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Abstract

This paper examines how self-selection shapes the applicant pool for part-time work
and affects labor productivity. In a recruitment drive for female data entry workers
in Ethiopia, we implemented a field experiment that randomly offers either a part-
or full-time job opportunity. We develop a theoretical model demonstrating how
an individual’s abilities and working hour preferences affect job application deci-
sions, which in turn determine the ability of part- and full-time applicant pools.
Consistent with the model, we find that offering part-time employment opportu-
nities attracts less able applicants, who exhibit lower productivity as measured by
data entry speed and accuracy during an internship. These differences are more
pronounced for hireable candidates—applicants who show greater productivity in
the internship. (JEL J24, O15, M51)
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1 Introduction

A growing fraction of the workforce is being employed under alternative work arrange-

ments (Mas and Pallais (2017); Abraham et al. (2018); and Katz and Krueger (2019)).

An important feature of these arrangements is the flexibility offered to workers between

work and non-market activities. These trends in the labor market raise the question of

whether the alternative arrangements attract different types of workers, and if so, how

this self-selection affects the productivity of the workforce.

In this paper, we study the selection effects of part-time employment on productiv-

ity.1 While existing research finds considerable wage penalties associated with part-time

employment and attributes them in part to a productivity difference due to self-selection

(e.g., Blank (1990); Ermisch and Wright (1993); Aaronson and French (2004); and Man-

ning and Petrongolo (2008)),2 there is no direct evidence on whether and how this se-

lection works. We provide the first experimental evidence on the selection effects of

part-time work on employee ability and ultimately productivity.

We use a randomized experiment in a real world setting to estimate the effect of offer-

ing part-time employment on the ability and productivity of the applicant pool and hired

workers. We collaborate with Africa Future Foundation, a nongovernmental organization

in Ethiopia, in its large-scale search for data entry clerks. We provide opportunities to

apply for either a part- or full-time data entry clerk position to women with a secondary

school diploma. The otherwise identical part- and full-time jobs require the employee to

work, respectively, four and eight hours per day five days a week. Our experiment focuses

on women because the flexibility between labor market and non-market activities is likely

most relevant for them (e.g., Blank (1990); Wiswall and Zafar (2016)). The job offered

is considered high-stakes to the potential applicants in the study areas with low formal

sector employment rates.

1Part-time work is particularly common among women—it accounts for about a quarter of women’s
employment both in developed and developing countries (Census Bureau (2018); OECD (2020); and IDB
(2008)).

2This line of research shows a wage penalty of about one-fifth to one-quarter of full-time wages. A
related literature finds positive relations between working hours and wages (Rosen (1976); Moffitt (1984);
and Simpson (1986)).
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We first implement a district census of 20,595 households to collect information on

individual and household characteristics and to advertise the job opportunities to 6,295

eligible women. 333 applicants completed the job aptitude tests and a survey measuring

the job applicants’ abilities related to data entry work, preferences regarding work hours

and family, and sociodemographic conditions. We find that the part-time applicants are

less able as measured by data entry test score, clerical ability, and manual dexterity, and

are less likely to work in the formal sector. Differences in these skill measures are more

pronounced among “hireable” applicants—those who demonstrated greater productivity

during an initial internship period.

The applicants are then invited to an internship program for three weeks, during which

we measured each applicant’s productivity using accuracy-adjusted data entry speed. Fo-

cusing on the hireable internship participants (i.e., those with high productivity), we find

that productivity of those recruited through the part-time work is lower by 0.46 standard

deviations than that of those recruited through the full-time work. This productivity

gap exists from the first day and persists throughout the training. These findings are

consistent with self-selection on intrinsic characteristics (especially ability) rather than

different effort levels during the internship driving the productivity gap. We show that

this gap is largely explained by the ex-ante ability measures but not by other individual

characteristics.

To illustrate the mechanism of how offering a part- versus full-time job affects the

ability of the applicant pool, we build a simple theoretical model in which individuals

decide whether to apply for otherwise identical part- and full-time jobs, given their ability

and preference for short work hours: Holding preference for short work hours fixed, the

greater an individual’s ability, the less likely she is to apply for either job due to higher

outside options; and holding ability fixed, the greater an individual’s preference for short

work hours, the more (less) likely she is to apply for the part-time (full-time) job. The

model then shows that the average ability of the part-time applicant pool is lower than

that of the full-time applicant pool, when individuals who both strongly prefer short work

hours and have high ability are relatively rare. Intuitively, when there is a lack of high-
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ability individuals with strong preference for short work hours, the part-time applicant

pool does not get the same boost in ability that the full-time applicant pool gets from

the high-ability individuals with weak preference for short work hours.

We verify the assumption that individuals with high ability and strong preference for

short work hours are relatively rare in our own census data and representative samples

of individuals across countries. A plausible reason for this pattern is that preference for

short work hours is due to non-market responsibilities such as child-rearing (e.g., Manning

and Petrongolo (2005)), which make acquiring ability and outside options difficult (e.g.,

Jones and Long (1979)).

This paper relates to a line of research that studies individuals’ selections into jobs

based on job attributes, ability, and preferences.3 Dohmen and Falk (2011) and Deser-

ranno (2019) use controlled experiments to show how worker self-selection leads financial

incentives (such as piece rates) to attract workers with different productivity and proso-

ciality. Dal Bó, Finan, and Rossi (2013) and Ashraf et al. (2020) study how offering

high wages and emphasizing the career aspect of public servant jobs affect the quality of

applicant pools in terms of both ability and proclivity for public service in field experi-

ments.4 Our paper is the first to provide experimental estimates of the selection effect of

offering part-time employment on the quality of applicant pools and productivity of the

workforce.

More broadly, the results in our paper have implications for the selection effect of

alternative work arrangements that provide flexibility in scheduling the worker’s labor

market and non-market activities. In particular, to the extent that alternative arrange-

ments attract workers who have high valuation of flexible work (and non-work) hours

(e.g., Mas and Pallais (2017); and Mas and Pallais (2020)) and those workers rarely have

high ability in the population, our results imply that the average recruited workers would

be less able than those recruited through more traditional arrangements.

3See Roy (1951) and Borjas (1984) for classical contributions to this literature.
4A related literature shows how financial incentives affect labor productivity through an incentive

effect (e.g., Lazear (2000); Shearer (2004); and Guiteras and Jack (2018)). A recent paper by Kim, Kim,
and Kim (2020) attempts to disentangle the selection and incentive effects of financial and non-financial
incentives on productivity.
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In addition, our finding that part-time work attracts on average less able workers

shows that the wage penalty associated with part-time employment is in part due to

differences in the underlying productivity of workers. While previous research consistently

finds significant wage penalties in the cross-section of workers across countries and time

(Blank (1990); Ermisch and Wright (1993); Aaronson and French (2004); Manning and

Petrongolo (2008)), no research we are aware of shows direct evidence that workers’

self-selection explains this wage gap.5

2 Study Setting

We conducted our study in the Holeta and Ejerie areas of Ethiopia. Ethiopia is one of

the least developed countries in the world, with GDP per capita of US$936 in 2020 (World

Bank 2021). Only 4 percent of women and 5 percent of men have completed secondary

school or gone beyond secondary school, according to the 2016 Ethiopia Demographic

and Health Survey (CSA and ICF 2016). The labor force participation rate for women

is relatively high: 87 percent of women aged 15 or above are employed, according to the

World Bank.6

Holeta is an urban town of approximately 28,000 people located about 31 miles west of

the capital, Addis Ababa. Ejerie is a mostly rural district near Holeta with a population

of approximately 59,000. The level of education is relatively high in these areas, with

60 percent and 38 percent of women holding high school diplomas in Holeta and Ejerie,

respectively. The literacy rate is 70 percent in Holeta and 43 percent in Ejerie.

In the study areas, the data entry clerk position offers an attractive opportunity for

women as one of the few formal sector jobs available. Data entry involves reading infor-

mation from documents and entering it as a data field on a computer. The job requires

5Papers examining the effect of part-time work on productivity present mixed evidence largely rely-
ing on observational data. For example, Künn-Nelen, De Grip, and Fouarge (2013) find that employing
part-time workers could increase productivity by allowing firms to allocate their workforce more effi-
ciently. Garnero, Kampelmann, and Rycx (2014) find that women working part-time are as productive
as those working full-time. In contrast, Specchia and Vandenberghe (2013) and Devicienti, Grinza, and
Vannoni (2015) find a negative relationship between the fraction of part-time employees and firm-level
productivity.

6http://datatopics.worldbank.org/gender/country/ethiopia, accessed on July 30, 2019.
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basic computer skills, clerical ability to read a paper survey and input the information on

a computer, fine motor skills to control hands and fingers, and perseverance to perform

tedious work. Outside options for data entry clerks include household farming and other

formal sector jobs. At the time of the baseline survey for job applicants, 13.2 percent of

applicants were working for their family and 19.5 percent were working for pay in formal

sectors.

3 Experimental Design

Africa Future Foundation (AFF) established its data entry unit with plans to hire

women as data entry clerks from the catchment areas. In May–June 2016, AFF con-

ducted a census of Holeta and Ejerie gathering information on 20,595 households. Dur-

ing the census, job flyers with a job description, working conditions, and expected pay

were distributed to 6,295 resident women with a secondary school diploma. 71 village

groups—clusters of several villages— were randomly assigned into 35 part-time and 36

full-time groups and job flyers were distributed accordingly.7 These village groups in-

cluded 234 villages in our sample.

Figure A1 shows job flyers for the part-time (Panel A) and full-time (Panel B) posi-

tions. Applicants are required to submit a résumé and a copy of their secondary school

graduation exam report at the AFF office located in the Holeta city center. The part-time

(full-time) job requires four (eight) hours of work per day. The monthly pay offered ranges

from 1,000 to 1,250 (2,000 to 2,500) Ethiopian Birrs for part-time (full-time) employees

with the variation depending on their performance. The pay offered is in line with pay at

other data entry firms in Ethiopia.8 It is worth noting that there is no wage discount for

7The experimental design and the outcome variables considered in this
study are pre-specified in the pre-analysis plan at the AEA RCT Registry:
https://www.socialscienceregistry.org/trials/1829/history/12246. The original study design included 81
village groups. However, because of security concerns, 10 village groups in Ejerie were excluded from
the study sample. The original design also included long-term employment and further randomization
at the data entry unit. However, because AFF had to evacuate from the study area due to political
turmoils, during which more than 500 people are estimated to have been killed, it was not able to
proceed as planned. See https://www.theguardian.com/world/2016/oct/02/ethiopia-many-dead-anti-
government-protest-religious-festival.

8According to the authors’ market survey in 2016, a typical data entry firm in Ethiopia paid the
average full-time worker a baseline wage of 80 Ethiopian Birrs (ETBs) per day (or 1,600 ETBs per
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the part-time job offered. Therefore, the difference in ability and productivity between

part- and full-time applicants observed in our setting is likely a lower bound estimate,

relative to a setting with a part-time wage discount.9

One advantage of our recruitment strategy is that we observe the entire population of

potential job applicants through the census of the catchment areas. Our approach allows

us to characterize the distribution of potential applicants along key dimensions such

as socioeconomic (e.g., ability) and family characteristics, which could be important to

understanding how the self-selection to part-time work operates. This approach contrasts

with existing studies, which typically observe actual (i.e., ex-post) job applicants only.

We find that those who are not married, have less children, and do not currently have

a job are more likely to apply for the position (see Table A1). These results imply that

family status and outside option are important determinants of the employment decisions

and plausibly of the decision to work part- and full-time, as our model shows below.

Table 1 shows the stages in our experiment and the number of individuals who joined

in each stage. We first identified 6,295 eligible women through the census and distributed

part- and full-time job flyers to 3,202 and 3,093 women according to our randomization

at the village group level from May through July 2016. Among the eligible women, 230

(7.2 percent) and 226 (7.3 percent) in the part- and full-time village groups submitted

applications and supporting documents within the following month. Those who applied

for the job (referred to as “job applicants” hereafter) were asked to join baseline job survey

and aptitude tests at the AFF office in Holeta in December 2016. 162 (5.1 percent) and

171 (5.5 percent) job applicants in the part- and full-time village groups completed the job

survey and aptitude tests (referred to as “job survey participants” hereafter). Last, AFF

invited all job survey participants to an internship program, to which 61 (1.9 percent) in

the part-time group and 61 (2.0 percent) in the full-time group participated (referred to

month) plus two ETBs per additional accurate entry over 30 entries per day as an incentive. 100 ETBs
are approximately US$3 as of the timing of the experiment.

9Fixed costs of employment could explain part of the wage penalty (e.g., Rosen (1976)). Compensating
differentials frameworks (e.g., Rosen (1986)) suggest that to the extent that flexibility in scheduling
provided by part-time work is valuable to workers, the part-time job could offer lower wages conditional
on productivity.
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as “interns” hereafter).10 AFF allowed the participants to attend either the morning (9:00

a.m.–12:00 p.m.) or afternoon (2:00 p.m.–5:00 p.m.) session to ensure that they could

participate regardless of their working hour preferences. The three-week-long internship

program entailed basic computer training, and importantly data entry practice and tests

(see Figure A2 for details). Thus, the administrative data collected during the internship

allow us to measure each intern’s productivity. It is worth noting that AFF invited

all job survey participants to the internship, as opposed to those with high measured

ability only, such as top performers in the aptitude tests. This setting allows us to gauge

the productivity difference between part-time and full-time applicant pools with various

potential cutoffs applied for hiring employees. The last row in the table shows that the

top 50 percent performers during the internship are similarly distributed across the part-

and full-time pools.

4 Data

4.1 Data Sources

The primary data sources for our study are the census of the study area, baseline

survey and job aptitude tests, and administrative data collected during the job applica-

tion and internship. The census data cover approximately 87,000 individuals in 20,595

households, including the 6,295 women eligible for the job. We draw from the census

data variables capturing demographic and socioeconomic status and family structure, in-

cluding age, marital status, education, employment, and numbers of household members

and children.

The baseline survey collected comprehensive information on 333 applicants including

(i) demographics and socioeconomic status; (ii) attitude and expectation toward work

(e.g., factors affecting job selection, intrinsic and extrinsic motivation, career expecta-

tions); and (iii) preference about working hours. The applicants also completed job

aptitude tests that measure data entry speed, computer literacy, clerical and computa-

10The survey participants were invited to the internship in five batches, each of which consists of 22
to 32 people.
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tion abilities based on the O*NET and Bruininks-Oseretsky Test of Motor Proficiency.

Data Appendix B provides details of the survey modules and aptitude tests we employ.

4.2 Study Population Characteristics and Randomization Bal-

ance

Table A2 presents descriptive statistics of individual-, household-, and village-level

characteristics for the population of eligible women. In particular, columns 2 to 5 show

the average characteristics of all eligible women, those in the part- and full- time village

groups, and the difference between the two. First, the table confirms that the randomiza-

tion was successful: only one (working within household) out of 27 characteristics differs

significantly at the 10 percent level between the part- and full-time groups. As shown in

Panel A, the average age of job-eligible women in the area is 26 years, about 74 percent

of them belong to the Oromo ethnic group (the majority ethnicity in Ethiopia), and

69 percent are Orthodox Christians. The fraction of eligible women who have attained

postsecondary education is 39 percent. Panel B shows that the average eligible woman’s

household has 4.2 members, and Panel C shows that about one-third of the villages in

the sample are in Holeta, the more urban area, with the balance in Ejerie, the more rural

area.

4.3 Distribution of Ability and Work Hour Preference in Study

Population

We focus on individuals’ ability and preference for working hours as two key dimen-

sions that affect self-selection into part- and full-time jobs. As we show in our theoretical

model in Section 5, the impact of this selection on the quality of applicant pools crucially

hinges on the distribution of potential applicants along these dimensions. Thus, we ex-

amine the distribution of variables that capture these dimensions among the population

of potential job applicants using our census data. We use the level of education as a proxy

for an individual’s ability and the number of children living in the same household as a
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proxy for the preference for short working hours driven by child-rearing responsibilities

(Rosen (1976); Moffitt (1984); and Ermisch and Wright (1993)).

Figure 1 graphically shows that the density of individuals who have both higher level

of education and more children living with them (i.e., those in the north-east corner) is

particularly low relative to the rest of population in our study area. Moreover, Figure A3

shows similar distributional patterns across 24 African countries using the Demographic

and Health Survey (DHS) data on women: There are fewer women who have both high

level of education and large number of children in the household. A plausible reason

for this common pattern is that preference for short work hours is due to child-rearing

responsibilities, which make acquiring ability difficult (Jones and Long (1979)).

4.4 Outcome Variables

The primary outcomes for this study are error-adjusted typing and data entry speeds

during the internship. First, we measure the number of total words correctly entered per

minute (typing speed) using Mavis Beacon, a computer application designed for typing

training. Each task involves the intern typing in a series of words or sentences shown

on the computer screen for seven to 15 minutes depending on specific sessions in Mavis

Beacon. The interns performed the task twice a day over the three week internship period.

Second, we measure the number of census data fields correctly entered scaled by the

number of minutes spent (data entry speed). For this task, we gave the same set of census

forms with identical information to all interns on a given day and asked them to type in

the information using the computer within 15 minutes.11 The interns performed the data

entry task during the last two weeks of the internship. To ensure accurate measurement of

performance, two supervisors independently recorded the number of words or fields that

each intern correctly entered per minute. Our empirical analysis uses these measures of

individual productivity standardized by subtracting the respective mean and scaling by

the standard deviation (see, e.g., Kling, Liebman, and Katz (2007)).

11We define a “correctly entered field” as a non-missing value in a census data field (e.g., a person’s
name) that is entered without an error or a missing value that is not supposed to be entered. All other
entries are considered incorrect.
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5 Conceptual framework

We illustrate how offering a part- or full-time job affects the ability of the applicant

pool by building a theoretical model of individuals’ selection into jobs with differing work

hours. To this end, we consider a population of potential applicants, parameterized by

two variables: preference for short working hours (γ) and ability (θ). γ takes values in

r0, 1s and measures the strength of a worker’s preference for part-time work over full-

time work. The higher γ is, the more the worker prefers part-time work (4 hours per

day) over full-time work (8 hours per day). θ takes values in r0, 1s and measures both

the worker’s ability and her outside option value – for simplicity, we assume they are

perfectly correlated. The higher θ is, the greater the worker’s ability and outside option.

Thus, the entire population of workers can be represented as a measure µ over the unit

square r0, 1s ˆ r0, 1s. For example, for 0 ď a ă b ď 1 and 0 ď c ă d ď 1, µpra, bs ˆ rc, dsq

is the measure of workers with γ between a and b, and θ between c and d.

Given a part-time job j “ PT , a worker’s payoff is W PT pγ, θq “ γ. Given a full-

time job j “ FT , a worker’s payoff is W FT pγ, θq “ 1 ´ γ. Thus, the greater a worker’s

preference is for part-time work over full-time work, the greater her payoff is from having

a part-time job, and the lower her payoff is from having a full-time job. A worker with

type pγ, θq applies to a job j if and only if her payoff from having job j is weakly greater

than her outside option – that is, if W jpγ, θq ě θ for j P tPT, FT u. For example, a worker

with type p0.75, 0.5q will apply to a part-time job, because W PT p0.75, 0.5q “ 0.75 ą 0.5.

However, this same worker will not apply to a full-time job, because W FT p0.75, 0.5q “

0.25 ă 0.5. In contrast, a worker with type p0.5, 0.25q will apply to both kinds of jobs,

and a worker with type p0.5, 0.75q will not apply to either kind of job. Let Sj denote the

subset of worker types that apply to job j P tPT, FT u.

SPT is the part-time applicant pool that corresponds to those women who applied

in the villages with the part-time job posting. SFT is the full-time applicant pool that
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corresponds to those women who applied in the villages with the full-time job posting.

Obviously, the statistical properties of SPT and SFT depend on the statistical properties

of the population – i.e., µ. We make the following assumption about µ:

µ has a density. There is a parameter x P p0, 1q and a value l ą 0, such that the

density of µ on the subset, rx, 1s ˆ rx, 1s, of worker types is 0, while the density of µ

outside that subset is l.

See Figure 2 for a depiction of the unit square of worker types, SPT , SFT , and µ.

The motivation for this assumption is as follows: We posit that the preference for part-

time work is driven by non-market responsibilities such as child-rearing which also make

acquiring ability and outside options difficult (see, e.g., Manning and Petrongolo (2005);

and Jones and Long (1979)). Thus, we expect that workers who both strongly prefer

part-time work and have very high ability and outside options are relatively rare. The

assumption above reflects this position. The specific functional form we have chosen is not

crucial for our results, and is made largely for computational tractability and conceptual

clarity.

Our main result is that what kind of job is being posted – part-time or full-time –

affects the type of applicant that the job attracts, in particular, the statistical properties

of the applicant pool’s ability.

Proposition 1. The average ability of the full-time applicant pool SFT is greater than

the average ability of the part-time applicant pool SPT .

Proof. The result can be easily seen geometrically. Fix an ability level θ̃ P r0, xq. Notice,

the (marginal) measure of part-time and full-time applicants with ability “ θ̃ is the same:

l ¨ p1 ´ θ̃q. This means, below the ability level x, the distribution of ability within SPT

and SFT is identical. Above the ability level x, there are no applicants in SPT , while

there is a strictly positive measure of applicants in SFT . Thus, the average ability of SFT

is greater than the average ability of SPT .
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Of course, the applicant pool is not the same as the pool of workers that are eventu-

ally hired by the firm. First, let us consider the extreme case when the firm cannot screen

θ or γ.12 Then the average ability of those workers the firm hires from the j-applicant

pool is exactly the average ability of the j-applicant pool. We now immediately have the

following result:

Corollary 1. Suppose the firm cannot screen θ or γ. Then, the average ability of the

hired full-time workers is greater than the average ability of the hired part-time workers.

Next, let us consider the opposite extreme and suppose the firm can perfectly screen

θ. We posit there is an ability cutoff θ˚ ă x such that a worker is worth hiring if and only

if her ability is at or above θ˚. Consequently, the part-time hiring pool is SPT pθ˚q defined

to be the subset of SPT consisting of those workers with ability ě θ˚. The full-time hiring

pool SFT pθ˚q is defined similarly.

Proposition 2. The average ability of the full-time hiring pool SFT pθ˚q is greater than

the average ability of the part-time hiring pool SPT pθ˚q. Moreover, when x ě 0.5, the

difference – call it the average ability gap – is increasing in θ˚ P r0, xq.

Proof. The proof of the first part is virtually identical to the proof of Proposition 1. To

prove the second part, assume x ě 0.5. The average ability of the full-time hiring pool is

1` 2θ˚

3
,

which means that the average ability of the full-time hiring pool increases at rate 2
3

with respect to θ˚. A simple calculation shows that the average ability of the part-time

hiring pool increases at a variable rate ă 2
3

with respect to θ˚. This implies the gap is

increasing.
12We do not presume that the firm’s utility function depends on γ, only θ. However, since γ and θ are

correlated in the applicant pools, even if the firm cannot screen θ, if it could screen γ, it would do so.
For example, in the full-time applicant pool, it would try to hire those with the weakest preference for
part-time work, since they are more likely to have higher ability.
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6 Empirical Results

6.1 Treatment Effect of Offering Part-time Employment Op-

portunities on the Applicant Pool

We first study the effect of offering part-time employment opportunities on the

applicant pool, relative to offering full-time opportunities, by estimating the following

equation on a sample of job applicants:

yij “ α0 ` α1Partij ` εij, (1)

where yij is a characteristic of applicant i in village group j measured in the job survey

or an aptitude test; Partij is an indicator equal to one if applicant i in village group j

was given a part-time opportunity, and zero if given a full-time opportunity; and εij is a

random error clustered at the village group level.

Proposition 1 of the theoretical model shows that the average ability of the part-

time applicant pool is lower than that of the full-time applicant pool, when workers

who both strongly prefer part-time work and have very high ability are relatively rare

(see Figures 1 and A3). Further, Proposition 2 implies that this difference in ability

would be more pronounced in a subset of applicants that satisfies a minimum ability

threshold. Thus, we estimate equation (1) on the following samples: (i) all applicants,

(ii) applicants who participated in the internship with average performance greater than

or equal to the 50th percentile and (iii) below the 50th percentile. The sample with top 50

percent performance in the internship likely represents a subset of high-quality applicants

the firm would consider hiring (“hireable”), for which the ability difference is expected

to be more pronounced.13 We examine the robustness of our results to varying the hiring

13The median words per minute (WPM) of the internship participants is 12. A study by Karat et
al. (1999) finds that a group of IBM employees in the US who are experienced computer users and native
speakers of English exhibit an average WPM of 33. Naturally, AFF found applicants with below-the-

13



cutoff in Section 6.3.

Table 2 presents the results of estimating equation (1). First, columns 1-3 of Panel

A show that for the full sample of applicants, the part-time pool is significantly less able

than the full-time pool, as measured by data entry speed (significant at the 5 percent

level) and manual dexterity (at the 10 percent level). The gaps in typing speed and

dexterity between the part- and full-time pools amount to 0.22 and 0.24 standard de-

viations (SDs). The part- and full-time pools exhibit insignificant differences along the

other ability measures, rendering the difference in the standardized score combining all

ability measures insignificant (last row in Panel A).

Importantly, consistent with the theoretical prediction (Proposition 2), the differ-

ence in ability between the part- and full-time pools is larger in magnitude and statistically

more significant when conditioning on top 50 percent internship performance (columns

4–6): in six out of seven ability measures employed (i.e., data entry speed, clerical abil-

ity, computer literacy, manual dexterity, education, and official sector work status), the

part-time pool shows a significantly lower level (at a 5 percent or less level) than the

full-time pool. As a result, the part-time pool is 0.44 SDs lower in the standardized

score combining the six ability measures, which is significant at the 1 percent level. In

contrast, among interns with performance in the bottom 50 percent (columns 7–9), there

is no significant difference in any of the ability measures between the part- and full-time

pools.

Panel B shows that the part-time applicants are, not surprisingly, less likely to

prefer full-time work and more likely to prefer family over work. Moreover, the part-time

applicants exhibit weaker spousal support for working (significant at the 1 to 5 percent

level) and have a larger number of children who live with them, indicating their stronger

preferences for short work hours. The difference between the part- and full-time applicants

in the standardized score that combines the five variables capturing preferences for shorter

median performance largely unemployable.
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work hours is on average 0.17 SDs and significant at the 1% level (column 1). The

difference is larger at 0.29 SDs among those in the top 50 percent internship performance

(column 6, significant at the 1% level) while it is 0.16 SDs (column 9, insignificant) for

those in the bottom 50 percent performance. Overall, the results in Panel B are consistent

with job applicants self-selecting to a part- or full-time job according to their preferences

for working hours, as the model presumes.

Unlike the above two panels, Panels C and D show that the part- and full-time

applicant pools are little different in terms of other demographic and socioeconomic vari-

ables, as well as motivations for choosing jobs. One exception is that part-time applicants

with top 50 percent internship performance have lower career- and compensation-related

motivations for choosing jobs (significant at the 10 percent level).

6.2 Treatment Effect of Offering Part-time Opportunities on

Labor Productivity

The analysis in the previous section shows that part-time job applicants have signifi-

cantly lower ability than full-time applicants, particularly among those with higher ability

level. These findings suggest that part-time workers would exhibit lower productivity at

work. We test this implication by comparing the labor productivity of the interns in the

part- and full-time groups (see Section 3 for details of the internship). Specifically, we

estimate the following equation on a sample of interns:

Productivityijslt “ γ0 ` γ1Partij ` µs ` υl ` λt ` εijslt, (2)

where Productivityijslt represents the following productivity measures with their respec-

tive means subtracted and scaled by standard deviations: (i) typing speed (number of

correctly entered words per minute) and (ii) data entry speed (number of correctly en-

15



tered census data fields per minute) for individual i from village group j in internship

batch s in trial l on day t; Partij is an indicator equal to one if worker i in village group j

is offered a part-time opportunity, and zero if full-time, and µs, υl, and λt are internship

batch, trial, and working day fixed effects. εijslt is an error term clustered at the village

group level.

We argue that the productivity difference between part- and full-time recruited

interns, captured by γ1, is driven by self-selection of applicants. A key identifying as-

sumption for this interpretation is that any incentive effect of the job opportunity offered

is negligible. For example, those recruited through the part-time offer might have less

incentives to invest in human capital during the internship given lower returns on their

investment once they are hired. We test the plausibility of the identifying assumption

in the next section by examining the attendance and productivity trends during the

internship.14

We first visually present trends in labor productivity for part- and full-time recruited

interns over the three-week internship period in Figure 3. To do so, we estimate a variant

of equation (2) which replaces the Part indicator with the interaction terms between the

indicators for part- and full-time groups and a series of indicators for internship days

(from 1 through 15) on the sample including both productivity measures.15 The figure

shows increasing productivity over time both for the part-time (red dashed line) and

full-time (blue solid line) groups, consistent with the interns being generally at a steep

portion of the learning curve. Importantly, Panel A shows that among the interns with

top 50 percent average performance, those recruited through the part-time opportunity

perform worse than those recruited through the full-time opportunity from the beginning.

This finding is consistent with theoretical and empirical results on the ability difference

14The causal effects of the actual part- or full-time work arrangement (such as fatigue from long work
hour) do not play a role in our study, given that all interns worked for the same three hours a day
regardless of the opportunity offered.

15Figure A4 plots productivity trends over time for the part-time and full-time groups by task (i.e.,
typing and data entry).
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between applicant pools. Panel B makes it clear that a significant productivity gap exists

through most of the days in the internship. In contrast, Panels C and D show that,

again in line with theoretical and empirical results above, the productivity difference

between the part- and full-time groups is small and insignificant for the bottom 50 percent

performers.16

Table 3 formally presents results of estimating equation (2) for the full sample

(column 1), top 50 percent and bottom 50 percent performers (columns 2 and 3). Panel

A confirms that the productivity difference is significant among the top 50 percent interns

but not in the bottom 50 percent. In Panel B, we include the variable Day representing

the number of days in the internship and its interaction with the Part indicator, which

allows us to estimate differential time trends in productivity between interns recruited

through part- and full-time opportunities. The panel shows that the initial productivity

differences between the part-time and full-time groups are 0.498 (= ´0.509 + 0.011 ˆ

1 day) and 0.291 (= ´0.313 + 0.022 ˆ 1 day) standard deviations for top 50 percent

performers (column 2) and all interns (column 1). By the end of the internship, the

productivity gap remains at 0.344 (= ´0.509 + 0.011 ˆ 15 days) and significant at the 5

percent level for the top 50 percent interns, whereas it becomes 0.017 (= ´0.313 + 0.022

ˆ 15 days) for all interns. Column 3 shows that this convergence in labor productivity

difference between the part- and full-time groups is driven by the bottom 50 percent

interns.

We further examine sources of the difference in the effect of offering part-time em-

ployment on productivity between the top and bottom performer samples by estimating

a quantile regression version of equation (2). Table A3 shows that the productivity differ-

ence is generally increasing in the percentile and becomes statistically and economically

significant above the top decile.

16Similarly, the cumulative distribution functions in Figure A5 show that the productivity of full-time
recruited interns first-order stochastic dominates that of part-time recruited interns among the top 50
percent performers but not in the bottom 50 percent.
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Taken together, the findings in this and previous sections on ability and productivity

differences are consistent with the theoretical prediction that the ability of the part-time

applicant pool is on average lower than that of the full-time pool; and this difference is

driven by higher-quality applicants who are more hireable.

6.3 Further Results

Employment cutoffs. Our main results show that the productivity difference is larger

among the hireable applicants with top 50 percent internship performance, consistent

with the theoretical model (Proposition 2). We generalize this analysis by varying the

cutoff to define hireable applicants. The analysis would have important implications for

practice because firms likely want to hire a varying fraction of job applicants as their

labor demand changes, which in turn affects their labor productivity. Specifically, we

estimate equation (2) by varying the performance cutoff for hiring. We apply cutoffs

ranging from no restriction (i.e., 100 percent) to top 45 percent in 5 percent increments.

Figure 4 presents the result of the analysis. The x-axis shows the percentile that de-

fines hireable candidates and the y-axis shows the average productivity difference between

part- and full-time recruited interns with 95 percent confidence intervals. We find that

the productivity gap is generally larger in a subset of interns with tighter performance

(i.e., proxy for ability) cutoffs. In particular, the productivity difference is economically

and statistically significant for all subsamples from top 75 percent to 45 percent perform-

ers. This finding is consistent with our model and suggests that when a firm selects top

performers based on pre-employment training programs (such as internship) or tests, the

productivity gap between the part- and full-time recruited applicants would become more

pronounced.

Incentive effects. One might argue that the productivity difference we observe in the

internship is driven by incentive effects, in addition to our proposed selection effects. For
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example, interns who expect to work full-time might have a stronger incentive to make

an effort because their future return on the human capital investment would be higher

once they are hired. However, this incentive effect is unlikely to explain the observed

productivity difference for several reasons. First, it cannot explain the significant initial

difference in productivity. Second, the productivity of part-time recruits increases faster

than or at least on par with the productivity of full-time recruits. Third, the rate of

internship participation, an important investment for their human capital, does not differ

between the part- and full-time applicants among the top 50 percent performance sample,

where the significant productivity difference exists (Table A4).

What explains the productivity difference? In this subsection, we examine the extent

to which ex-ante measures of ability explain the productivity gap. To this end, we

reestimate equation (2) by explicitly including the variables from Table 2, Panels A and

B as controls for (i) ability; (ii) preference for short working hours; and (iii) both. Table

A5 presents the estimation results.

Columns 1, 5, and 9 show the baseline estimates excluding the control variables for

the full intern, top 50 percent, and bottom 50 percent samples. In the second, third, and

fourth columns for each sample, we present coefficients controlling for measures of ability

only, preference about working hours only, and both. We find that ability is in fact most

important in explaining the productivity difference due to offering a part- or full-time

opportunity, particularly for the hireable intern sample (columns 5–8). The ability proxies

explain 72 percent (= [0.411 ´ 0.117]/0.411) of the productivity difference, whereas the

measures of working hour preferences explain only 19 percent (= [0.411 ´ 0.332]/0.411)

of the gap.17 This result is consistent with individuals’ ability differentials being a key

source of productivity differentials between part- and full-time applicant pools.

17Following Gelbach (2016), we also formally decompose the effect of offering part-time employment
opportunities that is explained by covariates capturing ability and preference for short working hours.
We find that the portion explained by the former is -0.314 (significant at the 1 percent level), whereas
that by the latter is insignificant at -0.030.
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7 Conclusion

How part-time work arrangements affect employee selection and productivity of the

workforce is an important question, given the high prevalence of part-time work across

economies. More generally, the recent rise of alternative work arrangements, whose often-

argued advantage is to offer flexibility in workers’ labor market and non-market activities,

raises the question of which workers self-select into these flexible work arrangements and

why. We explore these questions by implementing a randomized experiment that provides

a part- or full-time data entry job opportunity to women. We also develop a theoretical

model of job application given ability and preference for short work hours to explain the

mechanism.

The experimental results show that part-time work attracts applicants with lower

job-specific ability, relative to full-time work. This “part-time ability gap” is more pro-

nounced among applicants with top initial performance, who are plausibly more hireable.

Our model shows that the lack of potential applicants who have both strong preference

for short working hours and high ability, combined with ability driving workers’ outside

option, leads to this selection effect. The part-time applicants also exhibit lower initial

productivity at work as measured by data entry speed during an internship, which is

again more pronounced for more hireable, higher-performance applicants.

These findings have important implications for part-time work and alternative work

arrangements in general. First, the wage penalty associated with part-time employment

shown in previous research (e.g., Blank (1990); and Manning and Petrongolo (2008)) is

at least in part explained by the lower average ability of workers who self-select into part-

time work. Second, to the extent that alternative work arrangements attract workers

who have high valuation of flexible schedule (e.g., Mas and Pallais (2017); and Mas and

Pallais (2020)) yet rarely have high ability, the workers recruited under these alternative

arrangements would be less productive than those hired through standard arrangements.
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Of course, if workers who both highly value flexibility and have high ability are relatively

common in certain labor markets (e.g., perhaps for high-skill independent contractors

and freelancers), the self-selection effects of offering nonstandard work arrangement in

those markets might differ from our findings. Investigating potentially differing selection

effects of alternative arrangements across labor markets and types of jobs appears an

important avenue for future research.

This paper also offers implications for women’s labor market issues, particularly the

relation between the gender pay gap and short (or flexible) work hours (see, e.g., Goldin

(2014); Goldin and Katz (2016); and Blau and Kahn (2017)). Our findings imply that

pay structures that are nonlinear (e.g., increasing) in work hours may reflect workers’ self-

selection on ability and value of short work hours. Thus, future research that investigates

the role of work-hour flexibility—such as the part-time option we examine—for mitigating

the gender pay gap should take into account a negative selection effect on the ability of

applicant pools those arrangements could entail.
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Figure 1: Number of Children Living with (Preference) and Years of Education
(Ability), Census of Holeta and Ijerie

Note: The figure presents the distribution of the number of children living with (x-axis) and year of
education (y-axis) in rank for job-eligible women in Holeta and Ijerie, the catchment areas. The data are
collected in the Census.
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Figure 2: Applicant pools for part-time and full-time jobs in the ability-preference for
short working hour space
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Figure 3: Productivity of part-time and full-time recruited interns over time

Panel A. All interns

Panel B. All interns – difference
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Panel C. Top 50 percent interns

Panel D. Top 50 percent interns – difference
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Panel E. Bottom 50 percent interns

Panel F. Bottom 50 percent interns – difference

Note: The figure presents coefficient estimates and robust standard errors (clustered at the village group
level) from a variant of equation (3) which replaces the Part indicator with the indicators for part-time
and full-time recruited interns, interacted with indicators for training days (from 1 through 15).
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Figure 4: Productivity difference between part-time and full-time recruited interns
conditional on hypothetical hiring cutoffs

Note: The figure presents the average difference in standardized productivity between part-time and
full-time recruited interns and the 95 percent confidence intervals, conditional on hypothetical hiring
cutoffs from 100 percent (all) to top 45 percent of average internship performance. Confidence intervals
are based on standard errors clustered at the village group level.

30



T
a
b

le
1
:

E
x
p

er
im

en
t

st
ag

es

N
u

m
b

er
a
n

d
p

er
ce

n
ta

g
e

o
f

in
d

iv
id

u
a
ls

(4
)

-
(6

)
A

p
p

ro
x
im

at
e

ti
m

e
E

x
p

er
im

en
ta

l
st

ag
e

T
er

m
P

a
rt

-t
im

e
F

u
ll

-t
im

e
T

o
ta

l
p

-v
a
lu

e
(1

)
(2

)
(3

)
(4

)
(5

)
(6

)
(7

)
(8

)
M

ay
to

J
u

ly
20

16
C

en
su

s
(j

ob
fl

ye
rs

d
is

tr
ib

u
te

d
)

ce
n

su
s

p
a
rt

ic
ip

a
n
ts

3
,2

0
2

1
0
0
.0

%
3
,0

9
3

1
0
0
.0

%
6
,2

9
5

-
J
u

ly
to

A
u

gu
st

20
16

S
u

b
m

it
te

d
jo

b
ap

p
li

ca
ti

on
jo

b
a
p

p
li

ca
n
ts

2
3
0

7
.2

%
2
2
6

7
.3

%
4
5
6

0
.9

2
D

ec
em

b
er

20
16

P
ar

ti
ci

p
at

ed
in

jo
b

su
rv

ey
a
n

d
a
p

ti
tu

d
e

te
st

s
jo

b
su

rv
ey

p
a
rt

ic
ip

a
n
ts

1
6
2

5
.1

%
1
7
1

5
.5

%
3
3
3

0
.6

8
A

u
gu

st
to

D
ec

em
b

er
20

17
P

ar
ti

ci
p

at
ed

in
in

te
rn

sh
ip

(f
o
r

m
o
re

th
a
n

a
w

ee
k
)

in
te

rn
s

6
1

1
.9

%
6
1

2
.0

%
1
2
2

0
.9

0
A

u
gu

st
to

D
ec

em
b

er
20

17
P

er
fo

rm
ed

in
to

p
50

%
of

in
te

rn
s

to
p

5
0
%

in
te

rn
s

3
4

1
.1

%
2
7

0
.9

%
6
1

0
.1

1

N
ot

e
:

C
ol

u
m

n
s

(4
)

an
d

(6
)

sh
ow

th
e

p
ro

p
or

ti
on

of
in

d
iv

id
u
al

s
co

n
ti

n
u
in

g
ov

er
ex

p
er

im
en

t
st

ag
es

.
F

or
ex

am
p
le

,
th

e
se

co
n
d

ro
w

sh
ow

s
th

e
n
u
m

b
er

of
p
ar

ti
ci

p
an

ts
in

th
e

jo
b

ap
p
li
ca

ti
on

st
ag

e,
d
iv

id
ed

b
y

th
e

n
u
m

b
er

of
p
ar

ti
ci

p
an

ts
in

in
it

ia
l

(C
en

su
s)

st
ag

e.

31



T
a
b

le
2
:

S
el

ec
ti

on
b
y

p
ar

t-
ti

m
e

re
cr

u
it

m
en

t

S
a
m

p
le

A
ll

a
p

p
li
ca

n
ts

T
o
p

5
0
%

in
te

rn
s

B
o
tt

o
m

5
0
%

in
te

rn
s

P
T

M
ea

n
d

iff
.

P
T

M
ea

n
d

iff
.

P
T

M
ea

n
d

iff
.

V
a
r
ia
b
le

O
b

se
rv

a
ti

o
n

a
p

p
li
ca

n
ts

(P
T

-F
T

)
O

b
se

rv
a
ti

o
n

a
p

p
li
ca

n
ts

(P
T

-F
T

)
O

b
se

rv
a
ti

o
n

a
p

p
li
ca

n
ts

(P
T

-F
T

)
(1

)
(2

)
(3

)
(4

)
(5

)
(6

)
(7

)
(8

)
(9

)
P
a
n
e
l
A
.
M

e
a
su

r
e
s
o
f
A
b
il
it
y

(S
ta

n
d
a
r
d
iz
e
d
)

D
a
ta

en
tr

y
te

st
3
3
3

-0
.1

1
5

-0
.2

2
4
*
*

6
1

0
.1

6
7

-0
.5

9
7
*
*

6
1

-0
.0

5
7

-0
.2

0
6

C
le

ri
ca

l
a
b

il
it

y
3
3
3

-0
.0

1
5

-0
.0

3
0

6
1

0
.0

3
2

-0
.5

0
2
*
*

6
1

-0
.2

4
0

-0
.1

0
9

C
o
m

p
u

ta
ti

o
n

a
b

il
it

y
3
3
0

0
.0

0
8

0
.0

1
6

6
0

0
.1

2
6

-0
.1

1
1

6
0

-0
.0

4
1

0
.0

6
8

C
o
m

p
u

te
r

li
te

ra
cy

3
2
9

-0
.0

3
5

-0
.0

6
9

6
1

-0
.1

2
4

-0
.6

3
2
*
*
*

6
0

-0
.1

2
0

0
.0

5
4

M
a
n
u

a
l

d
ex

te
ri

ty
3
3
2

-0
.1

2
1

-0
.2

3
6
*

6
1

-0
.1

0
7

-0
.5

6
7
*
*

6
0

0
.0

7
3

0
.0

7
3

Y
ea

rs
o
f

ed
u

ca
ti

o
n

3
1
1

1
.4

1
9

0
.0

9
7

5
8

1
.3

1
9

-0
.3

3
1
*

5
4

1
.4

2
7

0
.3

6
6
*

W
o
rk

in
g

in
o
ffi

ci
a
l

se
ct

o
r

3
2
2

-0
.2

1
8

-0
.0

4
8

5
9

-0
.4

1
5

-0
.4

0
9
*
*

5
9

-0
.1

1
8

0
.0

5
8

O
v
er

a
ll

a
b

il
it

y
(p

o
o
le

d
)

2
2
9
0

0
.1

2
2

-0
.0

7
2

4
2
1

0
.1

4
0

-0
.4

4
4
*
*
*

4
1
5

0
.1

1
8

0
.0

4
7

P
a
n
e
l
B
.
M

e
a
su

r
e
s
o
f
P
r
e
fe
r
e
n
c
e
s
fo
r
S
h
o
r
t
W

o
r
k

H
o
u
r
s
(S

ta
n
d
a
r
d
iz
e
d
)

P
re

fe
re

n
ce

fo
r

fa
m

il
y

to
w

o
rk

3
3
1

0
.0

8
1

0
.1

5
7

6
1

-0
.0

3
8

0
.1

2
2

5
9

0
.2

2
6

0
.1

5
4

P
re

fe
re

n
ce

fo
r

n
o
n

-w
o
rk

,
w

o
rk

in
g

p
a
rt

-
to

fu
ll
-t

im
e

3
2
5

0
.0

6
3

0
.1

2
3

6
0

-0
.0

2
6

0
.1

2
1

6
0

0
.0

7
6

0
.1

1
8

P
re

fe
re

n
ce

fo
r

p
a
rt

-t
im

e
to

fu
ll

-t
im

e
w

o
rk

3
3
0

0
.0

5
1

0
.0

9
9

6
1

0
.0

9
1

0
.2

7
3

6
1

0
.0

1
5

0
.0

8
1

(I
n
v
er

se
)

S
u

p
p

o
rt

iv
e

sp
o
u

se
fo

r
w

o
rk

2
8
0

-0
.1

4
9

0
.3

5
0
*
*
*

4
9

0
.1

0
7

0
.7

2
1
*
*

5
2

-0
.1

5
8

0
.3

3
2

N
u

m
b

er
o
f

ch
il
d

re
n

li
v
in

g
w

it
h

3
0
4

-1
.1

3
0

0
.1

2
9

5
7

-1
.1

5
2

0
.2

7
1

5
7

-1
.2

1
1

0
.0

6
5

O
v
er

a
ll

p
re

fe
re

n
ce

fo
r

sh
o
rt

w
o
rk

in
g

h
o
u

rs
(p

o
o
le

d
)

9
2
4

0
.0

8
1

0
.1

6
7
*
*
*

2
8
8

-0
.2

0
0

0
.2

9
3
*
*
*

2
8
9

-0
.1

9
4

0
.1

6
0

P
a
n
e
l
C
.
In

d
iv
id

u
a
l
C
h
a
r
a
c
te

r
is
ti
c
s

A
g
e

2
8
6

2
2
.5

7
6

-0
.1

4
6

2
9

2
2
.2

4
1

1
.0

7
5

5
1

2
2
.7

8
3

0
.7

4
7

M
a
rr

ie
d

3
2
3

0
.2

6
9

-0
.0

4
4

3
4

0
.2

9
4

0
.0

6
3

6
0

0
.1

4
8

-0
.1

5
5

S
u

b
je

ct
iv

e
h

ea
lt

h
st

a
tu

s
[1

-5
]

3
3
0

4
.5

0
6

0
.0

7
7

3
4

4
.5

2
9

0
.2

3
3

6
1

4
.3

3
3

-0
.2

2
5

A
ss

et
sc

o
re

[1
-1

0
]

3
3
0

6
.9

6
3

0
.0

8
8

3
3

7
.9

2
8

0
.5

6
8

6
0

6
.4

8
1

0
.5

7
2

P
a
n
e
l
D
.
M

o
ti
v
a
ti
o
n
s
R
e
g
a
r
d
in

g
J
o
b
s

M
o
ti

v
a
ti

o
n

fo
r

ch
o
o
si

n
g

a
jo

b
[1

-2
0
]:

a
.

G
o
o
d

fu
tu

re
ca

re
er

3
2
9

4
.8

8
3

0
.3

5
6

3
4

4
.4

1
2

-0
.2

8
1

6
1

4
.6

3
-0

.0
7
6

b
.

E
a
rn

s
re

sp
ec

t
a
n

d
h

ig
h

st
a
tu

s
3
1
1

3
.8

0
7

-0
.0

8
2

3
0

3
.6

6
7

0
.1

8
8

5
9

4
.0

7
7

0
.0

1
6

c.
P

a
y
s

w
el

l
3
1
3

3
.4

5
0

-0
.4

3
9
*
*

3
3

3
.5

4
5

-0
.4

5
5

6
0

3
.2

3
1

-0
.4

4
6

d
.

In
te

re
st

in
g

jo
b

3
2
2

4
.1

7
0

0
.1

7
0

3
3

4
.0

0
0

-0
.5

2
0

6
1

4
.1

4
8

0
.3

8
3

e.
A

cq
u

ir
e

u
se

fu
l

sk
il
ls

3
2
2

4
.9

6
2

0
.1

1
4

3
3

5
.1

8
2

0
.4

0
4

5
7

4
.6

8
0

-0
.1

9
5

Im
p

o
rt

a
n

ce
in

ch
o
o
si

n
g

a
jo

b
[1

-4
]:

In
tr

in
si

c
m

o
ti

v
a
ti

o
n

3
3
3

3
.4

2
1

0
.0

3
3

3
4

3
.4

6
5

0
.1

7
5

6
1

3
.4

4
9

0
.0

3
0

E
x
tr

in
si

c
m

o
ti

v
a
ti

o
n

3
3
3

2
.9

4
7

-0
.0

0
1

3
4

3
.0

0
2

0
.0

4
8

6
1

2
.9

3
2

-0
.0

4
0

C
a
re

er
ex

p
ec

ta
ti

o
n

3
3
3

3
.2

4
8

0
.0

0
1

3
4

3
.3

1
6

-0
.0

2
9

6
1

3
.2

7
4

0
.0

3
4

A
cc

o
m

p
li
sh

m
en

t
3
3
3

3
.5

3
5

0
.0

0
7

3
4

3
.5

6
6

-0
.0

2
4

6
1

3
.4

9
2

-0
.0

2
4

S
ta

tu
s

3
3
3

3
.3

1
4

0
.0

3
3

3
4

3
.2

9
0

-0
.0

8
0

6
1

3
.4

2
7

0
.0

8
7

C
a
re

er
p

ro
g
re

ss
3
3
2

2
.7

7
8

-0
.0

8
7

3
4

2
.6

9
6

-0
.3

1
6

6
1

2
.9

2
6

0
.1

2
2

C
o
m

p
en

sa
ti

o
n

a
n

d
b

en
efi

ts
3
3
2

3
.2

1
2

0
.0

1
5

3
4

3
.0

6
3

-0
.2

0
3
*
*

6
1

3
.2

7
4

0
.0

9
8

N
ot

e
:

S
ee

D
at

a
A

p
p

en
d
ix

fo
r

d
et

ai
le

d
d
efi

n
it

io
n
s

of
ea

ch
va

ri
ab

le
.

**
*,

**
,

an
d

*
d
en

ot
e

th
e

si
gn

ifi
ca

n
ce

le
ve

l
at

1%
,

5%
,

an
d

10
%

,
re

sp
ec

ti
ve

ly
,

b
as

ed
on

ro
b
u
st

st
an

d
ar

d
er

ro
rs

cl
u
st

er
ed

at
th

e
v
il
la

ge
gr

ou
p

le
ve

l.
A

ss
et

sc
or

e
is

th
e

n
u
m

b
er

of
it

em
s

ow
n
ed

b
y

a
h
ou

se
h
ol

d
am

on
g

th
e

fo
ll
ow

in
g:

el
ec

tr
ic

it
y,

a
w

at
ch

/c
lo

ck
,

a
te

le
v
is

io
n
,

a
m

ob
il
e

p
h
on

e,
a

la
n
d
li
n
e

p
h
on

e,
a

re
fr

ig
er

at
or

,
a

b
ed

w
it

h
a

m
at

tr
es

s,
an

el
ec

tr
ic

m
it

ad
(g

ri
ll
),

an
d

a
ke

ro
se

n
e

la
m

p
.

32



Table 3: Effect of part-time recruitment on labor productivity of interns

All interns Top 50% interns Bottom 50% interns

(1) (2) (3)

Panel A: Without time trend

Part -0.117 -0.411*** 0.036
(0.088) (0.100) (0.054)

Constant 0.058 0.682*** -0.477***
(0.065) (0.093) (0.031)

Task type fixed effects Y Y Y
Day fixed effects Y Y Y
Batch fixed effects Y Y Y
Trial fixed effects Y Y Y

R2 0.503 0.513 0.543
N 4890 2511 2310

Panel B: With time trend

Part -0.313*** -0.509** -0.126
(0.108) (0.209) (0.089)

Day 0.143*** 0.172*** 0.119***
(0.004) (0.011) (0.006)

Part ˆ Day 0.022** 0.011 0.017*
(0.009) (0.016) (0.009)

Constant -1.249*** -0.916*** -1.579***
(0.067) (0.177) (0.042)

Task type fixed effects Y Y Y
Batch fixed effects Y Y Y
Trial fixed effects Y Y Y

R2 0.497 0.503 0.529
N 4890 2511 2310

Note: Robust standard errors clustered at the village group level are reported in parentheses. ***, **, and * denote the
significance level at 1%, 5%, and 10%, respectively.
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Figure A2. Training schedule
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Figure A3. Number of Children Living with (Preference) and Years of Education
(Ability), Africa

Panel A. Whole Sample

Note: The figure presents the distribution of the number of children living with (x-axis) and year of
education (y-axis) in rank for women aged 20 and over. The data are based on Demographic and Health
Survey (DHS).

36



Panel B. Urban Residents

Note: The figure presents the distribution of the number of children living with (x-axis) and year of
education (y-axis) in rank for women aged 20 and over. The data are based on Demographic and Health
Survey (DHS).
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Figure A4. Productivity of part-time and full-time recruited interns over time by task

Panel A. All interns – typing speed

Panel B. All interns – data-entry speed
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Panel C. Top 50 percent interns – typing speed

Panel D. Top 50 percent interns – data-entry speed
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Panel E. Bottom 50 percent interns – typing speed

Panel F. Bottom 50 percent interns – data-entry speed

Note: The figure presents coefficient estimates from a variant of equation (3) which replaces the Part
indicator with the indicators for part-time and full-time recruited interns, interacted with indicators for
training days (from 1 through 15) by task.
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Figure A5. CDF and PDF of standardized productivity for part-time and full-time
recruited interns

Panel A. CDFs

Panel B. PDFs

Note: Panels A and B present the cumulative distribution function (CDF) and probability distribution
function (PDF) of standardized productivity during the internship for the full sample (left), top 50%
(middle), and bottom 50% performers (right).
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Table A1. Comparison of job applicants vs. non-applicants

(1) (2) (3) (4) (5)
Variable / Sample Job non-applicants Job applicants Difference

N Mean N Mean (4)-(2)
Age (/100) 5844 0.262 316 0.231 -0.031***
Married 5844 0.426 323 0.291 -0.135***
Ever birth 4601 0.494 276 0.330 -0.165***
Number of children living with 5340 1.367 304 0.819 -0.548***
Working 5848 0.299 324 0.182 -0.117***
Official sector work 5756 0.199 322 0.118 -0.081***
Post-Secondary+ 5950 0.380 315 0.556 0.175***
Asset score 5934 7.013 330 6.918 -0.095
Supportive spouse for work 5227 3.958 280 4.259 0.301***

Note: *** denotes the significance level at 1%.
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Table A2. Baseline characteristics and balance of randomization

Variable (1) (2) (3) (4) (5) (6)
N All Part-time Full-time Difference p-value

Panel A. Individual Characteristics
Age 6160 26.032 25.74 26.329 0.588 0.339
Married 6167 0.419 0.441 0.397 -0.044 0.160
Ethnicity

Amhara 6234 0.202 0.177 0.227 0.05 0.201
Oromo 6234 0.735 0.754 0.716 -0.038 0.430

Language
Amharic 6236 0.415 0.372 0.460 0.088 0.235
Oromigna 6236 0.581 0.623 0.538 -0.085 0.256

Religion
Orthodox 6225 0.694 0.66 0.729 0.068 0.205
Protestant 6225 0.251 0.275 0.226 -0.049 0.312
Muslim 6225 0.021 0.026 0.016 -0.01 0.176

Post-secondary education 6265 0.389 0.376 0.402 0.026 0.516
Working

Within household 6115 0.132 0.09 0.175 0.085* 0.074
Official Sector 6078 0.195 0.193 0.196 0.003 0.952

Panel B. Household Characteristics
Number of household members 20255 4.216 4.166 4.267 0.101 0.499
Asset score 20383 4.582 4.474 4.693 0.219 0.679
Number of children living with 16159 2.501 2.496 2.505 0.009 0.695
Having saving account 20382 0.278 0.266 0.292 0.026 0.695
Receiving government subsidy 20371 0.016 0.018 0.013 -0.004 0.307

Panel C. Village Characteristics
Ijerie (=0) vs. Holeta (=1) 233 0.350 0.397 0.301 -0.096 0.450
Population 233 359.6 356.2 363.1 6.817 0.859
Gender ratio (F/M) 233 0.510 0.505 0.515 0.010 0.591
Number of household members 233 4.396 4.417 4.375 -0.041 0.834

Note: * denotes the significance level at 10%.
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Table A3. Quantile regression of standardized productivity on part-time recruitment
status

(1) (2) (3) (4) (5) (6) (7) (8)
Dependent Var.: Standardized productivity
Estimates: OLS Quantile regression

0.05 0.1 0.25 0.5 0.75 0.9 0.95
Part -0.123 -0.042 -0.014 -0.046 -0.042 -0.064 -0.333 -0.575***

(0.089) (0.058) (0.072) (0.060) (0.058) (0.130) (0.210) (0.180)
Task type fixed effects Y Y Y Y Y Y Y Y
Day fixed effects Y Y Y Y Y Y Y Y
Batch fixed effects Y Y Y Y Y Y Y Y
Trial fixed effects Y Y Y Y Y Y Y Y
R2 0.5 0.494 0.479 0.484 0.494 0.494 0.454 0.389
N 4,821 4,821 4,821 4,821 4,821 4,821 4,821 4,821

Note: Robust standard errors clustered at the village group level are reported in parentheses. ***, **,
and * denote the significance level at 1%, 5%, and 10%, respectively. Column 1 presents reproduces the
OLS estimates in column 2 of Table 3, Panel A. Columns 2 through 8 presents quantile regression
estimates with varying quantiles from 0.05 to 0.95 of the standardized productivity distribution.
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Table A4. Internship participation for part- and full-time recruited applicants

All interns Top 50% interns Bottom 50% interns
(1) (2) (3) (4) (5) (6)

Dep. Var.: 1(Participate)
Part -0.023 -0.032 0.018 0.004 -0.077** -0.075**

(0.024) (0.024) (0.032) (0.036) (0.037) (0.030)
Constant 0.914*** 0.918*** 0.912*** 0.920*** 0.914*** 0.913***

(0.013) (0.014) (0.023) (0.023) (0.013) (0.016)
Batch fixed effects N Y N Y N Y
Trial fixed effects N Y N Y N Y
R2 0.002 0.044 0.001 0.042 0.014 0.079
N 3538 3538 1769 1769 1769 1769

Note: This table shows estimates of linear probability models that explain job applicants’ participation
in the internship. Robust standard errors clustered at the village group level are reported in parentheses.
***, **, and * denote the significance level at 1%, 5%, and 10%, respectively.
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Data Appendix

B.1 Ability tests

O*NET Ability Profiler (O*NET score): clerical and computation ability tests

The O*NET Ability Profiler was originally developed by the US Department of Labor as

“a career exploration tool to help understand job seekers on their work skills” (O*NET Resource

Center 2010, 1). We use the clerical and computation ability tests of the Ability Profiler because

these skills are most relevant for the data entry clerk.

(A) The clerical perception test measures an individual’s ability to see details in written

materials quickly and correctly. It involves noticing if there are mistakes in the text and

numbers, or if there are careless errors in working math problems (O*NET Resource

Center 2010, 2). The following is an example of the test questionnaire

(B) The computation test measures an individual’s ability to apply arithmetic operations to

calculate solutions to mathematical problems. It consists of 20 questions. The following

is an example of the test questionnaire:
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Bruininks-Oseretsky Test of Motor Proficiency, 2nd edition (BOTTM-2)

The BOTTM-2 was developed to measure various types of motor skills. It consists of eight tasks:

fine motor precision, fine motor integration, manual dexterity, bilateral coordination, balance,

running speed and agility, upper limb coordination, and strength. We used the manual dexterity

test, which is most relevant to the data entry clerk. We asked survey participants to transfer 20

small coins from the table to the small box in 15 seconds. Study participants could try twice,

and the larger number is the final score.

B.2 Measures for preferences to working hours

We measure the applicants’ preferences for (more) work using three set of measures. First

measure compares work over family using 10 survey questions regarding the importance of

work and family. We calculate a composite score of preference for working (over family) by
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subtracting the average score for family (Q401–Q405) from that for work (Q406–Q410). Score

could range 5 to 50, and higher score implies stronger preference for working.

Second, we measure preference for work arrangements among full-time work, part-time

work, and do not work in each stage of life.In order to calculate a composite score, we assign 3,

2, 1 for full-time, work part-time work, and no work, respectively, and add each score of Q411

to Q415. As a result, higher score implies stronger preference for working.

Third, we measure preference for part-time work through monetary compensation, and

(work you like). We assign zero when individual prefer part-time work assignment (B in Q509-1

and Q509-2), otherwise 1. We also use composite score by adding scores from two questions. A

lower score implies stronger preference for part-time work.
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B.3. Attitude and expectation toward work

Relative importance for job choice decision

We measure relative importance of job aspects. Survey participants were given 20 beans and

asked to allocate them into five motivation categories: (i) good future career; (ii) earning respect

and high status; (ii) paying well; (iv) interesting job; and (v) acquiring useful skills.

Intrinsic motivation

Intrinsic motivation is an individual’s trait that captures whether the individual is motivated

to do things by intrinsic rewards such as his/her own desire to pursue goals or challenges. It

is the opposite of extrinsic motivation, described below. We measure intrinsic motivation using

a 15-item scale (Amabile et al. 1994). All items were answered using a 4-point Likert scale

format ranging from strongly agree (1) to strongly disagree (4).

Extrinsic motivation

Extrinsic motivation is an individual’s trait that captures whether the individual is motivated

to act by external rewards, such as reputation and monetary rewards. We use a 15-item scale

to measure the level of motivation triggered by extrinsic values (Amabile et al. 1994). All items

were answered using a 4-point Likert scale format ranging from strongly agree (1) to strongly
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disagree (4).

Career expectations

The career expectation module measures what motivates the applicant to pursue her career.

All items were answered using a 4-point Likert scale format ranging from strongly disagree (1)

to strongly agree (4).

Accomplishment and status seeking

These modules, developed by Barrick, Stewart, and Piotrowski (2002), measure different types

of motivation to work. The accomplishment-seeking module measures how much one cares

about achievement in work. The status-seeking module measures how much one cares about

what other people think of oneself and about one’s status relative to other members of the

group. All items were answered using a 4-point Likert scale format ranging from strongly agree

(1) to strongly disagree (4).
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Career progress concern

This module measures how respondents view their career in the future. All items were answered

using a 4-point Likert scale format ranging from strongly disagree (1) to strongly agree (4).

Concern compensation and benefit
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This module measures how much one cares about the compensation and benefits of jobs. All

items were answered using a 4-point Likert scale format ranging from strongly disagree (1) to

strongly agree (4).
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