted to
parents (0%, 50%, or 100% of total incentive). The total sample size is 72.

Argument 2: Despite the small sample, we find no interpretable patterns in the

data suggesting selective attrition.

We do not have parent surveys on 52 households because (1) phone numbers were
disconnected or incorrect or (2) no one answered the phone after 5 attempts. While
it is possible that girls gave us incorrect phone numbers, we find it unlikely, as it
is common within Pakistan to use prepaid SIM cards which expire, meaning that

parent phone numbers are subject to change.
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We may be worried that households who did not answer the phone after 5 attempts
effectively refused the survey. This would be the case if refusal was correlated with
number of attempts. While we may have small-sample bias within refusals, Appendix

Figure B.4 shows no clear pattern between refusals and number of call attempts.

Figure B.4: No relationship between probability of refusal and number of

attempts
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Notes: This figure shows correlation between the number of call
attempts and the number of refusals (N = 20).

B.2.2  Non-response on permission texts

Our results on parental consent for daughters to participate in the skills training
takes the entire set of parents who were texted. This is all 416 parents. We consider
only responses of parents who texted back saying “Yes" as having given consent. We
count parents who texted back saying “No" or parents who did not text us back

within 2 days as having not given permission.
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We feel strongly that parents who did not text us back were not interested in the
program. First, all parents were texted on the same phone number where they
willingly completed an un-incentivized phone survey with an enumerator. They were
explicitly told to expect a text from us and given instructions on the requirements
to respond within 2 days. Parents who did not receive a text could have tried calling
back the enumerators to communicate with the research team that they did not

receive a text.

Second, we randomly conducted a back-check survey of households who completed
the parents survey and did not text us back. This was to confirm that our enumer-
ators were actually completing the calls, and our messages were not being automat-
ically filtered. Appendix Table B.2 B.4 shows that of the 67 households audited,
only 1 parent did not recall receiving a call. Of the parents audited, 64% recall
receiving our text message. Of the households who did not receive our text, we see

no difference by contract group.

Table B.4: Reason for non-response on permission texts

Partial information Full information
0% 50% 100% 0% 50% 100%
(1) (2) (3) (4) (5) (6)
Did not receive call 0 1 0 0 0 0
4

Did not receive text

Notes: This table shows parents’ reasons for non-response on permission texts by
information treatment (partial or full) and payment targeted to parents (0%, 50%, or
100% of total incentive).
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B.3 Alternate specifications

Table B.5: All statistical tests, mapped to models of the household.

A. Unitary household

H1: Household completion is the same across 6 or sP.
Joint test across all 6 groups, which makes no assumptions on collective household model.
(1) yp, = Bo + B1{50, Partial}y, + B2{50, Partial}; + B3{0, Full}; + 84{50, Full}; + 85{100, Full};, + ¢,

Hy:B81=..=085=0 underpowered
H, : violation of one equality

Classic test of income pooling under information asymmetry*.

(2) yp, = do + 01{100, Partial}y, + ¢, if {0, Partial} or {100, Partial} =1
Hy:61=0 powered
Hy:01#0

Test of information symmetry**

(3) yp, = no + m{Pooled, Full}, + ¢, if {0, Partial} or {sP, Full} =1

Hy:m =0 marginal
Hy:m #0

B. Efficient collective household

H2: Under full information, parental consent does not vary with s.

(4) yp = Bo + B1{50, Partial}y, + F2{50, Partial};, + 53{0, Full};, + £4{50, Full}; + B5{100, Full}; + ¢
Hy:pB3=pP1=055 underpowered

H, : violation of one equality

H3: Under full information, the girl’s decision to drop-out does not vary with sP.
(5) yqg = Bo + 1150, Partial}y, + B2{50, Partial}, + 53{0, Full}, + 84{50, Full};, + 85{100, Full};, + ¢4
Hy: 03 =084=p05 underpowered
Hy, : violation of one equality

H4: Under full information, household completion does not vary with sP.
(6) yp, = Bo + B1{50, Partial}, + B2{50, Partial}, + 83{0, Full};, + 84{50, Full};, + 85{100, Full}}, + ¢},

Hy: B3 =P4=ps5 underpowered
H, : violation of one equality

Notes: *See Section 2.2, Remark 3 for discussion around the efficient collective household model and why
we must evaluate the unitary model under information asymmetry. **See Section 2.2 Subsection 2.2.2 for
discussion of why under the efficient collective household, we want to pool all treatment groups with full
information.
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Table B.6: Unitary household tests, robust to covariates

Dependent variable: Completed (=1)
Sample: Full Sample Parent Surveyed
(1) (2) @) (4)
50%, Partial (51) 0.099 0.10 0.13* 0.12
[0.065]  [0.071]  [0.073] [0.079]
100%, Partial (82) 0.15** 0.16** 0.18** 0.18**
[0.066]  [0.067]  [0.072] [0.073]
0%, Full (83) 0.084 0.10 0.1 0.12*
[0.065]  [0.064]  [0.072] [0.071]
50%, Full (B4) 0.072 0.081 0.12 0.13
[0.067]  [0.069]  [0.079] [0.082]
100%, Full (Bs) 0.075 0.073 0.13* 0.11

[0.062] [0.067] [0.071]  [0.077]

p-values: Appendix Table B.5
(1) Joint test

Boostrap 0.35 0.27 0.20 0.23
Fisher’s exact 0.37 0.78 0.21 0.31
(2) Income pooling

Boostrap 0.02 0.01 0.01 0.01
Fisher’s exact 0.03 0.02 0.01 0.01
(3) Full information

Boostrap 0.14 0.14 0.04 0.06
Fisher’s exact 0.14 0.13 0.04 0.05
Strata FE X X
Baseline covariates X X
Control mean 0.16 0.16 0.16 0.16
Households (N) 489 489 416 416

Notes: This table shows the effect of payment targeting and information symmetry on household
completion in the full analysis sample (N = 489) and the parent survey sample (N = 416).
Columns (1) and (2) report results from Regression 1 of Appendix Table B.5. Columns (2) and
(4) include strata fixed effects and baseline covariates for whether the student is in high school,
in the last year of school, household size, working status of the father and mother, high school
graduation status of the father and mother, if there is a computer at home, if the student has
their own cell phone, and if the student plans to work. The second panel reports p-values from a
joint test of null effect across all treatment groups, the income pooling test, and the information
symmetry test from panel A of Appendix Table B.5. Bootstrap results are generated from 10,000
draws. Fisher’s exact p-values are generated from 10,000 re-randomized treatment groups with
stratification.
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Table B.7: Efficient collective household, robust to covariates

Dependent variable: Completed (=1) Parent consented (=1)  Girl’s drop-out (=1)
Sample: Parent Surveyed Parent Consented
(1) (2) (3) (4) (5) (6)
50%, Partial (1) 0.13* 0.12 0.080 0.086 -0.12 -0.090
[0.073] [0.079] [0.077] [0.079] [0.093] [0.100]
100%, Partial (2) 0.18** 0.18** 0.072 0.086 -0.22%* -0.20%*
[0.072] [0.073] [0.076] [0.078] [0.092] [0.094]
0%, Full (83) 0.11 0.12* 0.090 0.12 -0.11 -0.10
[0.072] [0.071] [0.076] [0.078] [0.093] [0.091]
50%, Full (53,) 0.12 0.13 0.053 0.067 -0.15 -0.15
[0.079] [0.082] [0.084] [0.089] [0.10] [0.10]
100%, Full (535) 0.13* 0.11 0.083 0.086 -0.14 -0.12
[0.071] [0.077] [0.077] [0.078] [0.092] [0.098]
p-values: B3 = P4 = P5
Bootstrap 0.96 0.96 0.89 0.82 0.90 0.88
Fisher’s exact 0.96 0.95 0.88 0.82 0.91 0.87
Strata FE X X X
Baseline covariates X X X
Control mean 0.16 0.16 0.69 0.69 0.75 0.75
Households (N) 416 416 416 416 313 313

Notes: This table shows the effect of payment targeting and information symmetry on household completion
and parental consent in the parent survey sample (N = 416) as well as girls’ drop-out in the parental consent
sample (N = 313). Columns (1), (3), and (5) report results from Regressions 4, 5, and 6 of Appendix Table
B.5, respectively. Columns (2), (4), and (6) include strata fixed effects and baseline covariates for whether
the student is in high school, in the last year of school, household size, working status of the father and
mother, high school graduation status of the father and mother, if there is a computer at home, if the student
has their own cell phone, and if the student plans to work. Bootstrapped standard errors in parentheses.
The second panel reports p-values from a joint test of equality in the full information group, derived from
Panel B of Appendix Table B.5. Bootstrap results are generated from 10,000 draws. Fisher’s exact p-values
are generated from 10,000 re-randomized treatment groups with stratification.
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B.4 Null effect under full information

Figure B.5: Boostrapped distribution of group means under full information

Panel A. Household completion (N=416)
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Panel C. Girls’ drop-out (N=313)
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Notes: We generate distributions of the probability of household completion, parental consent,
and girls’ drop-out using 10,000 bootstrapped draws. The regression specification is Regression
(1) from Appendix Table B.5 and includes stratum fixed effects and baseline covariates for
whether the student is in high school, in the last year of school, household size, working status
of the father and mother, high school graduation status of the father and mother, if there is a
computer at home, if the student has their own cell phone, and if the student plans to work.
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Table B.8: Effect sizes of inefficiencies under the collective household

Paper Evaluation Ineﬂi.(nency
size
Udry (1996) Husband /Wife 6%
Choukhmane et al. (2023) Husband /Wife 24%
Lowe and McKelway (2024) Husband /Wife 50%
Schaner (2015) Husband /Wife 52%
Bursztyn and Coffman (2012)  Parent/Child 6%
Bergman (2021) Parent/Child 25%
Baird et al. (2011) Parent /Child 43%

de Walque and Valente (2023)  Parent/Child 54-75%

Notes: This table reports quantified effect sizes of household inefficiency in relevant economics
papers. This list is by no means exhaustive.
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B.5 Alternative Models

B.5.1 Collective Household Model with Parental Nudging

Following the timeline of household bargaining in Section 2.2, 2.2.2, 2.2.2, after
parents give consent, they can nudge daughters to complete the program so that
the household receives the 3,000 PKR. We assume that it is cost-less for parents to
nudge daughters and they exert more influence on daughtersaAZ actions when the
public return (0(s — sP) + sP) is higher. By completing the program, daughters get
indirect utility v from complying to parents and v is scaled by a function of the
public return, denoted by 7(6(s—sP)+sP). Under full information, the total indirect
utility T(s)vd does not vary by sP. Under partial information, the indirect utility

7(0(s — sP) 4+ sP)v? is increasing in sP.
We rewrite Equation 2.2 of the girl’s decision function for program completion to
include the indirect utility term.

¢ {u? +7(0(s — sP) + )+ (1= 0)(s — ) + (1 — A)(0(s — sP) + sP) > ¢}

completes

(B.1)

We generate a new upper bound on payment sharing by isolating A from Equation

B.1.

ul +7(0(s — sP) + Pt + 5 — ¢

A< 0(s — sP) + sP
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We combine Ay, of Equation 2.3 from the parent’s problem and )\; p of Equation B.2
from the daughter’s problem to generate the new support of A that will incentivize
the household to complete the program.

u +uP +7(0(s — sP) + ) + 5 — (¢ + )
0(s — sP) + sP

Under partial information (6 € [0, 1]), the effect of incentive allocation s” on com-
pletion is ambiguous because both the numerator and the denominator in Equation
B.3 are increasing in sP. When a greater amount of payment is assigned to parents,
they exert a stronger influence on daughtersaiAZ actions to ensure the household
can attain the reward. Consequently, daughters gain indirect utility by completing
the program but lose own monetary incentive to finish it. Our experimental results
imply that the positive effect of parental nudging dominates the negative effect of

daughters losing incentive for completion.

Under full information (6 = 1), this model with parental nudging generates the same

predictions as the original model.

This adjusted model fits our experimental results on household completion very well,
however, we are unable to directly test hypotheses on girls’ drop-out decisions under
partial information in our data because we only observe their decisions conditional

on parental consent. See Remark 1 of Section 2.2.
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B.5.2  Transfer Frictions

We consider an alternative model with frictions on the ability to split the stipend
according to the sharing rule. Suppose that &d, aP € [0, 1] represent daughters’ and
parents’ beliefs about the other agent’s credibility of complying to the sharing rule
ex-post. Recall that in the friction-less environment, s + (s — sP) is the public
return that daughters and parents negotiate on. Given ad, aP , the available amount
for negotiation from parents’ perspective is sP + Gad(s — sP) and that for daughters
is aPsP + 0(s — sP). Hence, the new parents’ problem is as follows.

p
I consent {

uP + A(Bal(s — P) + sP) > P}

Rearranging inside the indicator function:

PP
A > =A
fad(s — sP) + sP b

Holding 6 constant, the lower-bound is decreasing in sP. Hence, this model predicts
that in the full information group, parental consent should be increasing in s”. Since
girls” drop-out decisions and completion are conditional on parental consent which

varies with sP, we cannot derive direct test for these two outcomes using our data.

Our results find no difference in parental consent in the full information groups and

hence we reject the model with parental beliefs on transfer frictions.
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