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Abstract

Jobseekers face multiple barriers with potentially different implications for the level of search and re-
turns to increasing search. An experiment on a job search platform in Pakistan shows that lowering users’
psychological cost of initiating job applications increases applications by 600%. Returns to the marginal
applications induced by treatment are approximately constant rather than decreasing, in contrast with in-
tuitive job search models. This pattern is consistent with a model in which heterogeneous psychological
costs of initiating applications, potentially due to heterogeneous present bias, lead some jobseekers to
miss applying to even high-return vacancies. Additional experiments and measurement reject alternative
behavioral and non-behavioral explanations. Our finding of constant returns to marginal search effort,
combined with limited spillovers onto other jobseekers, raises the possibility of suboptimally low search

effort due to psychological costs of initiating applications.
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1 Introduction

Job search is a central feature of labor markets, and job search frictions can have important economic conse-
quences. Macroeconomic models of frictional search can explain both employment levels and productivity
of firm-worker matches (Pissarides, 2000). Microeconomic research has documented many specific job
search frictions ranging from pecuniary search costs to incomplete information (e.g. |Abebe et al.|2021albj
Abel et al.[|2019; Bandiera et al.| 2021} Belot et al.|2018;; [Franklin|[2017)). Recent work has shown that job
search can also be sensitive to behavioral factors such as present bias, reference-dependence, and motivated
reasoning, which can reduce or delay search effort (e.g. |Cooper and Kuhn|2020; Dellavigna et al.|[2022;
Mueller and Spinnewijn/[2022)).

In this paper, we study the search effort of jobseekers on a search and matching platform who receive
monthly text messages listing vacancies relevant to their skills and interests. We show that adding follow-up
calls that invite jobseekers to immediately start the application process substantially increases the number
of applications, relative to leaving it to the jobseeker to take the initiative to phone and apply after getting
text messages. Moreover, returns to the additional search effort are approximately constant rather than
decreasing, in contrast with many job search models. This pattern is consistent with a model in which follow-
up calls reduce the psychological cost of initiating applications, which is high enough for some jobseekers
at some times that it deters applications to even high-return vacancies. This finding of constant returns,
combined with the finding that additional search effort has limited spillovers onto other jobseekers, suggests
the possibility of sub-optimally low search effort due to psychological costs of initiating applications.

To show this, we work with a novel job search platform in Lahore, PakistanE] We observe all vacancy
characteristics, job application decisions, application materials, and interview outcomes for roughly 1.1
million matches between vacancies and jobseekers. The 9,800 jobseekers are recruited from a city-wide
representative household listing. They have a wide range of education levels, ranging from incomplete
primary school to graduate degrees, and a wide range of baseline labor force attachment, ranging from em-
ployed and searching to non-employed and non-searching. This sample breadth is unusual in experimental
job search studies (Poverty Action Lab, 2022). Using the platform requires only basic literacy, a simple
phone, and almost no airtime, generating very few technological and pecuniary barriers to search.

Our main experimental treatment shifts how jobseekers communicate with the platform, lowering the
psychological cost of initiating job applications. All users receive a monthly text message listing new va-
cancies that match their education, experience, and occupational preferences. These matches are determined
by information jobseekers report at sign-up, before treatment assignment. Control group users must initiate
job applications by calling the platform or asking the platform to call them. Treatment group users also
receive a follow-up phone call after the text message that invites them to begin the application process,
reducing the psychological cost of actively initiating a job application. The experimental design holds con-
stant many other features of the economic environment: the phone call treatment has a negligible effect on

the pecuniary and time costs of applying, provides no direct encouragement or pressure to apply, and does

'Such platforms are becoming an increasingly common feature of many labor markets. In Pakistan, Rozee, LinkedIn, and Bayt
had respectively 9.5, 7.5, and 3 million users in 2021. Bayt reported 39 million users in 2021 across the Middle East, North Africa,
and South Asia. LinkedIn reported over 10 million users in 2022 in at least 18 countries, 10 of them low- or middle-income.



not provide more information about the vacancies.

Our two main findings are that the phone call initiation treatment dramatically increases the job appli-
cation rate, and that the average return to the additional applications is approximately constant rather than
decreasing. Treatment increases the share of jobseeker x vacancy matches getting applications from 0.2 to
1.5%. Using treatment as an instrument for applications shows that marginal treatment-induced applications
have a 5.9% probability of yielding interviews. This is neither substantively nor statistically significantly
different from the 6.3% probability for inframarginal applications from the control group, implying that
returns to job search are approximately constant over this large increase in search effort. Returns are also
approximately constant for ‘value-weighted’ interviews, weighted by their desirability in terms of salary,
hours, commute times, and non-salary beneﬁtsE] This finding is not explained by differences in the ‘quality’
of jobseekers who submit marginal vs inframarginal applications: we reject this type of selection using ob-
served quality proxies and we replicate our main finding using an additional within-jobseeker through-time
randomization [

The finding of approximately constant returns is surprising. It clashes with an intuitively plausible model
in which jobseekers prioritize applying to vacancies with the highest combination of interview probabilities
and desirable attributes, so any additional applications would have decreasing returns. Variations on this
intuitively plausible model form the basis for the literature on ‘directed’ job search, reviewed by [Wright
et al. (2021)ﬂ Constant returns are consistent with models of ‘random’ job search, where vacancies are
homogeneous and jobseekers randomly choose where to apply, including the canonical model of |Pissarides
(2000). However, random search models do not match other results or features of our setting. We find
substantial variation in both vacancy value and proxies for jobseeker-vacancy match value such as salary,
commute times, and alignment between jobseekers’ work experience and vacancies’ experience preferences.
Furthermore, control group jobseekers are more likely to apply when this value is higher. And we run an ad-
ditional experiment deliberately designed to encourage random search, which generates sharply decreasing
returns to marginal search. So, if jobseekers can and do direct applications to higher-value vacancies, why
do additional applications induced by treatment have roughly constant returns?

To explain the constant returns finding, we present a simple model of job search with heterogeneous
psychological application costs. Our goal is to provide a compelling explanation for our main findings, and
several additional results, without claiming this is the only possible explanation. In this model, the platform
matches jobseekers to vacancies each month and each jobseeker applies to every match for which the ex-
pected present value of applying exceeds the cost of applying. The key to this model is a psychological cost
of initiating applications that varies across jobseekers and/or within jobseeker through time. This hetero-

geneity might be due to variation in the psychological cost itself (following |Carroll et al.|2009) or variation

2Throughout the paper, we use ‘returns to search’ to refer to interview invitations or value-weighted interview invitations,
acknowledging that these are gross returns and not net of application costs.

3Abebe et al.| (2019) show that constant or even increasing returns to additional search are possible when search costs and
jobseeker quality are positively correlated, as marginal applications can then come from higher-quality jobseekers. We do not see
evidence of this pattern in our data.

*Some models of directed job search show that constant returns to marginal applications are possible if marginal and infra-
marginal returns are directed to different types of jobs (Belot et al.l[2018). We find no evidence of this pattern in our data.



in jobseekers’ degree of present bias that changes the ratio of benefits to psychological costs (following
DellaVigna and Paserman|[2005} Paserman ZOOS)EI In either case, this heterogeneity means that some job-
seekers in some months apply to at least one vacancy, while in other months they apply to no vacancies.
This model also explains another pattern that we observe: many control group jobseekers miss applying to
high-quality matches, potentially because they face particularly high psychological costs.

The phone call treatment reduces the psychological cost of initiating applications because the jobseeker
passively receives the call rather than initiating it. Jobseekers who would have applied in that month without
treatment may now submit additional applications, which will have on average lower returns because the
lower cost lowers the ‘bar’ for applying. On the other hand, jobseekers who would not have applied in
that month without treatment may now submit applications, which will go to the highest-return vacancies
available to them and hence might have higher average returns than control group applications. The return to
treatment-induced marginal applications can equal the return to inframarginal applications when averaged
across these two groups of jobseekers. This prediction echoes research showing that eliminating the need
for initiating decisions can increase financial and health investments (DellaVigna, 2009; DellaVigna and
Malmendier, [2006; Madrian and Shea, [2001; Thaler and Benartzi, |2004)).

We can test and reject many alternative explanations for our main findings. Additional experiments
show that reducing the pecuniary or time costs of applying has minimal effects, implying an important role
for the psychological cost of initiating applications. Alternative behavioral explanations — encouragement,
pressure, or reminders — are not consistent with the platform design or results from additional experiments.
Information- or belief-based explanations — additional information about matches or higher perceived returns
to applications — are not consistent with the platform design, results from additional experiments, or survey
measures of beliefs. Econometrically, we develop tests to show that the constant returns finding is robust to
potential violations of the exclusion and monotonicity conditions in our instrumental variables analysis.

Importantly, we do not find evidence that this additional search has negative spillovers on other jobseek-
ers. We treat 50% of jobseekers on the platform, which increases total search by enough that quantitatively
large spillovers are possible. Instead, we find that individual jobseekers’ interview probabilities are unaf-
fected by competing against more treatment-induced applications from other users. However, we do not
have data on job offers to test spillovers at that stage. We also use survey data to show that the treatment
effect on off-platform search is close to zero, consistent with no crowd-out across search methods.

We also estimate treatment effects on employment. However, we are underpowered to study employment
effects at the scale of this experiment. This occurs because treatment leads to dramatically more applications

and interviews, but from a very low control group mean, so even treated jobseekers have too few interviews

>We do not attempt to test between heterogeneous psychological costs and heterogeneous present bias, as they produce equiva-
lent predictions for both job applications and returns. This echoes a more general literature highlighting the difficulty of separating
heterogeneous present bias from heterogeneous costs (Bernheim et al.| 2015;|Dean and Sautmann, 2021)). |DellaVigna et al.|(2017)
and Dellavigna et al.| (2022) also document the role of present bias in job search, building on work by |O’Donoghue and Rabin
(1999) and |O’Donoghue and Rabin| (2001). They do not directly focus on heterogeneity in present bias but [Duflo et al.| (2011)
show that heterogeneous present bias in particular can explain low adoption of highly profitable technology. The existing literature
suggests several factors that could make applying psychologically costly including fear of rejection (reviewed by [Bénabou et al.
2022) and cognitive costs of evaluating vacancies (Mackowiak et al.,|2023)), particularly when this requires switching from another
task (Rubinstein et al.,2001). We do not attempt to separate these factors.



to meaningfully shift the probability of employment. But treatments that lower the psychological cost of
initiating applications on larger platforms might generate substantial job offer effects. For example, Rozee,
Pakistan’s largest job search platform, is almost one thousand times larger than our platform. And interviews
do represent an important search outcome because they are a necessary condition for job offers and impose
non-trivial costs on both job applicants and firms.

Our paper makes two main contributions. First, by studying psychological job search costs we add to
a small literature on behavioral job search (reviewed by |Cooper and Kuhn|[2020). Existing work shows
patterns of job search consistent with present bias, motivated reasoning, and reference dependence (DellaV-
1igna and Paserman, 2005; |DellaVigna et al., [2017} Dellavigna et al., 2022; [Mueller and Spinnewijn, [2022;
Paserman, 2008)E] Babcock et al.| (2012) suggest multiple possible policies to encourage and improve job
search in the presence of behavioral biases. However, |Abel et al.| (2019) and |Sanders et al.|(2019) provide
the only evaluations of policies designed to directly target behavioral factors, showing that job search action
plans increase employment. We extend this work by running multiple field experiments to show how small,
theory-informed policy changes to the job search environment can increase search without lowering returns,
while other policy innovations that are only slightly different would fail to produce this result. Many other
job search policies might have behavioral channels: motivated reasoning might affect how jobseekers pro-
cess and use new information (Abebe et al.,[2021a,b; |Abel et al., 2020; /Altmann et al., 2018} (Bandiera et al.,
2021; Bassi and Nansamba, 2020; Beam, 2016; Behaghel et al., 2020; |Belot et al.| [2018}; Boudreau et al.,
2022; |Carranza et al, 2021; Dammert et al., 2015; Garlick et al., 2022} [Spinnewijn, 2015} [Subramanian,
2021)), present bias and reference dependence might influence how jobseekers spend subsidies (Abebe et al.,
2021a; |Banerjee and Sequeira, 2020; Field and Vybornyl, 2022; [Franklin, 2017), and relationships between
caseworkers and jobseekers might have behavioral components (Arni and Schiprowski, [2019; |Bolhaar et al.,
2020; |Lechner and Smith, [2007; Schiprowski, 2020). However, research into these forms of job search
assistance has not sought to pin down behavioral components.

Second, we provide a direct estimate of returns to additional search effort. Returns to search effort, typ-
ically interpreted as job applications, are a central feature of canonical job search models (Pissarides, [2000)
and are important for evaluating policies such as search subsidies or search requirements for recipients of
unemployment insurance. However, direct estimates are very rare, in part because identifying returns to
search requires data on both search effort and outcomes, as well as exogenous search effort shifters. Many
papers study the effect on employment of search subsidies or requirements for recipients of government
benefits, but do not observe actual search effort (see reviews by |Card et al.[2010, 2018; [Filges et al.[[2015;
Heckman et al.[1999; Marinescu/|2017b). A smaller, more recent literature studies the effect of search subsi-
dies or requirements on online search effort, but without observing outcomes of search (Baker and Fradkin,
2017; Marinescul, 2017a; Marinescu and Skandalis|, 2021). Without direct estimates of returns to search, it
is difficult to understand why search shifters have different effects in different contexts (due to different ef-
fects on search or returns to search?) or to design search promotion policies (how many applications should
be required or subsidised?). But only |Arni and Schiprowski| (2019) and |Lichter and Schiprowski| (2021})

%Related work studies the relationship between job search and locus of control (Caliendo et al. [2015; McGeel 2015) and
behavioral factors in job search in labs (Brown et al.| [2011} |[Falk et al.,2006bla; [Fu et al., 2019; McGee and McGeel [2016).
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show directly how additional policy-induced job applications affect labor market outcomes, specifically un-
employment duration. We advance on this work by using application-level data that allow us to precisely
describe how marginal and inframarginal search effort is directed and to compare the outcomes of marginal
and inframarginal applications. However, we do not observe administrative data on employment, as they do.
Most of the experimental work discussed in the preceding paragraph studies changes in search strategies,
search technologies, or multiple dimensions of search, rather than isolating the role of search effort
Our findings of a positive and non-decreasing jobseeker-level return to search and a lack of spillovers on
other jobseekers demonstrate the possibility of sub-optimally low search effort. This is relevant to debates
about possible spillovers or congestion effects from rising search effort and what this implies for labor
market policyﬂ Our results match those from recent studies using platform vacancy-level data to show that
interviews and offers do not respond to application volumes (Fernando et al., [2021}; |Horton and Vasserman,
2021). Taken together, the three studies suggest that employer responses to application volumes on platforms
are relatively inelastic. This might occur because vacancy fill rates are below 60% in all these studies, so
more applications can increase the probability that any one applicant meets the firm’s reservation quality.
Our findings about how jobseekers direct job applications to specific vacancies also relate to a growing
literature on directed job search, a framework based on the idea that jobseekers send applications to jobs
with higher wages or higher match quality (Wright et al., 2021). Recent microeconomic research finds
mixed evidence for directed search (Alfonso Naya et al.| 2020; Behaghel et al., 2020; Belot et al.l 2018,
2022; |Garlick et al., 2022} |Gee., [2019; He et al., |2021; Marinescu and Wolthoff, 2020). We show that
marginal and inframarginal applications are directed to similar types of vacancies and yield roughly equal
returns in terms of interviews and quality-weighted interviews. This suggests that jobseekers miss applying
to some high-value vacancies, which could be incorporated into future job search models.
Methodologically, we show the value of embedding multiple related experiments into a job search and
matching platform to identify a specific barrier to search. This adds to a growing literature using these
platforms as laboratories to study job search and hiring behavior (e.g. |[Horton|[2017} |[Lyons|[2017}; |Pallais
2014; Stanton and Thomas|[2021])), although rarely through multiple experiments (Pallais and Sands, 2016).
We describe the economic environment in Section [2f the context, sample, platform, and experimental
design. In Section [3| we present the treatment effects on job applications and interviews and the implied
effect of marginal job applications on interviews. We develop and evaluate our preferred interpretation in
Section ] and show evidence against alternative interpretations in Section [5] We discuss spillover effects in

Section[6|and treatment effects on off-platform outcomes in Section 7}

"In particular, our work differs from recent papers studying the effect of encouraging people to enroll on job search platforms
(Afridi et al., 2022; [Kelley et al., 2021} Jones and Sen, 2022 Wheeler et al.| [2022). Joining a job search platform is a bundled
experience that might shift factors ranging from wage expectations (Kelley et al., 2021) to information about specific vacancies
(Wheeler et al.| [2022). These have substantially different interpretations to our findings. The same is true of work studying the
effect of access to (faster) online job search (Bhuller et al.,2019; |Chiplunkar and Goldberg| [2022; |Gurtzgen et al., 20205 Hjort and
Poulsen, [2019; [Kuhn and Skuterud| 2004; |Kuhn and Mansour, 2014)).

*See [Blundell et al.|(2004), Crepon et al.|(2013), |[Ferracci et al. (2014), |Gautier et al. (2018), Johnston and Mas| (2018), [LaLive
et al.|(2022), Lise et al.|(2004), and [Toohey|(2014) for evaluations of search-encouragement policies in the presence of spillovers.



2 Economic Environment
2.1 Context

Our experiment takes place on Job Talash (“job search” in Urdu), a job search and matching platform in La-
hore, Pakistan, created by our research partners at the Center for Economic Research in Pakistan. Lahore is a
city of about 10 million people located in Pakistan’s Punjab province. Pakistan’s official Labor Force Survey
for 2018 shows that 49% of adults in Lahore were in the labor force and 47% were employed, although the
gender gap was large: women’s labor force participation and employment were 11 and 10%, while men’s
were 85 and 83% (Table [A.I). The job search rate was 50% for non-working adults who are ‘available
for work,” the only respondents who search status is recorded by the Labor Force Survey. Conditional on
searching, direct applications were the most common method but are only fractionally more common than
search through networks. The prevalence of informal, network-based search matches patterns in other de-
veloping economies (Government of Bangladesh, 2015; |(Government of South Africa, [2018]; |Government
of Namibial 2016). Job search and matching platforms are a growing feature of Pakistan’s labor market,

particularly in major urban areas such as Lahore, as we describe in footnote [T}

2.2 Samples of Jobseekers and Firms

We recruited participants by conducting a household listing from a random sample of 356 enumeration areas
across Lahore between October 2016 and September 2017. This provides a representative listing of 49, 506
households and 182,585 adult members across metropolitan Lahore, which included their age, education,
and current work status. We invited each adult household member regardless of employment status to sign
up for the Job Talash platform and 46, 571 expressed interest. The Job Talash call center then called each
of these people to collect information on their education, work experience, job search, and occupational
preferences. Platform staff used this information to populate CV templates for everyone who completed the
sign-up process. These 9, 838 people comprise our main sample.

This sampling process is designed to include participants with different levels of education and labor
market attachment, including those who are neither employed nor searching. This is relatively unusual in
experimental work in labor economics: of the 29 experimental job search studies reviewed by |Poverty Action
Lab| (2022), only 8 construct samples from household listings, while another 12 sample from unemployment
registries and 4 from job search assistance services, whose participants are required or strongly encouraged
to search. Our sampling process is unique in covering a broader section of the population, which allows us
to show that the search barrier we identify affects many different types of active and potential jobseekers.

Column 1 of Table[I|presents descriptive statistics for the control group in our study sample. At baseline,
20% of the sample are employed and searching through some channel other than Job Talash, 35% are search-
ing but not employed, 14% are employed but not searching, and 31% are neither employed nor searching.
Network search is the most common method, more than twice as common as applying directly and three

times as common as visiting establishments to ask about vacancies. Later surveys of respondents show that



only 4% used some other job search assistance program or online platform. The average respondent has 7.9
years of work experience with an interdecile range of 0-16. Respondents’ education levels also vary widely:
15% have no education, 15% have completed secondary school, and 25% have a university degree. 31% are
female and the average age is 30, with an interdecile range of 20-45. In Table we compare the study
sample to the population of Lahore, captured by both the official Labor Force Survey and our household
listing. Our sample is younger, more male, more educated, less likely to be employed, and more likely to be
searching, suggesting greater openness to a novel search platform among these demographic groupsﬁ

Firms are enrolled through a door-to-door listing in commercial areas of Lahore, described in more detail
in Appendix |Al Firms are invited to list any current vacancies during enrollment and periodically thereafter,
providing each vacancy’s job title, occupation, salary, benefits, and hours. Vacancies cover a range of
education and experience levels and occupations, such as computer operator, makeup artist, salesperson,
sweeper, security guard and HR manager. Column 1 of Table |2 shows that the average vacancy offers a
monthly salary of 14,381 Pakistani Rupees (431 USD PPP) and is posted by a firm with 27 employees that
hired 5.5 people in the last yearETI The mean salary offer is roughly 60% of the mean salary in the Labor
Force Survey data for Lahore (Figure[A.2)) and roughly 60% of the mean salary for vacancies posted during
the same period on Rozee, Pakistan’s largest job search portal (Matsuda et al., 2019). However, this does
not necessarily indicate negative selection into our sample of vacancies, as the Labor Force Survey data are
not restricted to starting salaries and Rozee caters mainly to highly educated jobseekers.

Use of online job posting platforms was rare in this sample. At baseline, only 22% of firms had adver-
tised a vacancy on a job search platform, while 67% had recruited through referrals, 35% from CVs dropped

off directly by jobseekers, and 11% through newspapers or other traditional media.

2.3 Job Talash Platform

The Job Talash service is free to both jobseekers and firms. It requires only literacy and access to a phone
with call and text message functionality. This allows broad access to the platform and relatively easy scaling:
97% of urban households in Punjab have a mobile phone (MICS| (2018))).

After signing up, jobseekers are matched to each listed vacancy using a very simple algorithm: the
jobseeker must have at least the required years of education and experience, appropriate gender if specified
by the employer, and must have indicated interest in the occupation category corresponding to the jobm
Jobseekers can update education, experience, and occupation preferences in their profile whenever they

choose, including adding missing information from their initial sign-up process; an active effort was made

?Our measures of search prevalence are not directly comparable to the Labor Force Survey. The Labor Force Survey reports
that 50% of those who are ‘available for work’ but not employed are searching, but does not measure search for the employed or
those not available for work. We do not observe a measure of ‘available for work’ in our sample. But 50% of the non-employed in
our sample were searching at baseline, suggesting a higher rate if we were able to condition on availability for work.

0These summary statistics weight each vacancy by the number of jobseekers who match with the vacancy. We define a jobseeker
X vacancy match in the next subsection.

"Of the vacancies listed on this platform, 20.2% are open only to women and 45.3% are open only to men. Explicitly gender-
targeted job listings are common in Lahore’s labor market and in other settings (Kuhn and Shen, 2013).



Table 1: Jobseeker Summary Statistics, Selection into Applications, and Balance Tests

(1) @) 3)
Selection into application Balance checks
Mean | T=0  Mean | T=0, A=1 — Mean | T=0  Mean | T=1 — Mean | T=0
(Std dev. | T=0) [p-value] [p-value]
Employed and searching 0.200 0.092 0.034
(0.400) [0.000] [0.228]
Employed and not searching 0.141 -0.044 -0.028
(0.348) [0.000] [0.256]
Searching and not employed 0.345 0.041 0.024
(0.475) [0.033] [0.344]
Not searching and not employed 0.314 -0.089 -0.030
(0.464) [0.000] [0.307]
Search method: network 0.397 0.109 0.032
(0.489) [0.000] [0.476]
Search method: formal application 0.154 0.022 0.028
(0.361) [0.147] [0.651]
Search method: asked at establishments 0.225 0.080 0.032
0.417) [0.000] [0.728]
Years of work experience 7.85 -0.23 -0.22
(8.88) [0.463] [0.568]
Education: none 0.146 -0.063 -0.012
(0.353) [0.000] [0.294]
Education: primary or some secondary 0.457 -0.096 -0.023
(0.498) [0.000] [0.871]
Education: complete secondary 0.148 0.032 0.002
(0.355) [0.027] [0.673]
Education: university degree 0.250 0.126 0.033
(0.433) [0.000] [0.335]
CV: excellent score 0.093 0.005 0.084
(0.291) [0.812] [0.868]
CV: good score 0.330 -0.031 0.032
0.471) [0.281] [0.970]
CV: average or lower score 0.576 0.027 -0.116
(0.495) [0.383] [0.872]
Female 0.303 -0.032 0.022
(0.460) [0.063] [0.329]
Age 30.7 -2.0 -0.5
9.7 [0.000] [0.307]
# matches sent by platform 113 41 -
(121 [0.000]
# applications on platform 0.226 1.599 -
(0.863) [0.000]
# interviews through platform 0.014 0.101 -
(0.128) [0.000]

Notes: This table shows summary statistics for jobseekers’ baseline characteristics and, in the last three rows, platform use characteristics. Each unit of
observation is a jobseeker x vacancy match, to align with the subsequent analysis in the paper. Column (1) shows the mean and standard deviation for the
control group. Column (2) shows the difference between the mean for the control group sample of jobseekers who apply to at least one job and the mean
of the full control group sample, along with the p-value for testing if this difference is zero. This shows how jobseekers who apply to jobs on the platform
differ from jobseekers who do not apply to jobs on the platform. Column (3) provides balance tests by showing the difference between the mean for the
treated sample and the mean for the control group sample, along with the p-value for testing if this difference is zero. This checks if the treated and control
respondents have the same baseline characteristics on average. P-values are generated from regressions that use heteroskedasticity-robust standard errors
clustered by jobseeker (the unit of treatment assignment) and include fixed effects for the strata within which treatment was randomized (see footnoteE. We
leave column (3) blank for the final three rows because applications and interviews are post-treatment outcomes and the number of matches can be influenced
by post-treatment actions, although we show in Section Ethat this influence is irrelevant for our main results.



to update CVs by calling participants an average of 34 months after enrollment.

We refer to each jobseeker-vacancy pair, for which the respondent qualifies and has indicated interest in
the occupation, as a match. We study 1,116,952 matches generated by the platform over four years. The
average jobseeker received 113 matches (2.4 per month since sign-up) and the interdecile range is 8-259.

Importantly, there is substantial heterogeneity in proxies for the quality of these jobseeker-vacancy
matches. Column 1 of Table [2] shows summary statistics for match attributes in the control group. For
example, the jobseeker has education and work experience that are an exact match for the employer’s pref-
erences in only 18 and 13% of matches respectivelyE] Furthermore, 85% of jobseekers indicate interest in
multiple occupations, with the median jobseeker interested in six occupations. These patterns show hetero-
geneity in how much firms might value jobseekers matched their vacancies and how much jobseekers might
value the vacancies to which they are matched. This heterogeneity creates the potential for non-constant
returns to applications, which is important for interpreting our experimental results.

The platform sends jobseekers text message updates with matches approximately once per month if the
jobseeker has matched to any vacancies in that month. See Figure[A.T|for a sample text message. Jobseekers
on average receive a text every 2.8 months. The text messages contain the job title, firm name, firm location,
and salary of each match, along with the deadline to apply. Jobseekers only learn about vacancies to which
they match, as the platform does not have a search function. Conditional on receiving any matches in that
month, the average jobseeker receives 3.3 matches per month and the interdecile range is 1-7. Participants
can ask to pause or stop receiving matches at any time.

If a jobseeker wants to apply to any of these vacancies, she is instructed to call the platform using a
number listed in each month in the text message, before the deadline also stated in the text message. If the
jobseeker reports that she wants to apply to a specific vacancy, the platform forwards her CV to the firm.
The CVs are constructed by the platform by populating a template with respondent-specific information,
so there is no variation in CV design. The platform sends all applications to the firm in a packet after the
application deadline; thus timing of application does not affect interview probability. If the firm wants to
interview the jobseeker, they contact the jobseeker directly to arrange the interview. The Job Talash team
follows up with each firm a few weeks after the application packet is delivered to ask which applicants they
interviewed. Column 2 of Table [I| shows that, within our sample, jobseekers who actively use the platform
are slightly younger, better-educated, are more likely to be searching for jobs at baseline.

The platform design has two key advantages for our research, relative to standard job search platforms.
First, we observe all information available to both sides of the market. We observe the same information
about vacancies as jobseekers receive through the text messages, and the same information about jobseekers

as firms receive through the CVs. We also gather a quality measure for the CVs of 1,470 jobseekers that

2For each vacancy, the platform collects both the required levels and preferred types of education and experience. Jobseekers
are only matched to vacancies if they have the required levels of experience and education, e.g. complete high school and five years
of work experience. They can be matched if they do or do not have the preferred types of education and experience, e.g., their work
experience might be in a non-preferred field. We use the alignment between jobseekers’ education and experience and vacancies’
preferred types as a measure of match quality.
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Table 2: Vacancy- and Match-level Summary Statistics and Selection into Applications

ey 2)
Selection into application
Mean | T=0  Mean | T=0, A=1 — Mean | T=0

(Std dev. | T=0) [p-value]

Salary 14,381 6,576
(9,170) [0.000]

Firm # employees 26.6 61.7
(135) [0.000]

Firm # vacancies in last year 5.50 6.80
(12.2) [0.000]
Exact education match | vacancy requires high ed 0.184 -0.016
(0.387) [0.542]

Exact experience match | vacancy requires experience 0.126 0.050
(0.331) [0.016]

Gender preference aligned 0.700 -0.191
(0.458) [0.000]

Short commute 0.519 0.021
(0.500) [0.329]

Vum index: proxies of value of vacancy to jobseeker 0.016 0.226
(0.899) [0.000]

Applied 0.002 0.998

(0.045)

Interviewed 0.000 0.063
(0.011) [0.000]

Notes: This table shows summary statistics for vacancy- and match-level characteristics. Column (1) shows the mean and standard
deviation for the control group sample. Column (2) shows the difference between the mean for the control group sample of matches that
resulted in applications and the mean of the full control group sample of matches, along with the p-value for testing if this difference is
zero. This shows how matches that lead to applications differ from other matches. P-values are generated from regressions that control
for stratification block fixed effects and use heteroskedasticity-robust standard errors clustered by jobseeker. The p-value for ‘Applied’ in
column (2) is omitted because the standard error is zero by definition for the mean application rate conditional on application. Salary is
in Pakistani Rupees per month. 1 Rupee ~ USD 0.03 in purchasing power parity terms during the study period. Exact education match
is an indicator for an exact match between the employer’s preferred field of educational specialization and the jobseeker’s field. Exact
experience match is an indicator for a match in which the jobseeker has experience in the same occupation as the vacancy. These two
variables are only defined for vacancies that require respectively more than basic education and some experience. These two variables use
employers’ preferred education and experience, rather than the required education and experience used in the matching algorithm. The
Vum index is an inverse covariance-weighted average of all the preceding rows, following |Anderson|(2008).

applied to jobs on the platform that were willing to share their evaluation data with us. Second, respondents
see only the vacancies to which they match. This generates a well-defined jobseeker-vacancy unit of analysis
that we use throughout the paper, and refer to as a match. This is not possible on platforms that allow
unrestricted search, as every jobseeker can apply to any vacancy on the platform and the researcher may
not observe which vacancies the jobseeker has seen, making it difficult to distinguish between vacancies a

jobseeker sees but decides not to apply to and vacancies she has not seen at allE]

BJobseekers can influence which matches they receive by changing CV information, changing occupational preferences, or
requesting to stop receiving matches temporarily or permanently. This potentially creates a sample selection problem for the
match-level dataset but we show in Appendixthat the amount of selection is small and correcting it does not affect our results.
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2.4 Platform Use

We highlight four important patterns of platform use, focusing on the control group statistics in Tables [I]
and |2| First, the application rate is low: the average jobseeker submits only 0.23 applications and applies
to 0.2% of matches they receive, or an average of roughly 0.03 applications per month. While on the low
end relative to other platforms, this is expected given that our sample deliberately includes people who
were not actively searching at baseline (on or off the platform), and corresponds to rates of platform use
in comparable samplesE-I The application count is unsurprisingly right-skewed: 80% of jobseekers submit
zero applications and 2% submit more than 5 applications. Second, the interview rate is low, but mainly
because the application rate is low. The average jobseeker receives 0.014 interviews through the platform
but each application has a 6.3% probability of converting into an interviewE]

Third, there is substantial variation in match value, and applications are directed to relatively high-value
matches. For example, the standard deviation of monthly salary is roughly 9,200 Pakistani Rupees (275 USD
PPP) and higher-salary vacancies get more applications (Table [2} column 2, row 1). This pattern persists
within jobseeker: the average control group jobseeker faces a standard deviation of 4,900 Pakistani Rupees
across the vacancies to which they match and is 445% more likely to apply to a match in the top than bottom
quintile of their with-jobseeker across-match salary distribution (Figure [C.I] panel A). At the match level,
jobseekers are more likely to apply to vacancies where their work experience matches the firm’s preferred as
well as required level (Table |2} column 2, row 5). Combining our available proxies for vacancy and match
value in a single index shows that applications are substantially more likely for high-value matches (row
8). This confirms that jobseekers can and do apply to higher-value matches, rather than randomly picking
where to apply from relatively homogeneous matches, as random search models assume.

Fourth, however, control group jobseekers miss applying to many high-value matches. For example,
jobseekers apply to only 0.46% of the matches in the top quintile of the within-jobseeker across-match
salary distribution (Figure [C.I} panel A). This pattern also persists for other measures of value such as
hourly wage, commute-adjusted salary and an index of all vacancy- and match-level value measures we
observe (Figure panel B).

These patterns naturally motivate our research. On the one hand, the facts that job applications are rare,
including to high-value matches, and that applications have reasonably high interview probabilities suggest
that further lowering application costs could lead to more applications and substantially more interviews.
On the other hand, the facts that jobseekers seem to choose strategically where to apply and that pecuniary

and time costs of applying are already very low suggest that additional applications could go to relatively

"For example, in a sample of South African jobseekers who were encouraged to create LinkedIn accounts but were not already
using the platform, jobseekers submit an average of 0.03 applications per month, almost identical to the rate we observe (Wheeler,
et al.;|2022). In contrast, in samples restricted to active platform users studied in economics research, the number of job applications
range from 0.2 - 3.6 applications per person per month (Banfi et al.l [ 2019; Kudlyak et al., 2013).

15As a benchmark, [Belot et al.| (2018) find that 3.6% of job applications submitted on a Scottish platform yield interview in-
vitations. Other studies of platform-based job search do not report this ratio. Studies of off-platform job search in developing
economies generally find over 10% of applications generate interviews, although we might expect a higher ratio for more expensive
off-platform search (Abebe et al.|[2021a}; Banerjee and Sequeiral [2020; |Carranza et al., 2021).
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low-value matches and yield few interviews. Our experiment is designed to adjudicate between these two
possibilities, both by identifying returns to additional applications and by understanding which barriers deter

additional applications in this setting.

2.5 Experimental Design and Interpretation

Our primary experiment varies a single element of communication to jobseekers in order to reduce the non-
pecuniary costs of applying for jobs on the platform: whether the platform initiates the application phone call
or the jobseeker must do so. The platform sends text messages to all jobseekers, irrespective of treatment
status, at the same time at the start of each monthly “matching round.” The text messages describe each
match received by the jobseeker that month (described above) and tells jobseekers to call the Job Talash
call center by a stated deadline if they wish to apply. The call center number is always included in text
messages and stays the same for the entire experiment. The vacancy deadline is on average ten days after
the text message, with some variation between matching rounds due to operational factors such as platform
staff capacity. When a jobseeker calls the platform, they are offered a free call back within the same day to
move forward with the application process. The financial cost of placing the call to initiate the application
process is a maximum of PKR 5 (US 3 cents, or less than 1% of a day’s earnings at minimum wage). In
addition, mobile telephone service providers in Pakistan offer small “loan” packages allowing for customers
to “borrow” 10-20 rupees of credit against a future top-up card, and the application period for each matching
round stays open for at least a week, so a short-term zero balance is very unlikely to be a binding constraint.

In the treatment condition, the call center also makes two attempts to phone each jobseeker and ask if
they would like to initiate the application process on the spot. Roughly 50% of jobseekers are assigned
to treatment for the full duration of the experiment and assignments are balanced on baseline jobseeker
characteristics (Table column S)E] Treated jobseekers are assigned to be called in a random order, starting
as soon as the text messages are sent and continuing until the day of the deadline. Treatment is designed to
minimize anticipation effects: the phone call treatment is not announced in advance and treated jobseekers
are informed in initial matching rounds of treatment that they may not receive a phone call in every round,
and should always contact the call center if they wish to apply.

Importantly, the text message and phone call scripts contain identical information: firm name, job title,
location and salary for each matched vacancy. The phone call scripts are also identical for the treatment
and control groups: the call center agent reads the information from the text messages to the jobseeker and
then asks if they want to apply to any of the matched vacancies. The only difference between the two is
that in the control group, the jobseeker must initiate the call, while the call center initiates the call for the
treatment group. If the jobseeker requests more info