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Abstract

Using data from a large online job portal, we examine how distance and city size impact
job seekers’ application behavior. We find that candidates have a relative preference
for larger (metro) cities, even when they are located far from candidates’ home cities,
while they have a strong distaste to non-metro cities, with application rates dropping
to near zero for jobs located more than 100 miles away. Interestingly, employers in
non-metro cities do not exhibit similar distaste for distant candidates. Leveraging
a natural experiment, we find that enhanced transportation connectivity does not
alleviate this aversion to non-metro locations. However, non-metro cities with dense
labor markets for specific job roles help mitigate this disparity.
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1 Introduction

Domestic migration facilitates economic growth and urbanization, and exhibits wide variation
across cities. For instance, cities that are far away from a job seekers’ location (Porcher, 2020;
Marinescu & Rathelot, 2018) and relatively smaller in size (De la Roca et al., 2023a) often
attract fewer skilled workers. The latter distinction is even more pronounced in developing
economies, where workers tend to cluster in a handful of large cities. While the limited
number of jobs in smaller cities is often cited as a major factor, it remains unclear whether
this is compounded by a lower preference of workers to move to these cities. Understanding
the interplay between distance, city size, and job seekers’ preferences is crucial for shaping
urban development, resource allocation, and economic policy as these countries continue to
grow. In this paper, we study how distance and city size interact to shape spatial job search
behavior. We first document a novel phenomenon - job seekers prefer larger vs. smaller
cities farther from their city of residence, and then assess the role of place-based policies that
decrease migration costs in mitigating this differential preference. Our findings reveal that
only smaller cities with dense labor markets, i.e., those with high density of jobs within a
given sector, can compete with larger cities in attracting job seekers.

We use novel data set from a major job portal for entry level job seekers that includes
job advertisements, applications, and shortlisting information between 2018 and 2020 in
India. The portal primarily caters to young, and first-time job seekers — a relatively mobile
group (Global Migration Group, Amior (2024)), making it ideal for studying spatial job
preferences. Additionally, India provides an ideal context for this investigation for several
reasons. First, India is currently pre-dominantly rural (65 percent) but is expected to urbanize
rapidly. This transition offers an excellent background to study what makes certain cities
more attractive during periods of rapid economic growth.! Second, India’s urban growth

is highly concentrated, with the largest (or metro) cities exhibiting far higher population

LChauvin et al. (2017) argue that countries like India have not achieved spatial equilibrium yet and
understanding urbanization in developing economies can provide important insights into city growth.


https://unesdoc.unesco.org/ark:/48223/pf0000227720

densities than their counterparts in developed economies like the US or emerging economies
like China (Desmet et al., 2015; Chauvin et al., 2017). Consequently, understanding why
workers gravitate overwhelmingly towards metro cities is important for urban planning and
firm location decisions.”

Using data from 37,000 job ads for full-time positions and 226, 000 candidates who applied
to these vacancies, we first document whether there is a differential preference for jobs across
distant cities by their size. We observe job characteristics, such as job role, city location,
education and experience requirements, company ID, and posted wages. On the candidate
side, we observe attributes like age, gender, education, experience, city of current location,
and most importantly, all the job applications made by them to the aforementioned ads. For
a subset of jobs, we also observe information on shortlisting by firms.

To analyze spatial job search behavior, we construct a detailed choice set for each candidate
based on job role and application date. It gives us 166 million observations at candidate xjob
ad level, with an average application rate of 1 percent.® The application rate is the highest at
6.5 percent within a job seeker’s own city. Using the above choice set and accounting for job
and candidate fixed effects, we find that the probability of application falls with an increase
in distance between the candidate and job locations, similar to the effect of distance in
migration gravity models (Grogger & Hanson, 2011; Bryan & Morten, 2015). Quantitatively,
the application rate for a job located 100 miles away, relative to the candidate’s home city,
falls by 90 percent and approaches zero for distances above 500 miles.*

Crucially, the application rate significantly differs for distant jobs located in the largest

metropolitan (metro) cities vs. other (non-metro) cities.” We find that the distaste for

2Rapid urbanization can also cause over-crowding, congestion, and proliferation of slums, leading to
subsequent deterioration of basic services, health, and poverty outcomes (see survey by (Marx et al., 2013)).

3He et al. (2021) experimentally find a similar application rate, 0.5%, for a job board in China.

4We find that candidate attributes, like gender, education, and experience play a minor role in explaining
the magnitude. The baseline magnitude for distaste in our sample is intermediate relative to Marinescu &
Rathelot (2018) and Banfi et al. (2019), the studies that estimate the distaste using applications data.

5For classification purposes, cities are grouped based on their urban agglomeration populations as reported
in the most recent Indian Census of 2011. According to this demarcation, Delhi, Mumbai, Bengaluru, Chennai,
and Kolkata emerge as the principal metro cities (top 5 based on population with each having at least 8
million residents). For a comprehensive list of Indian cities by urban population, see Census 2011.


https://www.census2011.co.in/urbanagglomeration.php

distance (beyond 100 miles) is largely driven by jobs in non-metro cities with distaste for
these locations three times as high as that for metros. At 500 miles, candidates are one-
third as likely to apply to metro jobs compared to those in their home city. In contrast,
the likelihood of applying to non-metro jobs beyond 500 miles falls to nearly zero. These
findings remain stable with stricter controls (e.g. identical roles within the same firm), posted
wages, candidate ability, or using city population instead of metro/non-metro classification.
Therefore, our results are not driven by job-specific attributes that differ across cities and
influence candidate’s job search behavior. Our regression estimates suggest that workers would
require a wage 3.75 times the median wage to equate the application rate for a non-metro
city 500 miles away with that of their home city.

Subsequently, we explore some factors that can potentially explain the disparity in
candidate preference for metro vs. non-metro locations. We first assess whether place-
based policies focusing on infrastructure investments to enhance transportation connectivity
between cities could reduce distaste for non-metro locations. Typically, metro cities offer
better connectivity to the rest of the country, and may explain why job seekers prefer them
(through lower migration costs and ease of coming back to home city). If connectivity is a
significant factor in explaining the divergence between metro vs. non-metro cities, reducing
connectivity costs (both pecuniary and non-pecuniary) could potentially make non-metro
cities more appealing.

To investigate this, we utilize the natural experiment provided by the UDAN scheme,
which introduced new subsidized air routes across Indian cities.® Implementing a staggered
difference-in-differences estimation strategy, we compare application rates from city pairs
connected under the UDAN scheme with those that were not, controlling for job attributes.
We find no significant change in the average number of applications to jobs located in non-
metro cities after UDAN. However, applications to jobs in metro cities increase by 25 percent.

These results suggest that while improved connectivity further enhances the attractiveness of

SUDAN stands for “Ude Desh ka Aam Naagrik” which translates to “Let the common citizen of the
country fly.” Section 4.1 and Appendix Section B.3 provide details on the scheme.
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metro cities, it does little to alleviate the distaste for non-metro locations, suggesting that
connectivity is not the primary factor driving candidate preference for larger cities.

Next, we examine the role of job role concentration in cities on the observed divergence in
distaste across metro vs. non-metro cities. Having a high density of jobs in a particular sector
offers workers greater opportunities for employer switching and enhancing career prospects
within the same city. In our context, non-metro cities functioning as industrial clusters might
attract candidates seeking dynamic advantages for career growth in specific sectors.” For
example, a candidate starting a career in the pharmaceutical industry might find Hyderabad
an ideal location, while someone aiming for a career in finance might not.®

To investigate this, we analyze application behavior as a function of dynamic concentration
of job role in a city. We exploit the timing of job search spells by a candidate, since most
candidates appear for a short time frame for searching jobs on the platform, to calculate
the proportion of jobs in a given job role posted across cities and visible to a candidate on
the portal. This dynamic measure allows identification of distaste arising from variation in
job role concentration based on timing of job search spells and filters out any city-job role
specific non-time-varying attributes. We find that a higher concentration of a given job role
in a city significantly reduces the distaste for that job role even when the city is located far
away. Notably, for the non-metro locations the distaste completely disappears beyond 100
miles if the city contributes 50 percent postings for a given job role. These results suggest
that job role density can mitigate some of the distaste for non-metro locations.

Furthermore, we examine the interaction between transportation connectivity (UDAN)
and job role density in shaping candidate application behavior. Interestingly, we find that
non-metro cities with an above-median concentration of jobs in a specific role experience a
significant increase in applications after being connected by an UDAN route. This suggests

that while improved connectivity alone is insufficient to make non-metro cities attractive, it

"This is similar to the job surplus hypothesis in Amior (2024), who argues that job surplus in destination
city matters for long distance migration.

8Hyderabad hosts a vibrant pharmaceutical sector and accounts for one-third of the global vaccine
production and 30 percent of India’s pharmaceutical production (see Invest Telangana).


https://invest.telangana.gov.in/pharma/

acts as an effective amplifier for cities already established as hubs for specific job roles.

Finally, we examine whether non-metro employers exhibit similar distaste for distant
candidates. If yes, then the observed candidate distaste is an equilibrium outcome of job
search process where candidates do not apply to distant non-metro jobs as employers are
unlikely to hire them. Accounting for job and candidate level unobservables, we find that
employers in non-metro locations are 11 percentage points more likely to consider distant
candidates for the job, effectively offsetting the baseline distaste for distant applicants. On
average, jobs in non-metro locations receive one-third fewer applications relative to the mean
application rate, which may explain why employers in these locations display no distaste
for distant candidates.” Taken together, these results show that the distaste for distance
non-metro cities by job seekers is not explained by them facing a lower probability of selection
by employers.

Our work contributes to the literature on labor mobility by exploring how agglomeration
forces and city characteristics shape workers’ preferences, particularly their distaste to move
to smaller cities. Prior studies have highlighted that workers choose big cities to have higher
earnings (Roca & Puga, 2017; Eeckhout et al., 2014; Baum-Snow & Pavan, 2012) and access
better amenities like education (De la Roca et al., 2023b; Arntz et al., 2023; Glaeser et al.,
2001), among others. De la Roca et al. (2023a) shows that younger workers having higher self-
belief are more likely to migrate to bigger cities. This paper adds to the existing literature by
first documenting a higher preference of workers for distant larger cities, even after controlling
for posted wages and job and candidate level unobservables. Our estimates suggest that
jobs in non-metro locations receive almost no application from candidates located 100 miles
away, quantifying the extent of candidate distaste for non-metro locations. We then provide
causal evidence on two key aspects. First, while improved transport connectivity enhances
accessibility, our findings suggest that it does not reduce the distaste for non-metro locations.

Second, dense labor markets for specific job roles in non-metro cities can partially mitigate

9In a recent survey conducted by Mint and Shine, over 200 human resource executives expressed concerns
about the challenges of recruiting skilled workers in smaller cities.


https://www.livemint.com/industry/human-resource/recruitment-skills-mismatch-skill-gap-migration-hiring-ai-cybersecurity-upskilling-it-companies-small-cities-11739700549129.html

this distaste.

Our result on dense labor markets overlaps with the literature on industrial cluster policies.
The evidence on the effectiveness of such policies remains sparse and inconclusive (see survey
by Neumark & Simpson (2015)).'" However, none of these studies examine whether such
policies affect job search behavior or migration. The only study to examine the role of
place-based tax-exemption policy on migration is by Abeberese et al. (2024) who find an
increase in employment driven by migration into the treated districts. Utilizing postings
data to construct time-varying occupation concentration across cities, exploiting exogenous
variation in candidate search spells, we demonstrate a preference among job seekers for
cities with dense labor markets. These results suggest that small cities could be attractive
for job seekers if they have dense labor markets, which can perhaps provide an enabling
environment to start a virtuous cycle for local economic growth. Moreover, given that we find
that employers in non-metro cities do not exhibit any distaste, policies aimed at encouraging
firms (via subsidies) in non-metro areas to increase employment may not effectively attract
more job seekers unless there is a big push to create substantive number of jobs in the city.

More broadly, our UDAN-based results connect to the literature on evaluating the
economic impact of airport expansions. Blonigen & Cristea (2015) and McGraw (2020) find
that the expansion of airports increased economic and population growth in connected cities
in the US, and Gibbons & Wu (2020) observe similar impact on manufacturing activity in
China. Conversely, Sheard (2014) and Breidenbach (2020) find no significant economic impact

of airport extensions in the US and Germany, respectively.!' Relative to this literature, our

0While Falck et al. (2010) find positive impact on innovation in targeted sectors in Germany, Huber
(2012); Martin et al. (2011); McDonald et al. (2007) report no significant benefits for local economy. Similarly,
Freedman et al. (2023) find no impact of Opportunity Zone policy on employment, while Criscuolo et al.
(2019) find positive impact of investment subsidy on employment within small firms. This aligns with the
evidence in Atkins et al. (2023) who find limited impact of Opportunity Zone program, that grants tax breaks
for investment in designated areas, on job postings. For a theoretical exploration of hiring incentives in
distressed regions, refer to Kline & Moretti (2013). A substantial body of empirical research examines the
efficacy of place-based policies in distressed areas (see survey by (Bartik, 2020)). For research on developed
economies, see (Hyman et al., 2022; Mayer et al., 2017; Busso et al., 2013; Ham et al., 2011; Neumark &
Kolko, 2010; Bondonio & Greenbaum, 2007), and for developing economies, see (Hasan et al., 2021; Lu et al.,
2019; Chaurey, 2017; Wang, 2013).

1 This also relates to the broader research evaluating the economic impacts of transportation infrastructure



paper uniquely documents the influence of air connectivity on job search process and how it
differs based on job location. We find heterogeneity in gains as large metro cities benefit from
new air routes by further attracting more job seekers, suggesting a siphoning effect. We also
contribute to the nascent work on understanding urbanization in developing countries. While
agglomeration forces continue to work, findings from advanced economies do not translate
one-to-one to these countries (Chauvin et al., 2017). This distinction underscores the need for
evidence-based research to inform urbanization policies (Bryan et al., 2020; Moretti, 2014).
However, lack of quality data has so far impeded such research work. By leveraging job
search data, our study provides causal insights into the factors that draw job seekers to cities,
enhancing our understanding of city development.

The remainder of the paper is organized as follows. Section 2 discusses the data and
Section 3 quantifies job seeker distaste for distant jobs located in non-metro. Section 4
evaluates the channels that contribute towards the distaste for jobs indistant non-metro cities.

Section 5 concludes.

2 Data

We use data from one of the major online job platforms catering to young job seekers in India.
The platform allows candidates to create their profiles and apply for positions at no cost,
while employers can post job advertisements for a nominal fee of USD 20 per job ad, with a
validity of up to 60 days, and receive applications. The portal also offers premium services to
employers for an additional fee, enabling them to shortlist candidates and communicate with
them through their interface.'? The final hiring decision, however, is not observed by the
portal. For analysing the distaste for distant jobs and specifically how this varies by city size,

we draw from data related to job ads posted from July-December 2020, and the applications

projects like highways and railways on employment or urban growth (Duranton & Turner, 2012; Lin, 2017),
urban firms (Gibbons et al., 2019; Baum-Snow, 2007), skill premiums (Michaels, 2008), long-term economic
growth (Banerjee et al., 2020) and trade (Donaldson, 2018). Also see Redding & Turner (2015) for a survey
on the impact of transportation networks.

12Premium services cost USD 70 for sending upto 1200 call letters and USD 140 for upto 4000 call letters.



made to these jobs. We choose this time frame for our job ad level analyses since for a subset
of these jobs ads, data on shortlisting by the employers, is also available. Thus, we observe
information on both sides of the matching market during this time period.'> We also have
data on posted ads and applications from June 2018-December 2019 which we use to examine
the role played by policies that reduce connectivity costs in affecting applications (Section 4).
We also use it to test robustness of our main findings on distaste in alternate periods.

For the posted jobs, we have extensive information on variables such as date of posting,
job role, job title, education requirements, minimum and maximum required experience,
minimum and maximum offered wage, job location, firm ID posting the job ad, and other
characteristics like number of vacancies. There were 51,549 full-time job ads posted on the
platform during July 2020-December 2020. We restrict our sample to full-time job ads that
mention a single city for job location, receive at least one candidate application, and provide
a specific job role apart from “Others”. After removing ads that have no applications within
the first ten days of posting, we have a final sample of 37,045 job ads across 419 cities. We
elaborate the importance of this last step in the next section.

The descriptive statistics for these jobs ads are provided in Appendix Table A.1. As
mentioned earlier, these jobs largely cater to young job seekers, with 50% and 33% jobs
posting a requirement of 0-1 and 1-2 years of experience, respectively. Notably, around 56%
of the jobs ads in our data post wages, which is larger than many other existing studies that
use posted wages. However, this is similar to data from other job platforms in India (Chaurey
et al., 2024; Chaturvedi et al., 2024)."* We categorize cities into metro (Delhi, Mumbai,
Chennai, Kolkata, and Bengaluru), and non-metro (all others). The metro cities, accounting

for 60 percent of the jobs in our data, are significant economic and population hubs. For

3 This period does not overlap with the COVID-19 induced national lockdowns in India. The first national
lockdown was imposed on 24 March, 2020 and most restrictions removed by May 31, 2020.

“For instance, wages are advertised in just 13.4% in Banfi et al. (2019) and Banfi & Villena-Roldan (2019),
16.4% of job ads in Kuhn & Shen (2013), 20% of job ads in Marinescu & Wolthoff (2020) for the U.S. and
24.8% of job ads in Brenci¢ (2012). In line with the existing studies, we also find that wages are less likely to
be posted for ads having higher skill requirements like higher education and experience, thus, allowing for
possibility of wage bargaining and negotiation in higher skill jobs (Brenc¢i¢, 2012; Banfi & Villena-Roldan,
2019; Michelacci & Suarez, 2006).



instance, Delhi and Mumbai are the largest cities in north and west India, respectively.
Appendix Figure 1 shows the distribution of cities across the country for the posted jobs.

The second dataset provides information on candidate characteristics like age, gender,
education, experience and most importantly all the job applications made by them to the
posted ads. After excluding candidates with incomplete profiles, we are left with 0.68 million
applications made by 226,464 candidates located across 679 cities (Appendix Figure 2).'°
Approximately 44% of them reside in metro locations. We provide descriptive statistics
for candidates in Appendix Table A.2. The third data on applications, allows us to map
candidate applications to the posted job ads. On average, candidates apply to 4 jobs and
each job ad receives 45 applications.

Finally, the fourth dataset provides information on shortlisting. We observe the candidates
shortlisted for a given posted job in case employers use the premium service provided by the
portal. Shortlisting is observed for 1,470 job ads. To be consistent with the previous data,
we keep the 888 job ads that do not mention “Others” in their job role. Around 83% of these
jobs are in metro locations, almost all specify wage and on average have 63 applicants per
job ad. Appendix Table A.3 gives summary statistics for these jobs.

Appendix Section B.1 provides more detailed information on these data sets, and the

specifics of data processing.

3 Distaste for Distant Jobs in Non-metro

In this section, we examine candidate’s distaste for distant job opportunities and whether it
varies across distant metro vs. non-metro cities. We first describe the construction of the

choice set, followed by the estimation strategy and the results.

15We drop candidates with incomplete profiles, specifically the ones who do not fill up gender information.
We find that candidates who do not mention gender, do not enter other characteristics like education and
date of birth either. They also make much fewer applications (less than 1/10th of those made by candidates
who reveal gender). We drop these less serious candidates from our analyses.

10



3.1 Constructing Candidate Choice Sets

To investigate how the geographical distance between job and candidate location and its
interaction with city size (metro vs. non-metro) influences application rates, we require job
choice sets for candidates. While we observe the set of job ads that candidates apply to, we
do not observe the jobs they choose to forego. Consequently, we need to construct choice sets
of potential jobs for the applicants. For a given candidate i applying to job role r on date d,
we include all jobs postings on the platform in job role r between d — 10 and d + 1 days in
her choice set. This construction is informed by two main features in the data.

First, the portal sorts job ads by their posting date as default. Our discussions with the
platform reveal that usually candidates filter job ads based on their preferred roles and then
the displayed ads are sorted by the posting date. Thus, more recent job ads are listed at the
top and have a higher likelihood of being seen by a candidate within her set of preferred job
roles. This is corroborated in the data as well. Figure 3, Panel (a) plots the average number
of applications received by a job ad from its posting date. The x-axis shows the number
of days elapsed since the date of posting. The number of applications a job ad receives is
the highest during the first two days (7 per day) and then declines steeply. By the end of
10 days, job ads receive around 2 applications per day. The initial 10 days account for 60
percent applications received by a given job ad, justifying the d — 10 cutoff.

Second, candidates bunch their applications around the date of their first application.
Panel (b), presents the average number of applications made by candidates after their first
appearance in the data, i.e., after their first application. On day 0, candidates make an
average of 2.4 applications. This number sharply drops to 0.2 on day 1 and approaches zero
thereafter, rationalizing the d 4+ 1 cutoff. These patterns in search behavior are consistent
with findings in (Davis & de la Parra, 2017) for the US, suggesting that candidate job search
spells are usually of short durations.

This approach yields a choice set of 166 million candidatesxjob observations, with a mean

application rate of 1 percent. In the main paper, we present results using the above choice
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set, however, our findings are robust to using alternate cut-offs for choice set construction.'®

3.2 Empirical Strategy

Using the above choice set, we measure the candidate distaste for distant jobs in non-metro

locations by using the below specification:

Applied;ji = ﬁo—i-i 5kDistGr0upk+i Br(DistGroup x NM; ) +a; X j+a; X j40;4+0;+ 01 +€
k=1 k=1 o
where Applied;;; is an indicator variable that takes a value of one if candidate ¢ applies to
job posting 7 located at a distance k in period t, else zero. Our main explanatory variables
include DistGroupy, denoting the distance between the candidate’s city ¢ and the city of job
location j. The variable DistGroupy € {1 — 50,50 — 100, 100 — 500, 5004} miles and takes a
value of one if the distance between the candidate—job location pair lies in the £ distance
bracket, else zero.!” The reference group includes jobs located within a candidate’s home
city, i.e., jobs located at zero distance from the candidate. Our first coefficient of interest [
measures the difference in application likelihood with the distance between location ¢ and
j. If application likelihood decreases with distance, then the coefficients £, would become
more negative for higher values of k. NMj is a dummy variable equal to one for jobs in
non-metro, and zero otherwise, and £, is the coefficient of interest on the interaction term

DistGroupy x NM;. A negative ;, would suggest that candidates are less likely to apply to

16In general, constructing consideration sets, or as in our case arriving at the set of jobs considered by
the candidate before making an application, is a pertinent research question in the industrial organization
literature (Van Nierop et al., 2010). Generally, consideration sets can be created using common attributes.
For instance, Le Barbanchon et al. (2021) use geography, occupation and time horizon to construct the choice
set. Banfi et al. (2019) use networks of job seekers who make common job applications to arrive at the set.
Instead of constructing choice sets, an alternative approach could involve estimating aggregate application
probabilities by determining the likelihood that an applicant from city ¢ applies to jobs in city j (Marinescu
& Rathelot, 2018). While such an approach is useful at an aggregate level, it does not allow to control for
candidate- and job-specific variation. Moreover, constructing a choice set enables us to account for differential
effect of job and candidate attributes, as we discuss later.

I"We use geodist command in Stata to calculate the distance between two locations. Specifications with
more disaggregate groups give similar results as coefficients beyond 100 miles have similar magnitude. Our
results are robust to using alternate distance groups.
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jobs in a non-metro city vs. metro city, when the two jobs are equidistant.

We account for variation coming from job-level controls (X;) like city, qualification,
experience as well as candidate-level controls (X;) like gender, education and age. The
specification in Equation 1 also includes candidate (¢;), job (J;), and month-year (¢;) fixed-
effects. 9; filter out any unobserved candidate-level factors, J; control for any unobserved
job-level characteristics, and §; account for time-varying factors common to all candidates that
could affect application. Our identification, therefore, comes from comparing the application
behavior of a given applicant ¢ across jobs j that she could potentially apply to. In the most
saturated specification, the coefficients on X; and X; cannot be estimated as the non-time
varying factors are absorbed in ¢; and ;. We weight the regressions by the inverse of total
applications made by a candidate in order to give equal weight to all candidate-applications

in our regressions. Standard errors are clustered at the candidate level.

3.3 Distaste for Non-Metro Jobs

Table 1 reports the results. As first pass, we look at the impact of distance on application by
excluding the non-metro interaction term in the regression. This exercise is similar to Banfi
et al. (2019) who report that amongst young unemployed job seekers in Chile, the application
rate declines by 40 percent for jobs located more than 200 miles away. Marinescu & Rathelot
(2018) find that the probability of application falls to almost zero beyond 75 miles in the
U.S. Columns (1)—(3) estimate the distaste for distance using a specification that represents
a significant advancement over these previous studies, by controlling for job and candidate
level unobservables.

Column (1) includes candidate-level controls and job fixed-effects, thereby mitigating
the effect of unobserved job-level heterogeneity. Column (2) includes job-level controls with
candidate fixed-effects, accounting for unobserved candidate-level variance, while column
(3) includes both job and candidate fixed-effects and corresponds to the most saturated

specification accounting for any unobservable factors that can influence application rates

13



based on job and candidate attributes. Under all three specifications, considering the baseline
application probability within the candidate’s home city is 6.5 percent, these coefficients
suggest a near-zero probability of application for jobs more than 100 miles away. The
magnitude of distaste among the Indian job seekers is intermediate when compared to the
above-mentioned papers in the literature.'®

Columns (4)—(6) report the differential distance-based distaste across jobs in metro vs.
non-metro cities, accounting for various fixed-effects and controls in the regression. All
specifications give similar quantitative results. Column (6) reports the most saturated
specification, incorporating job fixed-effects, candidate fixed-effects and month-year time
fixed-effects. The coefficients on k-th distance groups as well as their interaction with non-
metro city are negative and significant. Quantitatively, the likelihood of application declines
by an additional 7.4 percentage points for non-metro jobs located 500 miles away from the
candidate. As a result, the average distaste for non-metro jobs is three times the distaste for
a metro city job located 500 miles away.

While jobs located in distant metro cities witness distaste, the magnitude is notably
smaller compared to non-metro cities. Two key observations highlight the distinct nature of
distaste for non-metro jobs. First, metro jobs still have a non-zero probability of receiving
applications from candidates located beyond 500 miles, which is not the case for non-metro
jobs. Thus, the extreme distaste for distance is largely explained by distaste for non-metro
jobs. Second, the differential distaste for non-metro jobs is 7.3 percentage points beyond 50
miles, leading to an application probability of zero beyond that threshold. This suggests that
non-metro locations primarily attract applications from candidates within a 50-mile radius.

We next examine whether higher wages can offset the observed distaste for non-metro jobs

(Table 2). Column (1) is the same as column (6) in Table 1.'Y In column (2), we estimate

18We also examine the role played by other potential factors discussed in the literature such as job ad
level characteristics like candidate’s gender, education and experience in influencing the candidate’s distaste
for distant jobs in Appendix Section B.2. While these factors are statistically significant, they, however, do
not quantitatively account for the candidate’s observed disinclination to apply for jobs that are located far
away as the main coefficients () remain largely similar in these regressions.

9 Around 56% of the job ads report wages in our data and we construct the potential choice set over
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the distaste across metro vs. non-metro cities for jobs with posted wages. The application
rate in candidate’s home city is higher at 10.8% for these jobs, leading to larger coefficient
estimates for distaste. We find that candidates are 7.5 percentage point or 70 percent less
likely to apply to jobs in metro cities located 500 miles away. This distaste nearly triples for
non-metro locations, with the probability of application dropping to zero, consistent with the
findings in full sample.

It is plausible that the high distaste for non-metro jobs is on account of lower wages in
non-metro jobs rather than a preference for amenities in metro cities. To test this hypothesis,
we extend the specification in column (2) by including an additional control that interacts the
distance groups with an indicator variable for the posted wage being above the median wage
(column (3)). While above-median wage reduces distaste for distant locations, the higher
distaste for non-metro jobs continues to persist even in this specification.?’

Lastly, in column (4), we include triple interaction terms (distancexabove median
wagexnon-metro). We find that the compensating effect of wages is more pronounced
for non-metro jobs as the coefficients on distancexabove median wage are quantitatively
small relative to those on triple interaction terms. Our estimates suggest that candidates
would require (18.4/6.9 = 2.66) times the median wage to make them indifferent between
a metro and a non-metro job located 500 miles away. To make them indifferent between a
job in their home city and a non-metro job more than 500 miles away, they would require

((18.447.8)/6.9 = 3.79) times the median wage.

these jobs for each candidate. This yields around 62 million candidatexjob observations with an average
application rate of 1.7%.Jobs with posted wages are likely to see a higher application, even after controlling
for other job-level characteristics and candidate fixed-effects. We do not report these results in the main
paper, but they are available on request.

20The results are robust to using continuous wage measure (Appendix Table A.4) instead of binary wage
variable, above- or below-median. We also estimate a specification with wages adjusted for cost of living
(Appendix Table A.5) and get similar results.
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3.4 Robustness

The above results remain robust to alternative candidate samples, additional controls, different

time periods, and various data construction choices.

Candidate Ability: Appendix Table A.6 reports a higher distaste for jobs in distant
non-metro locations even for the sub-sample of college-educated job seekers who in general
have a lower distaste for distant jobs (Amior, 2024). Similarly, the distaste for distant non-

metro candidates remains similar even after controlling for 12th-grade academic performance

(Appendix Table A.7).

Other Candidate/Job-specific Controls: Our results are robust to including other
candidate or job-specific controls in Appendix Table A.8. Specifically, column (4) reports the
results after interacting job-specific characteristics (role, title, firm) with distance indicators.
We find that higher distaste for distant non-metro locations holds even within the jobs posted
by the same firm in the same job title, showing that the effect is not driven by other job

characteristics that can vary across bigger vs. smaller cities.

Alternate Periods: We get similar results using data from 2019 (Appendix Table A.9 ).

Therefore, our main results are not driven by the COVID-19 pandemic in 2020.

City Population Size: Our results remain consistent when using log(population) as a
measure instead of the binary metro/non-metro classification. We continue to find that

distant cities with smaller population witness higher distaste (Appendix Table A.10).

Alternate Distance Bins/City Classification/Choice Set: Our results are robust to
using alternate bins for distance groups, using different number of metro cities, or using other

date cutoffs for the choice set construction. These results are available on request.
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4 Non-metro: Which Factors Explain Distaste?

This section investigates the role of long-distance connectivity costs, and job role concentration
in explaining candidate distaste for non-metro locations. We then examine if employers in

non-metro cities exhibit similar distaste towards distant candidates.

4.1 Long Distance Travel Connectivity

One of the factors why candidates may prefer metro cities is better transportation connectivity
from metro to other locations. The effect of such connectivity on applications would be
more pronounced if the job is located far away from candidate’s home. We examine whether
policies aimed at reducing long-distance travel costs, in terms of time and money (pecuniary
or non-pecuniary costs), can impact candidate’s preference to apply to non-metro jobs.*!

We exploit the natural experiment setting provided by UDAN - “Ude Desh ka Aam
Naagrik” scheme that enhanced air travel connectivity for smaller cities in India. Beginning
April 2017, the scheme introduced new air routes at subsidized airfare, approximately at half
the cost of road travel. Airlines bid for air routes, with the contract being awarded to the
one requiring the least subsidy. Under the scheme, the airfare for a one-hour journey by a
'fixed wing aircraft’ for about 500 km, was fixed at INR 2500 (USD 75).% Appendix Section
B.3 provides additional institutional details on this scheme and data construction.

Given that the scheme reduces both travel time and cost between candidates’ home cities
and job locations, we hypothesize that it may change candidate application behavior to
jobs in distant cities that are connected under the scheme. Using applications data from

June 2018 — December 2019, we estimate if this improved connectivity impacts candidate

2IThere is a broad literature studying the economic impact of transportation infrastructure. Among these,
Lin (2017) shows how High Speed Railway connectivity in China boosted city-wide passenger flows and
employment. Our paper is the first one to provide direct evidence of enhanced connectivity on candidates’
job application behavior.

22Under UDAN airport fees and other charges are waived off and electricity and other services are provided
free of cost to the airlines. Currently, traveling by taxi in the country costs an average of Rs 10 per kilometer.
Aviation firms operating these routes are provided funds under the Viability Gap Funding to cover their
losses due to low airfares.
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applications to cities that received a route under the UDAN scheme.? For the empirical
exercise, on the candidate side we keep cities that received an UDAN route and where at
least some candidates are located in our data. We exclude larger cities with pre-existing
airports, as the scheme would have minimal impact on their connectivity. This leaves us with
54 cities where candidates are located. On the jobs side, we keep the cities which receive at
least one application from the above 54 cities and also get connected by at least one route
under UDAN.?* Given that airport connectivity is likely to be a significant factor only over
medium-to-long distances, we limit the city pairs to those that are at least 200 miles apart.
This leaves us with a final sample of 100 city pairs connected (treated) under UDAN vs.
1,692% city pairs that do not get connected.

To estimate the impact of this policy, we compare the average applications received by a
job in city k from candidates whose cities get connected through UDAN (treated routes) vs.
those cities that do not get connected (control routes), before and after the opening of the

routes. Specifically, we estimate the following model:

T=3
Yikme = Z v-Router,, + Opm + 0¢ + 0 + distiy, X O + €jpme (2)
T=—3,7#—1

where Y, is the number of applications received by job ad j in city k from candidates in
city m with posting in month-year ¢. The main variable of interest, Route],, is an indicator
variable that takes a value one for a city pair (k,m), T periods after the route starts, and
zero otherwise. Here, 7 € {—3,3} and we normalize the coefficients relative to 7 = —1,

i.e. the quarter before the treatment quarter. The quarter in which the route becomes

23We do not use the data from 2020 for two reasons. First, air traffic in India remained below the
pre-pandemic levels until 2021 (World Bank) with large scale restrictions during the COVID lockdowns.
Second, we could not access data from January 2020-May 2020 from the platform as they had erased it by
the time we approached them for new data access post COVID-19.

24For our main estimation, we consider routes that were launched after June 2018 since the applications
data begins from June 2018. Also, we keep those job location cities that receive at least one route under
UDAN. This ensures that the subset of cities in our data are comparable to each other as they all receive a
new airport route. This selection is inconsequential because cities not covered under the scheme would not
matter as they get dropped in the final estimation, as we discuss later in the estimation strategy.

250rigin and destination matter for the analysis, hence ij and ji city pairs counted separately.
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operational corresponds to 7 = 0.%° v, captures the average treatment effect on the number
of applications in 7. The event study design allows for direct testing of common pre-trends
assumption. Specifically, we test whether 7, coefficients, i.e. those before the opening of
routes, are significantly different from zero.

We control for city pair level fixed-effects (9x;, ), time fixed-effects (d;), job level fixed-effects
(0;) and distance time trends (disty,, X ;). Om accounts for non-time-varying heterogeneity
for city pair (k,m), while dist,, x d; accounts for time-varying trends at a given distance.?”
9, controls for any job-specific variation. Since the routes open in a staggered fashion, we use
the estimation methods from the recent difference-in-differences (DID) literature that allows
to estimate the average treatment effect after taking into account the timing of treatment
(Goodman-Bacon, 2021; Callaway & Sant’Anna, 2021; Sun & Abraham, 2021). Given these
extensive controls, the staggered DID method proposed by Sun & Abraham (2021) that
allows for adding covariates is best suited in our case. Standard errors are clustered at job
and candidate city level (k,m) given that the treatment is at the level of city pair.”®
We estimate Equation 2 separately for jobs located in metro vs. non-metro cities. First, it

allows us to test if connectivity matters for explaining distaste for both metro and non-metro

locations. Second, given metro and non-metro are significantly different from each other, it

26The leads and lags are defined in the following manner. 7 = 0 is the treatment quarter where the month
when the route becomes operational is the mid-month for 7 = 0. 7 = —1 is the quarter before, 7 = —2 is
two-three quarters before, and 7 = —3 is more than three quarters before the treatment quarter (7 = 0),
respectively. Similarly, 7 = 1 is the quarter after, 7 = 2 is two-three quarters after, 7 = 3 is beyond three
quarters after 7 = 0. We create bins for the endpoints of the event window based on standard event-study
applications (see Schmidheiny & Siegloch (2019)).

2"The term disty,, x §; accounts for potential endogeneity of route selection under the scheme. As our
sample is limited to the subset of candidate locations and job locations that have received at least one route,
this concern is partially mitigated as all cities in the sample get at least one route. However, when city k gets
connected to cite mq and not to ms, there could be a concern that the decision to start the route between
(k,mq) is on account of unobserved factors that also influence applications over time. For instance, prior to
UDAN, there could be a secular increase in people-to-people connection between (k,m;), leading to more
applications from k to m; as well as leading to opening of route (k,mq). Additionally, we find that less
distant city pairs among our sample have a higher likelihood to be connected through UDAN. To address
this concern, we control for trends in applications across cities over time based on distance between them.
However, as discussed later, results are similar without distance time trends.

28While we adopt the estimation method of Sun & Abraham (2021) due to the extensive set of controls
in our model, Baker et al. (2022) note that for models with fewer controls, the estimates are numerically
equivalent to those obtained using Callaway & Sant’Anna (2021).
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ensures that the control routes consists of comparable job cities.

Figure 4 plots the coefficients from the event study estimates. Panel (a) reports the impact
on jobs located in metro cities, while Panel (b) plots it for jobs in non-metro cities with
candidates based in other non-metro locations. When a metro is connected by a UDAN route,
there is a significant increase in job applications to the connected metro, with an increase of
0.02 applications per job. Given that the average application rate in metro cities is 0.08, this
represents a 25 percent rise in applications for jobs located in a distant metro. Concurrently,
no positive pre-trends are visible prior to the launch of these routes. In contrast, Panel (b)
reveals no significant effect on applications from non-metro cities to other non-metro cities,
even when they are connected via UDAN. This suggests that improved connectivity does not

lead to increased application rates for jobs in non-metro cities.

Robustness and Other Tests: We estimate the above specification without distance time
trends and get similar results (Appendix Figure A.1). Furthermore, we do two additional
checks. First, we test for spillover effects by including cities within 50 miles of the baseline 54
non-metro cities. We find no evidence of spillover and no additional application from these
cities to non-metro jobs. Second, we estimate the effect on applications to non-metro jobs by
candidates located in metro cities after the launch of UDAN route. Again, we find no effect
of the scheme. These results are available on request.

In summary, these findings underscore that the decline in connectivity costs increases
job applications to metro cities. If a city receives an air route to a metro, it increases the
likelihood of candidates applying to jobs located in the linked metro. However, similar
connectivity to non-metro cities does not lead to a higher application rate for jobs located
there. Consequently, even if non-metro locations are connected through subsidized air travel,
reduced transport costs are unlikely to attract candidates, as other barriers may play a more

substantial role in determining application behavior. We explore these factors below.
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4.2 Concentration of Job Roles in Cities

Another important factor influencing job seekers’ decisions is the concentration of specific
occupations or job roles in a given city. On average, metro cities have more job opportunities,
which can incentivize candidates to prefer these locations due to the perceived option value
associated with better match in future job search (Glaeser & Gottlieb, 2009; Freedman, 2008;
Almeida & Kogut, 1999). For instance, if finance-related jobs are predominantly located in
Mumbai, candidates planning a career in this field may choose Mumbai considering better
future opportunities. The possibility of being able to switch jobs within the same city is also
likely to be higher when similar roles exist nearby. While larger cities, on average, have dense
labor markets, occupation/role-based concentration can also exist in non-metro locations,
thus reducing the distaste for distance for particular job roles in a given non-metro. For
instance, the city of Hyderabad is a known pharmaceutical cluster in India and may attract
individuals looking for a career in the pharma industry.

Using the job role information from our dataset, we compute the proportion of jobs
in a specific job role posted in a city to examine the impact of job role concentration on
applications. We calculate dynamic proportion of jobs posted in a city for a given job role at
the candidate-level, based on the proportion of job ads for that role within the choice set of a
given candidate. We use candidate’s choice set, as outlined in Section 3, i.e., job roles posted
between d — 10 and d + 1, to calculate the job role proportion across cities at candidate
level.?? This approach exploits the idea that candidates may update beliefs about job role
concentration in a city based on the job ads they see on the portal during their job search
spell. Since this candidate-level proportion variable varies over time for a job role-city pair,
our identification comes from comparing application likelihood based on the dynamic value
of concentration of a job role in a given city over time based on the candidate’s search spell.

Notably, the timing of job search for a candidate is likely to be quasi-random, allowing for

29The mean (s.d.) of this candidate level proportion variable is 0.15(0.14), 0.19(0.15), 0.08(0.07), for all,
metro, and non-metro respectively.
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causal interpretation of results. This also addresses any concerns that may arise if we instead
use static average value for the proportion of jobs in a given role and city over the entire
time period as it may be correlated with other non time-varying job role-city pair attributes.

We incorporate the interaction of proportion variable with distance in Equation 1 to
examine the impact of job role concentration on applications. The results are reported in
Table 3. Column (1) examines the effect of job role proportion as a function of distance on
candidate applications across all cities, after controlling for job, candidate, and time fixed
effects We find that a 10 percentage point increase in the proportion of jobs in a specific role
in a city increases the likelihood of a candidate applying to a job in that city (over 500 miles
away) by 1.6 percentage points.

Columns (2)—(3) report the estimates for metro and non-metro cities respectively. An-
alyzing the sub-samples allows us to assess the differential effect of job role concentration
between these two city types. We find that a higher concentration of job roles increases
the application probability for both metro and non-metro cities. However, the impact on
non-metro cities is quantitatively more significant. Specifically, a 10 percentage point increase
in the proportion of jobs within a given job role-city pair makes candidates 0.7 percentage
points more likely to apply to a metro location and 8 percentage points more likely to apply
to a non-metro location, both located 500 miles away. In relative terms, for the same distance,
a 10 percentage point increase in proportion reduces distaste for metro by (0.07/6 = 0.116)
11 percent. In contrast, for non-metro, the same change results in reducing the distaste
by a more substantial (0.08/0.21 = 0.38) 38 percent. These results suggest that non-metro
locations with more concentrated job roles are able to mitigate a significant portion of the

distaste associated with non-metro.

Robustness: The above results are robust to additional controls (Appendix Table A.11).
Columns (1) and (2) controls for city xjob rolexdistance fixed effects, akin to controlling for

static proportion. Columns (3) and (4) control for similar job role in a given firm. Columns (5)
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and (6) provide the results after controlling for the interaction of job title, firm, and distance,
i.e., comparing similar positions within a given firm at similar distance from candidates. We
also find similar results if we instead use static proportion at city-job role level (Appendix
Table A.12). Relative to the dynamic concentration measure based of candidate search spell

in Table 3, here we compute concentration for the entire sample period.

Role of Other City-level Attributes: In Appendix Table A.13, we account for the
differential effect of other factors that could potentially explain distaste for distant non-metro
jobs. It is possible that the coefficients on distancexnon-metro are picking up the effect
of other city attributes that are more correlated with non-metro locations. While using
dynamic candidate-specific concentration measure minimizes this concern, we still conduct
additional robustness checks. Specifically, we rule out social connectivity and language
proximity between city pairs as potential confounding variables. Non-metro cities may have
less cultural proximity to a candidate’s home city, as they tend to be less diverse compared
to metro cities, which could result in fewer applications for non-metro jobs. Columns (1) and
(2) accounts for social connectivity using Social Connectivity Index (SCI) as in Bailey et al.
(2018). Even after accounting for SCI, we continue to find that job role concentration plays a
crucial role for non-metro application.® Similarly, columns (3) and (4) provide consistent

results even after controlling for distancexlanguage proximity.*!

30There is a large literature studying the role of networks and international migration (Borjas, 1992;
Mayda, 2010; Munshi, 2014; McKenzie & Rapoport, 2007). Some recent work has looked at the role of
networks in within country migration (Basu et al., 2022; Bailey et al., 2018). Migrants can be concentrated
in a specific job role or cities, giving rise to immigrant niches (see survey paper by Eckstein & Peri (2018)).

31Language proximity measures the language overlap between the job and candidate location state similar
to the Linguistic distance index as in Fenske & Kala (2021). Our measure includes only the same language
overlap between the two states — Linguistic Distanceoyd = 223:1 (So,m X Sa,m) where s, ,, is the share of
speakers of language m in state o, sq,, is the share of speakers of language m in state d. Using the Census
2011 data, we calculate the proportion of each of the 23 languages in each state to calculate this measure.
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4.3 Connecting Cities with High Job Role Concentration

The above findings underscore the significant influence of job role concentration on candidate
applications to non-metro jobs, while transport connectivity appears to have no effect. We
further investigate whether transport connectivity has an impact on applications when a
non-metro has a high job role concentration. Specifically, we estimate equation 2 separately
for cases with job role proportions above or below the median.

These results are reported in Figure 5. Panel (a) displays the results for non-metro
locations with below-median job role concentration, where we find that the introduction of a
new route does not impact the number of applications per job. However, in Panel (b), we
observe that introducing a route increases applications to non-metro locations when the city
has above-median concentration in a given job role. This pattern mirrors the effect seen in
metro cities with above-median concentration in Panel (c) as well as the baseline results for
metro cities reported in Figure 4.%?

Juxtaposing these findings show that long-term job opportunities, as reflected in the
concentration of job roles in a city, may be more meaningful in reducing candidate distaste for
non-metro locations. Transportation connectivity may further enhance this appeal, building
upon the pre-existing attractiveness of non-metro for job seekers. However, transportation

connectivity alone is insufficient to make non-metro locations attractive for job applicants.

4.4 Employer Distaste for Distant Candidates

Our analyses thus far has analyzed the candidate distaste for distant non-metro jobs. However,
such distaste could be an equilibrium outcome where employers exhibit a similar distaste
for candidates residing far away, thereby making candidates’ choice to not apply to distant

non-metro jobs optimal. Using shortlisting information, we examine if employers demonstrate

32We do not report the below median proportion case for metro as there are few observations with metro
jobs having below median concentration, preventing consistent estimation. Instead, we can perform the same
analyses with above/below 75th percentile, and find similar results as non-metro. Specifically, job roles with
above the 75th percentile proportion see an increase in applications in both metro and non-metro jobs. These
results are available upon request.
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any such distaste. We estimate the following equation:

Shortlist;ji = &ﬂri Qsz'stGroupk—i-i 0, DistGroupe x NM+N X+ X4 i+ 11+ pe+€ e

k=1 k=1 )
where Shortlist;j; is a binary variable that equals one if candidate ¢ is shortlisted by the
employer of the posted ad j located at a distance k in month-year ¢, and zero otherwise.
Unlike in Equation 1, the choice set is well defined here since an employer shortlists over the
given set of received applications. A negative coefficient 0, suggests that firms are less likely
to shortlist candidates located at a distance DistGroupy, relative to candidates located in
the same city as the posted job. Similarly, a negative 6; shows that firms in non-metro are
less likely to shortlist distant candidates.

We control for unobservable factors at the candidate (y;) and job (p;) level. Therefore,
our identification accounts for any differences in shortlisting that can arise from factors like
candidate ability or job role description, among others. We also include vector of candidate-
and job-level controls X; and X;, but their coefficients are not estimated when we include p;
and p; terms in the regression. Finally, i, controls for temporal changes in shortlisting. We
weight the regressions by the inverse of total applications received for a job ad to give equal
weight to all job ads in our regression. The standard errors are clustered at the job level.

Table 4 reports these results. We first document the average distaste for distant candidates
for all job locations (Column (1)). The decline in shortlisting probability based on distance
is modest, standing at 4.9 percentage points (14 percent), for candidates located more than
500 miles away. No distaste is seen for candidates located upto 500 miles. Comparing
the findings for employer distaste with candidate distaste reveals two key insights. First,
candidate distaste for distance rises exponentially for jobs located beyond 100 miles, whereas
employer distaste is non-existent until candidates are more than 500 miles away. Second, the

candidate’s distaste for distance is quantitatively large, reducing the probability of application
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to jobs beyond 100 miles to nearly zero. The employers distaste only reduces the probability
of shortlisting candidates beyond 500 miles by 14 percent. These findings suggest that the
distaste for distance observed among job seekers is unlikely to be an equilibrium outcome
driven by employer preferences for local candidates.*

Next, we examine differential distaste for distant candidates by metro vs. non-metro
employers. Columns (2)—(4) report the heterogeneous estimates using a battery of fixed-effect
and controls. All specifications show that employers hiring for jobs in metro locations are less
likely to shortlist candidates located at least 500 miles away by 6-9 percentage points, around
20 percent of the outcome mean within the city. Conversely, employers in non-metro are 11-17
percentage points more likely to shortlist candidates located 500 miles away than employers
in metro cities (column (4)). This positive effect in the case of non-metro jobs nullifies the
baseline distaste for candidates beyond 500 miles.** This table shows that candidate distaste
for non-metro jobs is not reciprocated by a similar distaste on the employer side. In fact, if
anything, employers in non-metro cities are more likely to shortlist candidates from distant
locations compared to metro employers.

The non-discrimination for distant candidates by non-metro employers can be explained
by the fact that non-metro jobs receive fewer applications on average. We provide evidence
for this in Table A.16 with applications per vacancy in a job ad as our outcome variable.
Columns (1) and (2) are based on the sample of job ads for which we have shortlisting data,
while columns (3)—(5) are based on all job ads. We find that the coefficient on non-metro
is always negative and significant, showing that jobs in non-metro locations always receive
significantly lower number of applications. In terms of magnitude, among the jobs for which
we observe shortlisting, non-metro cities receive lower applications by almost 55 per vacancy.

For all jobs this comes down to 9 applications per vacancy. In general, non-metro locations

33The observed employer distaste for candidates located over 500 miles away is partially attributed to a
lower likelihood of shortlisting female candidates from distant locations. This may stem from an assumption
that female candidates from distant cities are less likely to accept an offer if selected (Appendix Table A.14).

34We report the robustness of our results to including jobs with job roles as 'others’ in Appendix Table
A.15. All results continue to hold.
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receive an almost 33% lower average number of applications per vacancy. Given the smaller
candidate pool available, this explains why employers in non-metro locations do not exhibit

distaste for distant candidates.

5 Discussion and Conclusion

Our paper presents evidence for divergence in spatial search behavior of job seekers depending
on whether the job is located in a metro vs. non-metro location. In the context of India, our
findings align with the migration or urban trends identified in the broader spatial development
literature (Colmer, 2015; Desmet et al., 2015), with rising spatial inequality and high-density
clusters explaining majority of economic growth in the country. While big cities continue to
attract workers, often leading to congestion, smaller cities fail to attract workers.

Our findings have significant implications for policies aimed at incentivizing economic
activity in targeted areas outside the major metro cities. Much like the European Union
(Ehrlich & Overman, 2020) and US (Bartik, 2020), India too has placed strong emphasis on
regional economic development through various policies like the Smart Cities Mission, or
the UDAN scheme as analyzed here. Our results indicate that measures such as improving
connectivity of non-metro cities or incentivizing firms in these locations to recruit distant
candidates may be ineffective in attracting workers to non-metro locations. Only increasing
job role concentration may be a viable policy tool for making non-metro locations attractive
to workers. Dense labor markets in specialized roles in small cities mitigate career risks,
making them more attractive to job seekers. In essence, our analyses answer the broader
question — is it easier to move people or to move jobs? Our findings suggest that moving
jobs, to create dense labor markets, is the more effective strategy. Once a significant number

of jobs in a given occupation and city are available, workers will follow.
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Figure 1: Location of jobs

December 2020.

Notes: The map plots the locations for which jobs are posted in our data for the period July -
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Figure 2: Location of candidates

Notes: The map plots the locations for the candidates who apply to the posted jobs over the period July - December 2020.
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Figure 3: Activity on Posted Jobs

(a) Average Applications from Date of Job Posting
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Notes: Panel (a) shows the daily average of applications received on a job since it’s posting date for the period July-December
2020. Jobs receive maximum applications immediately after the job posting and it falls almost flat beyond the 10 days period.
Here, DayO0 is defined as job posting date. Same day applications would be clubbed together under Day0. Similarly applications
received after that will be clubbed on the basis of gap days between the two dates (application vs job posting). Chart shows mean
number of applications by gap days. Panel (b) shows the daily average applications by candidates for the period July-December
2020. When a candidate applies for the first time in the considered time period has been defined as Day0. All applications

beyond Day0 are clubbed together on the basis of gap days.
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Figure 4: UDAN: Effect of Increased Connectivity on Job Applications with distance time
trends

(a) Metro jobs
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Notes: We plot the impact of air routes becoming operational between a city pair on applications received for the posted
job. The outcome of interest is the number of applications received by a job in city k from candidates in city m. We
have excluded applications for job role ’Others’. Event-study plots using the Sun & Abraham (2021) estimator. The
solid line represents the average annual treatment effects, and the dashed lines denote the 90% confidence intervals.
The treatment effects are with respect to the quarter before the route came into force (dashed vertical line). Both
specifications include city pair, posting date and job ad fixed effects. Additionally, we also control for interaction of
distance between a city pair and month-year fixed effects. Co-variates include distance and time trends.Standard errors
are clustered at city pair level. Panel (a) reports the impact on jobs located in metro cities. When a metro is connected
by a UDAN route, there is a significant increase in job applications to the connected metro, with an increase of 0.02
applications per job. Concurrently, no positive pre-trends are visible prior to the launch of these routes. Panel (b) re-

veals no significant effect on applications from non-metro cities bggther non-metro cities, even when they are connected via UDAN.



Figure 5: UDAN': Effect of Increased Connectivity on Job Applications as a Function of Job
Role Concentration

(a) Non-metro Jobs: Below Median Concen-(b) Non-metro Jobs: Above Median Concen-

tration tration
[Ye) <
(=0 (=N
. (=l
goqe— g 2
w . ; w
3 \ E
i g
@ T o
(8] (6]
L2 @
o j=2)
<8 I
o8] [
> >
o <N
|
- <«
i =
-3 2 2 3 3 2

-1 0 1 -1 0 1
Quarters relative to UDAN route Quarters relative to UDAN route

(¢) Metro Jobs: Above Median Concentration

.05
|

0

Average Causal Effect

- 0 1
Quarters relative to UDAN route

Notes: We plot the impact of air routes becoming operational between a city pair on applications received for the
posted job. The outcome of interest is the number of applications received by a job in city k from candidates in
city m. Event-study plots using the Sun & Abraham (2021) estimator. The solid line represents the average annual
treatment effects, and the dashed lines denote the 90% confidence intervals. The treatment effects are with respect to
the quarter before the route came into force (dashed vertical line). All specifications include city pair, posting date and
job ad fixed effects. Co-variates include distance and time trends. Panel (a) displays the results for non-metro locations
with below-median job role concentration, where we find that the introduction of a new route does not impact the
number of applications per job. In Panel (b), we observe that introducing a route increases applications to non-metro
locations when the city has above-median concentration in a given job role. In Panel (c) observe that introducing a route
increases applications to metro cities with above-median concentration. We do not report the below median proportion

case for metro as there are few observations with metro jobs having below median concentration, preventing consistent estimation.
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Table 1: Effect of Distance on Application by Candidates

(1) (2) 3) (4) (5) (6)

1-50 —0.015%** —0.017*** —0.015%*** —0.013*** —0.016%** —0.013***
(0.001) (0.002) (0.001) (0.001) (0.002) (0.001)
50-100 —0.048%*** —0.053*** —0.051%** —0.030%** —0.034%** —0.032%**
(0.000) (0.000) (0.000) (0.000) (0.001) (0.000)
100-500 —0.056*** —0.062%** —0.059%** —0.039*** —0.043*** —0.041%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
> 500 —0.059%** —0.065*** —0.062*** —0.043*** —0.048%** —0.046***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
1-50 x 1(Non-metro) -0.043%%* 0,044 0.045%%*
(0.003) (0.004) (0.003)
50-100 x 1(Non-metro) ~0.073*** ~0.075*** ~0.073***
(0.001) (0.001) (0.001)
100-500 x 1(Non-metro) —0.074*** ~0.076%** —0.073%**
(0.001) (0.001) (0.001)
> 500 x 1(Non-metro) —0.075%** —0.077*** —0.074%**
(0.001) (0.001) (0.001)
N 164769978 166487421 166555050 164769978 166487421 166555050
Mean Y 0.010 0.010 0.010 0.010 0.010 0.010
Mean Y (Same city) 0.065 0.065 0.065 0.065 0.065 0.065
Controls
Job controls v v
Candidate controls v v
Job FE v v v v
Candidate FE v v e v
Month-year FE v v v v v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. 1(Non-metro) is a
binary variable that takes the value 1 if it’s non-metro job location, i.e. all cities excluding Delhi, Mumbai, Bengaluru, Chennai,
and Kolkata. Job controls include education and experience required. Candidate controls include the candidate’s gender, age,
age square, and education. All specifications control for month and year of job posting. Regressions weighted by inverse of total
applications by each candidate. Robust standard errors clustered at the candidate level in parentheses. *** p<0.01, ** p<0.05, *
p<0.1.

Source: Data includes all full time job ads posted on the platform with location in a single city and job role excluding ’others’,
for which any candidates applied between July 2020- December 2020.
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Table 2: Effect of Distance on Application: Heterogeneity by Posted Wages

Sample: All jobs Jobs with posted wages
(1) (2) (3) (4)
1-50 —0.013*** —0.023*** —0.036*** —0.023***
(0.001) (0.002) (0.003) (0.003)
50-100 ~0.032%** ~0.053*** ~0.063*** ~0.056***
(0.000) (0.001) (0.001) (0.001)
100-500 —0.0417%%* ~0.066%** ~0.076%** ~0.069%**
(0.000) (0.000) (0.001) (0.001)
> 500 —0.046*** —0.075*** —0.085%*** —0.078%***
(0.000) (0.000) (0.001) (0.001)
1-50 x 1(Non-metro) —0.045%** —0.1177%%* —0.109%** —0.155%**
(0.003) (0.004) (0.004) (0.006)
50-100 x 1(Non-metro) —0.073%%* —0.147%%* —0.146%** —0.1817%**
(0.001) (0.002) (0.002) (0.003)
100-500 x 1(Non-metro) —0.073%** —0.152%** —0.152%** —0.186***
(0.001) (0.002) (0.002) (0.002)
> 500 x 1(Non-metro) —0.074%** —0.150*** —0.150%*** —0.184%**
(0.001) (0.002) (0.002) (0.002)
1-50 x 1(wage> med) 0.026*** 0.002
(0.004) (0.004)
50-100 x 1(wage> med) 0.020*** 0.006***
(0.001) (0.001)
100-500 x 1(wage> med) 0.020%** 0.006%**
(0.001) (0.001)
> 500 x 1(wage> med) 0.019%*** 0.006***
(0.001) (0.001)
1-50 x 1(wage> med) x 1(Non-metro) 0.098%**
(0.008)
50-100 x 1(wage> med) x 1(Non-metro) 0.071%***
(0.003)
100-500 x 1(wage> med) x 1(Non-metro) 0.071***
(0.003)
>500 x 1(wage> med) x 1(Non-metro) 0.069%**
(0.003)
N 166555050 62575521 62575521 62575521
Mean Y 0.010 0.018 0.018 0.018
Mean Y (Same city) 0.065 0.108 0.108 0.108
Controls
Job FE v v v v
Candidate FE v v v v
Month-year FE v v v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. 1(Non-metro)
is a binary variable that takes the value 1 if it’s non-metro job location, i.e. all cities excluding Delhi, Mumbai, Bengaluru,
Chennai, and Kolkata. 1(wage> med) is a binary variable takes the value 1 if the offered wage for the job is above median. All
specifications control for month and year of job posting. Regressions weighted by inverse of total applications by each candidate.
Robust standard errors clustered at the candidate level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
Source: Data includes all full time job ads posted on the platform with location in a single city and job role excluding ’others’,

for which any candidates applied between July 2020- December 2020.
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Table 3: Effect of Distance on Application: Heterogeneity by Job Role Concentration

All Metro Non-metro
(1) (2) (3)
1-50 —0.042%** —0.022%** ~0.176***
(0.002) (0.002) (0.008)
50-100 —0.081*** —0.055*** —0.201***
(0.001) (0.001) (0.002)
100-500 —0.089*** —0.057*** —0.213***
(0.001) (0.001) (0.002)
> 500 —0.092*** —-0.060*** —0.217***
(0.001) (0.001) (0.002)
Proportion —0.151%%* —0.067*+* —0.786%**
(0.003) (0.003) (0.019)
1-50 x Proportion 0.127*** 0.048*** 1.528%%*
(0.007) (0.007) (0.353)
50-100 x Proportion 0.169*** 0.101%** 0.824***
(0.005) (0.004) (0.022)
100-500 x Proportion 0.175%** 0.085%*** 0.861***
(0.003) (0.002) (0.019)
>500 x Proportion 0.161%** 0.072%** 0.801***
(0.003) (0.003) (0.019)
N 166555050 102007876 64546823
Controls
Job FE v v v
Candidate FE v v v
Month-year FE v v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. Proportion variable
sums up to 1 across job locations for each job role for a given candidate within the search spell. All specifications control for
month and year of job posting. Regressions weighted by inverse of total applications by each candidate. Robust standard errors
clustered at the candidate level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: Data includes all full time job ads posted on the platform with location in a single city and job role excluding ’others’,
for which any candidates applied between July 2020- December 2020.
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Table 4: Effect of Distance on Shortlisting by Employer

(1) (2) (3) )

1-50 0.010 0.080 0.149 0.147
(0.067)  (0.048) (0.116) (0.119)
50-100 —0.035 0.022 —0.011 0.015
(0.066)  (0.034) (0.083) (0.082)
100-500 —0.001 -0.020 ~0.059** —0.049
(0.022)  (0.016) (0.028) (0.032)
> 500 —0.049%*  —0.066***  —0.099***  —0.081***
(0.020)  (0.015) (0.025) (0.029)
1-50 x 1(Non-metro) -0.128**  —0.225 -0.230
(0.063) (0.157) (0.155)
50-100 x 1(Non-metro) 0.007 -0.024 0.023
(0.046) (0.161) (0.148)
100-500 x 1(Non-metro) 0.070%F*  0.147*%%*  (.139%***
(0.025) (0.047) (0.047)
> 500 x 1(Non-metro) 0.112%%%  0.166%%*  (.168%**
(0.026) (0.045) (0.045)
N 28158 55738 28158 28158
Mean Y (Same city, base)  0.357 0.393 0.393 0.417
Controls
Candidate controls v
Job Edu, Exp x Distance v
Job FE v v v v
Candidate FE v v v
Month-year FE v v v v

Notes: The dependent variable takes a value of one if a candidate was shortlisted by an employer for a job and zero otherwise.
Distance groups (in miles) are defined on the basis of distance between the posted job location city and candidate location city.
1(Non-metro) is a binary variable that takes the value 1 if it’s non-metro job location, i.e. all cities excluding Delhi, Mumbai,
Bengaluru, Chennai, and Kolkata. All specifications control for month and year of job posting. Candidate controls include
gender, education, age and age square and city location of the candidate. Regressions weighted by inverse of total applicants to
a posted job. Each column reports the effective number of observations after incorporating the included fixed effects. Robust
standard errors clustered at the job level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: Data includes all full time job ads posted on the platform with location in a single city and job role excluding ’others’,
for which any shortlisting was done by the employers during July 2020 - December 2020.
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A Appendix: Additional Figures and Tables
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Figure A.1: Robustness: UDAN: Effect of Increased Connectivity on Job Applications
without time trends

(a) Metro jobs
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Notes: We plot the impact of air routes becoming operational between a city pair on applications received for the posted job.
The outcome of interest is the number of applications received by a job in city k& from candidates in city m. Event-study plots
using the Sun & Abraham (2021) estimator. The solid line represents the average annual treatment effects, and the dashed lines
denote the 90% confidence intervals. The treatment effects are with respect to the quarter before the route came into force
(dashed vertical line). Both specifications include city pair, posting date and job ad fixed effects. Standard errors are clustered
at city pair level. Panel (a) reports the impact on jobs located in metro cities. When a metro is connected by a UDAN route,
there is a significant increase in job applications to the connected metro, and no positive pre-trends are visible prior to the
launch of these routes. Panel (b) reveals no significant effect on applications from non-metro cities to other non-metro cities,

even when they are connected via UDAN.
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Table A.1: Descriptive statistics: Job ads

Mean SD N
Education:
Secondary education or less 0.096 0.295 37045
Senior secondary education 0.331 0.471 37045
Diploma 0.104 0.305 37045
Graduate degree, non-STEM 0.270 0.444 37045
Graduate degree, STEM 0.152 0.359 37045
Postgraduate degree, non-STEM 0.027 0.162 37045
Postgraduate degree, STEM 0.018 0.134 37045
Other (education not specified) 0.001 0.038 37045
Experience:
0 — 1 years 0.504 0.500 37020
1 — 2 years 0.336 0.472 37020
2 — 5 years 0.037 0.188 37020
> 5 years 0.123 0.329 37020
Other job characteristics:
Non-metro location 0.405 0.491 37045
Number of applications 44.779 127.208 37045
Wage not specified 0.439 0.496 37045

Annual wage (Rs.), if wage specified in job ad 240665.174 179959.717 20784

Notes: Wages and experience are the mid-point of the range specified in the job ad.
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Table A.2: Descriptive statistics: Job applicants

Male Female Total

Education:

Secondary education 0.012 0.005 0.010
Senior secondary education 0.084 0.048 0.071
Diploma 0.073 0.027 0.057
Graduate degree, STEM 0.539 0.512 0.529
Graduate degree, non-STEM 0.144 0.174 0.155
Postgraduate degree, STEM 0.060 0.103 0.075
Postgraduate degree, non-STEM 0.085 0.128 0.100
> Postgraduate 0.001 0.002 0.001
Other 0.002 0.002 0.002
Experience:

< 1 years 0.726 0.787 0.748
1 — 2 years 0.082 0.078 0.080
2 — 5 years 0.107 0.090 0.101
> 5 years 0.085 0.046 0.071

Other candidate characteristics

Candidate age 24.648 23.941  24.395
Non-metro location 0.579 0.541 0.566
Number of applications 3.824 4.029 3.897
N (Applicants) 145723 80741 226464

Notes: FEach cell gives the average value of the variable in the respective sub-sample of job applications.
Experience is given in years and is divided into four categories to correspond to the job advertisements
sample.

Source: The applicant sample includes those who applied to at least one job in our job advertisement sample
and disclosed their gender.
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Table A.3: Descriptive statistics: Job ads (Shortlisting data)

Mean SD N
Education:
Secondary education or less 0.114 0.318 888
Senior secondary education 0.579 0.494 888
Diploma 0.066 0.249 888
Graduate degree, non-STEM 0.188 0.391 888
Graduate degree, STEM 0.048 0.215 888
Postgraduate degree, non-STEM 0.003 0.058 888
Postgraduate degree, STEM 0.001 0.034 888
Other (education not specified) 0.000 0.000 888
Experience:
0 — 1 years 0.918 0.275 888
1 — 2 years 0.048 0.215 888
2 — 5 years 0.005 0.067 888
> 5 years 0.029 0.169 888
Other job characteristics:
Non-metro location 0.170 0.376 888
Number of applications 63.525 160.546 888
Wage not specified 0.002 0.047 888

Annual wage (Rs.), if wage specified in job ad 255546.660 180067.321 886

Notes: Wages and experience are the mid-point of the range specified in the job ad. The set of job ads for
which shortlisting data by employers is available
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Table A.4: Robustness: Effect of Distance on Applicationby candidates - Heterogeneity by

Posted Wages

(3) (1) (2)
1-50 —0.023%+* —0.435%+* -0.071
(0.002) (0.042) (0.049)
50-100 —0.053%+* —0.367H+* —0.138%+*
(0.001) (0.016) (0.017)
100-500 ~0.066*** —0.355%*** —0.153***
(0.000) (0.010) (0.010)
> 500 ~0.075*** —0.346*** ~0.160%***
(0.000) (0.010) (0.010)
1-50 x 1(Non-metro) —0.111%%* —0.109%** —1.298%**
(0.004) (0.004) (0.086)
50-100 x 1(Non-metro) —0.147%%* —0.147%%* —1.039%+*
(0.002) (0.002) (0.037)
100-500 x 1(Non-metro) —(0.152%%* —0.152%** —0.9927%**
(0.002) (0.002) (0.028)
> 500 x 1(Non-metro) —0.150%** —0.1517%%* —0.975%**
(0.002) (0.002) (0.029)
1-50 x In (wage) 0.034*** 0.004
(0.003) (0.004)
50-100 x In (wage) 0.026%** 0.007+%*
(0.001) (0.001)
100-500 x In (wage) 0.023%%+ 0.007%%+
(0.001) (0.001)
> 500 x In (wage) 0.022%** 0.007#**
(0.001) (0.001)
1-50 x 1(Non-metro) x In (wage) 0.097#**
(0.007)
50-100 x 1(Non-metro) x In (wage) 0.072%**
(0.003)
100-500 x 1(Non-metro) x In (wage) 0.068***
(0.002)
>500 x 1(Non-metro) x In (wage) 0.067***
(0.002)
N 62575521 62575521 62575521
Mean Y 0.018 0.018 0.018
Mean Y (Same city) 0.108 0.108 0.108
Controls
Job FE v v v
Candidate FE v v v
Month-year FE v v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. 1(Non-metro)
is a binary variable that takes the value 1 if it’s non-metro job location, i.e. all cities excluding Delhi, Mumbai, Bengaluru,
Chennai, and Kolkata. Ln(wage) is a continuous variable, taking the natural log of the posted wage. All specifications control
for month and year of job posting. Regressions weighted by inverse of total applications by each candidate. Robust standard

errors clustered at the candidate level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
Source: Data includes all full-time job ads posted on the platform with wage information available, location in a single city, and
job role excluding ’others’, for which any candidates applied een July 2020 - December 2020.



Table A.5: Robustness: Effect of Distance on Application - Heterogeneity by Cost of Living

Adjusted Wages

Sample: (1) (2) (3)
1-50 —0.023%+* —0.028%** —0.0277#%*
(0.002) (0.003) (0.003)
50-100 ~0.053*** ~0.061*** ~0.061***
(0.001) (0.001) (0.001)
100-500 —0.066*** —0.073*** —0.072%**
(0.000) (0.001) (0.001)
> 500 —0.075%** —(0.0827%** —0.082%**
(0.000) (0.001) (0.001)
1-50 x 1(Non-metro) —0.111%%* —0.111%%* ~0.115%**
(0.004) (0.004) (0.007)
50-100 x 1(Non-metro) —0.14 7% —0.148%*** —0.147%**
(0.002) (0.002) (0.003)
100-500 x 1(Non-metro) —0.152%** ~0.153*** ~0.155%***
(0.002) (0.002) (0.002)
> 500 x 1(Non-metro) —0.150*** —0.152%** —0.1527%**
(0.002) (0.002) (0.002)
1-50 x 1(wage> med) 0.013%%* 0.0117%k*
(0.004) (0.004)
50-100 x 1(wage> med) 0.019%** 0.0217%**
(0.001) (0.001)
100-500 x 1(wage> med) 0.016%** 0.015%**
(0.001) (0.001)
> 500 x 1(wage> med) 0.016%+* 0.016%**
(0.001) (0.001)
1-50 x 1(wage> med) x 1(Non-metro) 0.006
(0.008)
50-100 x 1(wage> med) x 1(Non-metro) -0.002
(0.003)
100-500 x 1(wage> med) x 1(Non-metro) 0.003
(0.003)
>500 x 1(wage> med) x 1(Non-metro) 0.001
(0.003)
N 62575521 62575521 62575521
Mean Y 0.018 0.018 0.018
Mean Y (Same city) 0.108 0.108 0.108
Controls
Job FE v v v
Candidate FE v v v
Month-year FE v v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. 1(Non-metro)
is a binary variable that takes the value 1 if it’s non-metro job location, i.e. all cities excluding Delhi, Mumbai, Bengaluru,
Chennai, and Kolkata. 1(wage> med) is a binary variable takes the value 1 if the offered adjusted wage is above median. Wages
offered is adjusted based on cost of living for different cities from Livingcost.org as of October 2024. All specifications control for
month and year of job posting. Regressions weighted by inverse of total applications by each candidate. Robust standard errors
clustered at the candidate level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: Data includes all full time job ads posted on the platform with location in a single city and job role excluding ’others’,
for which any candidates applied between July 2020- December 2020.
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Table A.6: Robustness: Effect of Distance on Application - Heterogeneity by Education Level

Graduates and Above

Sample: All jobs Jobs with posted wages
(1) (2) (3) (4)
1-50 —0.013%** —0.0217%%* —0.033%** —0.020%**
(0.002) (0.003) (0.004) (0.004)
50-100 —0.030%** —0.050%** —0.059%+* —0.052%**
(0.000) (0.001) (0.001) (0.001)
100-500 —0.038*** —0.063*** —0.071%** —0.065%***
(0.000) (0.000) (0.001) (0.001)
> 500 —0.043*** —0.072%** —0.080%*** —0.074%**
(0.000) (0.001) (0.001) (0.001)
1-50 x 1(Non-metro) —0.037%** —0.102%** —0.101%** —0.145%**
(0.003) (0.005) (0.005) (0.006)
50-100 x 1(Non-metro) —0.063*** —0.136%** —0.136%** —0.168%**
(0.001) (0.002) (0.002) (0.003)
100-500 x 1(Non-metro) ~0.063*** —0.141%** —0.141%** —0.173***
(0.001) (0.002) (0.002) (0.002)
> 500 x 1(Non-metro) —0.064%** —0.139%** —0.139%** —0.170%**
(0.001) (0.002) (0.002) (0.002)
1-50 x 1(wage> med) 0.023%** -0.002
(0.004) (0.005)
50-100 x 1(wage> med) 0.017%** 0.003**
(0.001) (0.002)
100-500 x 1 (wage> med) 0.017%%* 0.004%**
(0.001) (0.001)
> 500 x 1(wage> med) 0.016%** 0.0047%**
(0.001) (0.001)
1-50 x 1(wage> med) x 1(Non-metro) 0.093***
(0.009)
50-100 x 1(wage> med) x 1(Non-metro) 0.066***
(0.004)
100-500 x 1(wage> med) x 1(Non-metro) 0.064***
(0.003)
>500 x 1(wage> med) x 1(Non-metro) 0.063%**
(0.003)
N 151665025 54491125 54491125 54491125
Mean Y 0.009 0.017 0.017 0.017
Mean Y (Same city) 0.0608 0.107 0.107 0.107
Controls
Job FE v v v v
Candidate FE v v v v
Month-year FE v v v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. 1(Non-metro)
is a binary variable that takes the value 1 if it’s non-metro job location, i.e. all cities excluding Delhi, Mumbai, Bengaluru,
Chennai, and Kolkata. 1(wage> med) is a binary variable takes the value 1 if the offered wage for the job is above median. All
specifications control for month and year of job posting. Regressions weighted by inverse of total applications by each candidate.
Robust standard errors clustered at the candidate level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: Data includes all full time job ads posted on the platform with location in a single city and job role excluding ’others’,
for which any candidates applied between July 2020- December 2020.
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Table A.7: Robustness: Effect of Distance on Application - Heterogeneity by Candidate

Ability
Sample: Graduates & above Candidate ability
) (2) 3)
1-50 -0.013*** -0.012%** -0.013%***
(0.002) (0.002) (0.002)
50-100 -0.030%*** -0.036*** -0.033%***
(0.000) (0.001) (0.001)
100-500 -0.038%*** -0.046%*** -0.044%**
(0.000) (0.000) (0.000)
Above 500 -0.043*** -0.050%*** -0.048%**
(0.000) (0.000) (0.000)
1-50 x 1(Non-metro) -0.037%%* -0.047%% -0.049% %
(0.003) (0.003) (0.004)
50-100 x 1(Non-metro) -0.063*** -0.076%** -0.085%+*
(0.001) (0.001) (0.002)
100-500 x 1(Non-metro) -0.063*** -0.076*** -0.084%**
(0.001) (0.001) (0.002)
Above 500 x 1(Non-metro) -0.064*** -0.076%*** -0.085%+*
(0.001) (0.001) (0.002)
1-50 x 1(Marks>75th ptile) -0.002 0.002
(0.003) (0.003)
50-100 x 1(Marks>75th ptile) 0.010%** 0.005%**
(0.001) (0.001)
100-500 x 1(Marks>75th ptile) 0.017 %% 0.008***
(0.001) (0.001)
Above 500 x 1(Marks>75th ptile) 0.010%** 0.006***
(0.001) (0.001)
1-50 x 1(Marks>75th ptile) x 1(Non-metro) 0.003
(0.006)
50-100 x 1(Marks>75th ptile) x 1(Non-metro) 0.019%**
(0.002)
100-500 x 1(Marks>75th ptile) x 1(Non-metro) 0.016%**
(0.002)
Above 500 x 1(Marks>75th ptile) x 1(Non-metro) 0.01 7%
(0.002)
N 151665025 151061161 151061161
Controls
Candidate FE v v v
Job FE v v v
Month-year FE v v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. 1(Non-metro) is a
binary variable that takes the value 1 if it’s non-metro job location, i.e. all cities excluding Delhi, Mumbai, Bengaluru, Chennai,
and Kolkata. 1(Marks>75th ptile) is a binary variable that takes the value 1 if the candidate’s marks in twelfth standard are
above 75th percentile, takes 0 otherwise. All specifications control for month and year of job posting. Regressions weighted by

inverse of total applications by each candidate. Robust standard errors clustered at the candidate level in parentheses.

p<0.01, ** p<0.05, * p<0.1.

*kokk

Source: Data includes all full time job ads posted on the platform with location in a single city and job role excluding ’others’,
for which any candidates applied between July 2020- December 2020.
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Table A.8: Robustness: Effect of Distance on Application by candidates - Additional controls

(1)

(2)

(3)

(4)

1-50 —0.023***
(0.002)
50-100 —0.058%**
(0.001)
100-500 —0.070%**
(0.001)
> 500 —0.074%**
(0.001)
1-50 x 1(Non-metro) —0.061*+* —0.057#+* —0.048%+* —0.024*+*
(0.003) (0.002) (0.003) (0.004)
50-100 x 1(Non-metro) —0.078%** —0.072%%* —0.079%** —0.037*%*
(0.001) (0.001) (0.001) (0.001)
100-500 x 1(Non-metro) —0.081%** —0.073%** —0.082%** —0.039%**
(0.001) (0.001) (0.001) (0.001)
> 500 x 1(Non-metro) —0.084*** —0.077*** —0.085*** —0.041%%*
(0.001) (0.001) (0.001) (0.001)
N 166487070 166487070 166484851 166124987
Controls
Candidate FE v v v v
Job FE v v v v
Month-year FE v v v v
Candidate FE x Non-metro v v v v
Job edu, exp x distance v v v v
Job role x distance v
Job title x distance v
Job title x Firm x distance v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. 1(Non-metro) is a
binary variable that takes the value 1 if it’s non-metro job location, i.e. all cities excluding Delhi, Mumbai, Bengaluru, Chennai,
and Kolkata. All specifications control for month and year of job posting. Regressions weighted by inverse of total applications
by each candidate. Robust standard errors clustered at the candidate level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
Source: Data includes all full time job ads posted on the platform with wage information available location in a single city and
job role excluding ’others’, for which any candidates applied between July 2020- December 2020.
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Table A.9: Robustness: Effect of Distance on Application by candidates alternate period

(2019)

(1)

(2)

(3)

1-50 —0.009%** —0.010%** —0.010%**
(0.001) (0.001) (0.001)

50-100 —0.021*** —(0.022%** —0.022%**
(0.000) (0.000) (0.000)

100-500 —0.024*** —0.025%** —0.024%**
(0.000) (0.000) (0.000)

> 500 —0.028*** —0.030%** —0.029%***
(0.000) (0.000) (0.000)

1-50 x 1(Non-metro) —0.018%** —0.019%** —0.019%**
(0.002) (0.003) (0.002)

50-100 x 1(Non-metro) —0.040%** —0.0417%** —0.040%**
(0.001) (0.001) (0.001)

100-500 x 1(Non-metro) —0.041%** —0.041%** —0.041%***
(0.001) (0.001) (0.001)

500 x 1(Non-metro) —0.040%** —0.040*** —0.040%**

(0.001) (0.001) (0.001)

N 161293860 162497861 162505938

Mean Y 0.006 0.006 0.006

Mean Y (Same city) 0.036 0.036 0.036

Controls

Job controls v

Candidate controls v

Job FE v v

Candidate FE v v

Month-year FE v v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. 1(Non-metro) is a
binary variable that takes the value 1 if it’s non-metro job location, i.e. all cities excluding Delhi, Mumbai, Bengaluru, Chennai,
and Kolkata. Job controls include education and experience required. Candidate controls include gender, education, age and age
square. All specifications control for month and year of job posting. Regressions weighted by inverse of total applications by
each candidate. Robust standard errors clustered at the candidate level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
Source: Data includes all full time job ads posted on the platform with location in a single city and job role excluding ’others’,
for which any candidates applied between October 2019-December 2019. Note that it is on account of too many observations we
choose three months for alternate period.
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Table A.10: Robustness: Effect of Distance on Application - Heterogeneity by population

(1)

(2)

(3)

1-50 —0.012%** —0.0247%** —0.013%**
(0.001) (0.002) (0.002)

50-100 —0.0397%** —0.053%** —0.044%**
(0.000) (0.000) (0.000)

100-500 —0.045%** —0.060*** —0.051%%*
(0.000) (0.000) (0.000)

> 500 —0.049%** —0.064*** —0.054***
(0.000) (0.000) (0.000)

1-50 x 1 (Below 95th) —0.37TH** 0.018%** —0.383***
(0.006) (0.004) (0.006)

50-100 x 1 (Below 95th) —0.390*** 0.004%** —0.394%%*
(0.005) (0.001) (0.005)

100-500 x 1 (Below 95th) —0.400%** —0.005*** —0.404***
(0.005) (0.000) (0.004)

>500 x 1 (Below 95th) —0.400%** —0.005*** —0.404***
(0.005) (0.000) (0.004)

N 164251691 165964571 166030192

Controls

Job controls v

Candidate controls v

Job FE v v

Candidate FE N v

Month-year FE v v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. 1 (Below 95th) takes
the value 1 if the population of the job city is less than 95th percentile. Job controls include education and experience required.
Candidate controls include gender, education, age and age square. All specifications control for month and year of job posting.
Regressions weighted by inverse of total applications by each candidate. Robust standard errors clustered at the candidate level
in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: Data includes all full time job ads posted on the platform with location in a single city and job role excluding ’others’,
for which any candidates applied between July 2020- December 2020.

56



Table A.11: Robustness: Effect of Distance on Application by Candidates - Additional
controls

Candidate Proportion Metro Non-metro Metro Non-metro Metro Non-metro
(1) (2) (5) (6) (3) (4)
1-50 —0.022%%* —0.175%%*
(0.002) (0.008)
50-100 —0.055%%* —0.201%%*
(0.001) (0.002)
100-500 —0.057*** —0.212%%*
(0.001) (0.002)
> 500 —0.060%** —0.216***
(0.001) (0.002)
Proportion —0.121*** —0.504%** —0.066*** —0.783*** —0.108*** —0.413%**
(0.004) (0.016) (0.003) (0.019) (0.004) (0.017)
1-50 x Proportion 0.055%** 0.510 0.048%** 1.505%%* 0.039*** 0.208
(0.011) (0.390) (0.007) (0.352) (0.013) (0.170)
50-100 x Proportion 0.099%** 0.497%** 0.100%** 0.821%** 0.107%** 0.421%%*
(0.007) (0.019) (0.004) (0.022) (0.007) (0.021)
100-500 x Proportion 0.127%** 0.508%** 0.085%** 0.858%** 0.113%** 0.412%**
(0.004) (0.016) (0.003) (0.019) (0.004) (0.017)
>500 x Proportion 0.130*** 0.511%** 0.072%** 0.798%** 0.116%** 0.412%**
(0.004) (0.016) (0.003) (0.019) (0.004) (0.017)
N 102007865 64546181 101776963 64419711 101775159 64417222
Controls
Job FE v v v v v v
Candidate FE v v v v v v
Month-year FE v v v v v v
City x Job role x Dist. group v v
Firm x Job role v v

Firm x Title x Dist. group v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. Proportion variable
sums up to 1 across job locations for each job role for a given candidate within the search spell. All specifications control for
month and year of job posting. Regressions weighted by inverse of total applications by each candidate. Robust standard errors
clustered at the candidate level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.12: Robustness: Effect of Distance on Application by Candidates - Heterogeneity by
Job Role Concentration

Static Proportion Metro Non-metro
(1) (2) (3)

1-50 ~0.050%** —0.024%** ~0.263%**
(0.002) (0.002) (0.004)

50-100 ~0.090%** ~0.058%** —0.295%**
(0.001) (0.001) (0.003)

100-500 ~0.101°%** ~0.060%** —0.312%**
(0.001) (0.001) (0.003)

> 500 —0.104%** —0.064*** —0.316%**
(0.001) (0.001) (0.003)

1-50 x Proportion 0.188*** 0.069*** 2.908%**
(0.007) (0.008) (0.167)

50-100 x Proportion 0.249%** 0.135%** 2.028%**
(0.006) (0.006) (0.028)

100-500 x Proportion 0.275%** 0.114%*%* 2.160%**
(0.004) (0.002) (0.026)

>500 x Proportion 0.258*** 0.107*** 2.125%**
(0.004) (0.002) (0.026)

N 166555050 102007876 64546823

Controls

Job FE v v v

Candidate FE v v v

Month-year FE v v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. Proportion is
share of the job role such that adds up to one across job locations. All specifications control for month and year of job posting.
Regressions weighted by inverse of total applications by each candidate. Robust standard errors clustered at the candidate level
in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: Data includes all full time job ads posted on the platform with location in a single city and job role excluding ’others’,
for which any candidates applied between July 2020- December 2020.
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Table A.13: Robustness: Effect of Proportion on Application by Candidates (Other Charac-
teristics)

Candidate Proportion Social Media Connectivity Language Proximity

Metro Non-metro Metro Non-metro
(1) (2) (3) (4)
1-50 -0.028* 1.315%%* —0.019*** —0.051%%*
(0.015) (0.032) (0.003) (0.016)
50-100 -0.016** 1.527*** —0.052%*** —0.078***
(0.008) (0.024) (0.001) (0.010)
100-500 0.012** 1.656%** —0.051*** —0.071***
(0.005) (0.022) (0.001) (0.010)
>500 0.041%** 1.666*** —0.050*** —0.074***
(0.005) (0.021) (0.001) (0.010)
Characteristic 0.010%** 0.161%** 0.024%** 0.199***
(0.000) (0.002) (0.001) (0.013)
Proportion —0.058%*** —0.605*** —0.076%** —0.645%**
(0.003) (0.017) (0.003) (0.023)
1-50 x Proportion 0.026*** 1.376%** 0.053*** 1.410%%*
(0.007) (0.355) (0.007) (0.350)
50-100 x Proportion 0.088*** 0.661*** 0.107*** 0.670%**
(0.005) (0.020) (0.005) (0.026)
100-500 x Proportion 0.076%** 0.645%** 0.095%** 0.712%**
(0.003) (0.017) (0.003) (0.023)
>500 x Proportion 0.062*** 0.618*** 0.083*** 0.647***
(0.003) (0.017) (0.003) (0.024)
1-50 x Characteristic 0.002 —0.121%** —0.008** —0.172%**
(0.002) (0.003) (0.004) (0.017)
50-100 x Characteristic —-0.002** —0.142%** —0.008%** —0.165%**
(0.001) (0.002) (0.002) (0.014)
100-500 x Characteristic —0.005*** —0.157*** —0.013*** —(.198***
(0.000) (0.002) (0.001) (0.013)
>500 x Characteristic —0.009*** —0.158%*** —0.011%** —0.206***
(0.000) (0.002) (0.001) (0.013)
N 101755699 64204499 102007876 64546823
Controls
Job FE v v v v
Candidate FE v v v v
Month-year FE v v v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. Social Media
Connectivity is measure of social connectedness between two locations, therefore, measures the relative probability of a Facebook
friendship link between a given Facebook user in two locations. Here we use log(SCI). Language proximity gives the measure of
language overlap between the two states, given by Language Proximity, ; = 33:1 (so,m X sd,m) where s, 1, is the share of
speakers of language m in state o, sq,r, is the share of speakers of language m in state d.Proportion variable sums up to 1 across
job locations for each job role for a given candidate within the search spell. All specifications control for month and year of
job posting. Regressions weighted by inverse of total applications by each candidate. Robust standard errors clustered at the
candidate level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: Data includes all full-time job ads posted on the platform with location in a single city and job role excluding ’others,’
for which any candidates applied between July 2020aDecember 2020.
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Table A.14: Robustness: Effect of Distance on Shortlisting by Employer: Heterogeneity

(1) (2) (3) (4) (5)
1-50 0.007 -0.019 —0.011 0.013 -0.060
(0.032) (0.028) (0.032) (0.089) (0.105)
50-100 0.057** 0.022 0.041 —-0.050 0.127
(0.026) (0.023) (0.027) (0.081) (0.184)
100-500 0.018 0.014 0.013 -0.015 -0.061
(0.012) (0.011) (0.013) (0.027) (0.079)
> 500 -0.031**  —0.031**  —-0.027** -0.034 -0.064
(0.013) (0.012) (0.013) (0.024) (0.057)
Female -0.019**  —0.017** -0.014
(0.008) (0.008) (0.010)
1-50 x Female -0.028 -0.027 -0.027
(0.046) (0.103) (0.101)
50-100 x Female -0.061 0.078 0.090
(0.042)  (0.113) (0.107)
100-500 x Female 0.007 0.048 0.045
(0.020) (0.043) (0.043)
> 500 x Female -0.010 —0.060 —0.062
(0.017) (0.039) (0.039)
N 55739 55738 55738 28158 28133
Mean Y 0.295 0.295 0.295 0.295 0.295
Mean Y (Same city, base)  0.357 0.357 0.372 0.372  0.413
Wald test: Gender 0.031 0.004 0.052
Controls
Candidate controls v v v
Cand. edu x Distance v
Candidate FE v v
Job controls v
Job FE v v v v
Month-year FE v v v v v

Notes: The dependent variable takes a value of one if a candidate was shortlisted by an employer for a job and zero otherwise.
Distance groups (in miles) are defined on the basis of distance between the posted job location city and candidate location city.
All specifications control for month and year of job posting. Candidate controls include gender, education, age and age square
and city location of the candidate. Regressions weighted by inverse of total applicants to a posted job. Each column reports the
effective number of observations after incorporating the included fixed effects. Robust standard errors clustered at the job level
in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: Data includes all full time job ads posted on the platform with location in a single city and job role excluding ’others’,
for which any shortlisting was done by the employers during July 2020 - December 2020.
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Table A.15: Robustness: Effect of Distance on Shortlisting by Employer: Heterogeneity

(1) (2) (3) (4) (5) (6)
1-50 -0.014 0.066 0.046 0.034 0.071 0.063
(0.021) (0.056) (0.073) (0.037) (0.097) (0.098)
50-100 0.059** —0.028 0.100 —-0.012 —-0.044 0.009
(0.025) (0.059) (0.132) (0.032) (0.066) (0.066)
100-500 0.029** 0.033 0.050 —0.015 —0.035 —0.027
(0.013) (0.024) (0.049) (0.016) (0.026) (0.029)
> 500 -0.014 0.005 0.013 —0.063*%**  —0.093***  —0.078***
(0.012) (0.021) (0.040) (0.014) (0.023) (0.026)
Female —0.019** ~0.023***
(0.009) (0.007)
1-50 x Female —-0.054 —-0.197* —0.204*
(0.037) (0.117) (0.116)
50-100 x Female —0.144%** 0.021 0.033
(0.041) (0.104)  (0.102)
100-500 x Female -0.005 -0.005 -0.002
(0.019) (0.041) (0.041)
> 500 x Female 0.015 —-0.086*%*  —0.086**
(0.016) (0.037) (0.037)
1-50 x 1(Non-metro) -0.075 -0.051 -0.057
(0.053) (0.133) (0.130)
50-100 x 1(Non-metro) 0.064 0.048 0.069
(0.043) (0.129) (0.114)
100-500 x 1(Non-metro) 0.078***  (0.153***  (0.146***
(0.024) (0.042) (0.042)
> 500 x 1(Non-metro) 0.156%F%  0.228%%%  (.232%%x
(0.026) (0.040) (0.040)
N 71489 40922 40856 71489 40922 40922
Wald test: Gender 0.984 0.010 0.132
Controls
Candidate controls v v
Job FE v v v v v v
Candidate FE v v v v
Month-year FE v v v v v v
Cand. Edu, Exp x Distance v
Job Edu, Exp x Distance v

Notes: The dependent variable takes a value of one if a candidate was shortlisted by an employer for a job and zero otherwise.
Distance groups (in miles) are defined on the basis of distance between the posted job location city and candidate location city.
All specifications control for month and year of job posting. Candidate controls include gender, education, age and age square
and city location of the candidate. Additional controls include Candidate Edu, Exp x Distance. Regressions weighted by inverse
of total applicants to a posted job. Each column reports the effective number of observations after incorporating the included
fixed effects. Robust standard errors clustered at the job level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: Data includes all full time job ads posted on the platform with location in a single city, for which any shortlisting was
done by the employers during July 2020 - December 2020.
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Table A.16: Applications per Vacancy: Metro vs Non-Metro

(1) (2) (3) (4) ()

Non-metro —54.473%*¥* 55 4T0%*  —39.870*%  —8.774*FF 9 845%**
(20.259) (21.869)  (22.928)  (3.228) (3.574)
log wage -3.992 7.799%*
(14.964) (3.299)
N 881 879 1034 19138 16670
Mean Y 27.2 26.2 15.5 26.6 29.6
Controls
Job Controls v v v v v
Job Role FE v v v v v
Job Title FE v v v
Month-year FE v v v v v

Notes: The dependent variable is applications received per vacancy in a job ad. Column (1) and (2) include jobs where any
shortlisting was undertaken exluding those with job roles as ’others’. Column (3) includes jobs where any shortlisting was
undertaken irrespective of job role. Column (4) and (5) include all jobs for all job roles where any applications was received and
which were not cross-posted. Job controls include controls for education, experience, priority status of jobs and job location
state. All specifications control for month and year of job posting. Each column reports the effective number of observations
after incorporating the included fixed effects. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
Source: Data includes all full time job ads posted on the platform with location in a single city, during July 2020 - December
2020.
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B Appendix: Other Details

B.1 Additional Data Details

First, we observe information on the posted jobs: date of posting, job type (full time vs
part-time/internships), job role, job title, education requirements of the job ad, minimum
and maximum required experience, minimum and maximum offered wage, city of location of
the job ad, firm that posted the job ad, and other characteristics like number of vacancies.
We only consider job ads which offer full-time paid opportunities. There were 51,549 full-time
job ads posted on the platform during July 2020-December 2020. Further, we restrict our
analyses to jobs for which only one city location is posted since only these jobs are feasible for
our analyses. These constitute 90% of the posted jobs spanning across 449 cities and reduces
our sample of jobs to 46,119. We then keep the job ads to which at least one candidate in
our data applied during July-December 2020, further reducing the job set to 44,586 job ads.
Dropping jobs with the job role as ’Others’ gives us 37,770 job ads and we obtain a final set
of 37,045 job ads across 419 cities after removing those which have no application within the
first ten days of posting. We elaborate the importance of this selection in creating the choice
set for our analyses later. This data include all information that is visible to the candidates
on the platform.

Appendix table A.1 shows the descriptive statistics for these jobs ads. Approximately
40% of the jobs require minimum education as schooling, diploma is required in 10% jobs
while graduate education is required in 42% jobs. Postgraduate degree or higher is required
in only 4.5% jobs. In terms of experience requirements, these jobs largely cater to young job
seekers who are inexperienced, with 50% and 33% jobs posting a requirement of 0-1 and 1-2
years of experience. Only 12% jobs need an experience of more than five years. In terms
of location characteristics, we divide our set of cities into metro (Delhi, Mumbai, Chennai,
Kolkata, and Bengaluru), and non-metro (all other cities than the five mentioned before).

The metro cities have been the main center of economic activity and population hubs within

63



their regions. For instance, Delhi and Mumbai are the largest cities in north and west India,
respectively. The five metro cities account for 60% jobs in our dataset. Appendix Figure 1
shows the distribution of cities across the country for which a vacancy is posted. On average
each job ad receives 45 applications.

Around 56% of the jobs ads i.e., 20,784 post minimum and maximum offered wages. This
proportion is much larger than other existing studies which use posted wages. For instance,
wages are advertised in just 13.4% in Banfi et al. (2019) and Banfi & Villena-Roldan (2019),
16.4% of job ads in Kuhn & Shen (2013), 20% of job ads in Marinescu & Wolthoff (2020) for
the U.S. and 24.8% of job ads in Brenci¢ (2012). In line with the existing studies, we also
find that wages are less likely to be posted for ads having higher skill requirements like higher
education and experience, thus, allowing for possibility of wage bargaining and negotiation in
higher skill jobs (Brenci¢, 2012; Banfi & Villena-Roldan, 2019; Michelacci & Suarez, 2006).
Hence, while we recognize that our sample of job ads with wage information is a selected
sample of largely low skilled jobs, it is much larger than the existing studies to allow one to
gauge the effect of posted wages on distance for distaste. The posted annual wage on average
in a job ad that specifies a wage is Rs 2,40,000.

Second, we observe candidate characteristics, like age, gender, education, experience and
most importantly all the job applications made by them to the above posted ads. We drop
candidates with incomplete profiles, specifically the ones who do not fill up their gender
information.! Our final dataset contains information on 0.68 million applications made by
2,26,464 candidates located across 679 cities. Appendix table A.2 shows the descriptive
statistics for the applicants. A large proportion of candidates, approximately 68%, are
graduates while another 14% are postgraduates. Thus, on average the candidates on the
portal have high education. In terms of experience, 73% of the candidates have either none or

less than one year of experience while another 8% have 1-2 years of experience, again showing

"'We restrict our analyses to only those who have gender information available because candidates who do
not display gender, in general, do not enter other characteristics like education and date of birth as well and
also make much fewer applications (= 1/10 of those made by candidates who reveal gender) on the portal.
Thus, these seem to be non-serious candidates.
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that young job seekers (average age is 24 years) are the primary client base for this portal.
Around 44% of the candidates reside in metro locations. On average candidates apply to 4
full-time, single city jobs with specified job roles in our data during this time period. There
are differences in candidate characteristics across gender. While female job seekers constitute
35% of the seekers, they are on average more educated and younger with lower job experience
but apply apply to similar number of jobs as male job seekers.

Third, we can see which candidates are shortlisted by the firms for a given posted job for
a subset of job ads for which employers purchase this service from the portal. For this period
we observe shortlisting for 1470 job ads with all job roles and 888 job ads after dropping job
ads with job role as ‘Others’. To be consistent with our analyses on the candidate side we
use the 888 job ads for our main analyses but extend our analyses later to all jobs. Appendix
table A.3 shows the summary stats for these jobs. It can be seen that these jobs require
lower education and experience viz all jobs posted on the portal during this period. Around
83% of these jobs are in metro location, almost 100% have a specified wage and on average
have 63 applicants per job ad. This shows that employers hiring for low skill jobs in metro
locations - the ones who receive more applications - are also more likely to subscribe to this
service provided by the job portal. This is consistent with those employers subscribing to
the service who on an average are likely to get more applications and thus, have a higher

marginal benefit from paying for this service.

B.2 Distaste: Role of Posted Wages and Other Characteristics

We consider the role played by various factors in influencing the candidate’s distaste for
distance. As one of the first factors, we consider the role played by posted wages in influencing
candidate distaste. experience a disutility associated with relocation to a distant location,
higher wages could potentially serve as a compensating factor. For this examination, we
focus on the subset of jobs featuring posted wages to test if higher posted wages reduce the

distaste for distance exhibited by candidates. Around 56% of the job ads report wages in our
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data and we construct the potential choice set over these jobs for each candidate. This yields
around 62 million candidatexjob observations with an average application rate of 1.7%.”

Table B.1 presents the findings pertaining to the impact of wages on distaste. Column (1)
reports the direct effect of wages on application probability after controlling for the distance
effect. Here, we control for candidate fixed-effects, job requirements like education, experience
and location city, as well as monthly trends. In this specification, we are estimating the direct
effect of posted wage on application probability, thus job fixed-effects cannot be included.
The coefficient on log wage is positive and significant, with application probability increasing
by 0.6 percentage point with 1 percent increase in posted wage. This translates to a 35
percent increase in application probability for every 1 percent increase in posted wage. Thus,
among the job ads that post wages, the ones that post higher wages are more likely to receive
an application. The magnitude is similar to Marinescu & Wolthoff (2020).

The second column introduces an interaction term between log wage and distance group
to investigate if higher wages could offset distaste for distance. We include both candidate
and job fixed-effects in this specification to control for any effect on application rate due to
job and candidate characteristics. The interaction coefficients on the distance groups and
log wage are positive and significant, suggesting that given the distance, candidates have a
lower distaste for the job with higher posted wages. In columns (3)—(4) instead of controlling
for absolute wages we include an indicator variable which takes a value of one if the posted
wage in a job ad is more than the median wage keeping the specification otherwise analogous
to columns (1)—(2). The results in column (3) mirror those in column (1) and we find that
jobs with above median wage witness higher application rate. In column (4), we interact the
above median wage dummy with distance groups and find that the interaction coefficients in
each case are positive and significant. In terms of magnitude, we find that jobs more than 100

miles away, with above median posted wages witness a reduction in distaste by 18 percent

2Jobs with posted wages are likely to see a higher application, even after controlling for other job-level
characteristics and candidate fixed-effects. We do not report these results in the main paper, but they are
available on request.
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(0.02/0.11). These findings remain robust even upon including interaction terms of distance
groups with other candidate-level characteristics in column (5).

We further examine the heterogeneity in distaste by gender, education and experience of
the candidate (Table B.2). Column (1) illustrates the difference between male and female
candidates, where we interact a binary variable Feemale, that takes a value of one for females
and zero otherwise, with the distance groups. Female candidates exhibit a higher distaste for
distance on average, as denoted by the negative and significant coefficients of the interaction
terms. Given that female candidates are more educated than male candidates on the platform,
we present estimates in column (2) for gender, after accommodating the differential effect
of candidate education on preference for distant jobs. Here, the binary variable Graduate
takes a value of one for candidates with a graduate degree or above, and zero otherwise.
The interaction coefficients show that candidates with higher education demonstrate a lower
distaste for distance. Lastly, column (3) incorporates an indicator variable, Experienced,
that takes a value of one for candidates having at least six months of work experience, and
zero otherwise. The estimate suggests that candidates with some experience have a higher
distaste by approximately 17 percent.?

To summarize, these results reveal that while posted wages and other candidate attributes
indeed influence application probability and the distaste towards distant jobs, they do not
quantitatively account for the candidate’s evident disinclination for jobs that are located far
away. Despite including additional terms based on these characteristics in the regressions,
the baseline coefficients on distance terms do not exhibit any significant change in their
magnitude. This leads us to investigate the next key attribute, city type, in generating the

distaste.

30ur findings on gender align with the studies that find lower average mobility among females than males
in the Indian context and elsewhere (Le Barbanchon et al., 2021; Afridi et al., 2021). In contrast, Banfi et al.
(2019) do not find any differential behavior in application rate by gender to distant jobs for Chile. The higher
mobility of more educated workers has been documented for the US (Marinescu & Rathelot, 2018; Wozniak,
2010). For this job portal, experienced candidates are likely to be those who are currently employed. These
results could reflect that those who search on the job may have a higher distaste for distant jobs since they
already have employment in their current location.
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Table B.1: Effect of Distance on Application by candidates: Heterogeneity by Posted Wages

(1) (2) (3) (4) (5)
1-50 —0.038*** —(0.383%** —0.038%** —0.044%** —0.058***
(0.002) (0.042) (0.002) (0.003) (0.005)
50-100 —0.090%** —0.372%** —0.090%** —0.096%** —0.109%**
(0.001) (0.016) (0.001) (0.001) (0.003)
100-500 —0.107%** —0.379%** —0.107%** —0.112%** —0.133%**
(0.001) (0.010) (0.001) (0.001) (0.002)
> 500 —0.113%** —0.373%** —0.113%%* —0.117%** —0.134%**
(0.001) (0.010) (0.001) (0.001) (0.002)
In (wage) 0.006%**
(0.000)
1(wage > med) 0.006%**
(0.000)
1-50 x In (wage) 0.028%**
(0.003)
50-100 x In (wage) 0.023%%*
(0.001)
100-500 x In (wage) 0.022%%*
(0.001)
> 500 x In (wage) 0.022%%*
(0.001)
1-50 x 1(wage > med) 0.022%** 0.023%**
(0.004) (0.004)
50-100 x 1(wage > med) 0.020*** 0.019%**
(0.001) (0.001)
100-500 x 1(wage > med) 0.021%*** 0.021***
(0.001) (0.001)
> 500 x 1(wage > med) 0.020*** 0.020***
(0.001) (0.001)
N 62515398 62575521 62515398 62575521 51419446
Mean Y 0.018 0.018 0.018 0.018 0.018
Mean Y (Same city) 0.108 0.108 0.116 0.116 0.141
Controls
Job controls v v
Job FE v v v
Candidate FE v v v v v
Month-year FE v v v v v
Cand. controls x distance v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. Ln(wage) is log wage
offered by the job. 1(wage> med) is a binary variable takes the value 1 if the offered wage is above median. All specifications
control for month and year of job posting. Interaction controls include distance interacted for graduates above and experience
of more than one year for candidates. Regressions weighted by inverse of total applications by each candidate. Robust standard
errors clustered at the candidate level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
Source: Data includes all full time job ads posted on the platform with wage information available location in a single city and

job role excluding ’others’, for which any candidates applied between July 2020- December 2020.
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Table B.2: Robustness: Effect of Distance on Application by candidates - Distaste by Gender,
Education and Experience level

(1) (2) (3)
1-50 —0.013%** —0.028%** —0.027%**
(0.002) (0.003) (0.004)
50-100 —0.048%** —0.072%** ~0.070***
(0.001) (0.001) (0.002)
100-500 —0.057*** —0.086*** —0.084***
(0.000) (0.001) (0.001)
> 500 —0.061%** —0.087*** —0.085%**
(0.000) (0.001) (0.001)
1-50 x Female —0.008*** —0.008*** —-0.006*
(0.003) (0.003) (0.003)
50-100 x Female —0.008*** —0.010%** —0.011***
(0.001) (0.001) (0.001)
100-500 x Female —0.004*** —0.007*** —0.008***
(0.001) (0.001) (0.001)
> 500 x Female —0.004*** —0.006*** —0.007***
(0.001) (0.001) (0.001)
1-50 x Graduate 0.017%** 0.015%**
(0.004) (0.004)
50-100 x Graduate 0.030%** 0.029%**
(0.001) (0.002)
100-500 x Graduate 0.034%** 0.033%**
(0.001) (0.001)
> 500 x Graduate 0.032%*** 0.031***
(0.001) (0.001)
1-50 x Experienced 0.000
(0.004)
50-100 x Experienced —0.011%**
(0.001)
100-500 x Experienced —0.011%**
(0.001)
> 500 x Experienced —0.011%**
(0.001)
N 166555050 166415759 135272680
Controls
Job FE v v v
Candidate FE v v v
Month-year FE v v v

Notes: The dependent variable takes a value of one if a candidate applied for a job and zero otherwise. Distance groups (in
miles) are defined on the basis of distance between the posted job location city and candidate location city. Female, Graduate,
and Experienced are binary variables that take value 1 if the candidate is female, education level is graduate and above, and
experience in years is more than 1 year, takes value 0 otherwise. All specifications control for month and year of job posting.
Regressions weighted by inverse of total applications by each candidate. Robust standard errors clustered at the candidate level
in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: Data includes all full time job ads posted on the platform with location in a single city and job role excluding ’others’,
for which any candidates applied between July 2020- December 2020.
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B.3 Institutional Details: UDAN Scheme

Annually India’s air passenger count is more than 300 million, still large part of this is
concentrated in handful of bigger cities. In 2017, UDAN scheme was launched by Government
of India to increase connectivity between the smaller cities. Through subsidy offerings for
airlines and reduced airfare costs the scheme seeks to promote regional connectivity, and foster
economic development in these areas. As part of the scheme, 451 routes were operationalized
as of January 2022. UDAN has played an important role in expanding air travel access
beyond major metropolitan cities, to help bridge the connectivity gap in India.

Using introduction of UDAN routes as natural experiment, we analyze the impact of the
scheme on job applications on connected routes. We consider the total number of applications
from candidates between June 2018-December 2019. Among the connected UDAN cities
under the scheme, we have selected 54 candidate cities as treatment cities basis the airports
were smaller — excluded older airports like Patna*, removed the chopper routes, and sea routes.
Next, using the number of applications between candidate and job city on a given date, we
create a potential application set assuming a job could potentially receive applications from
each of these 54 treatment cities and then measure the impact of the introduction of UDAN
routes using Sun & Abraham (2021) estimator. There were 55 UDAN routes in the period of
analysis, compared to 100 routes that were introduced post June 2018° for the included 54
treatment cities. There were 1692 candidate-job city locations® that were not connected as
part of UDAN scheme in our sample. Please see Figure B.1 for detailed breakup of routes
by distance categories and by quarter. Many more UDAN routes were introduced in the
2019, compared to 2018 in our analysis period. Conversely, as one would expect we see larger
number of connections being introduced for the medium length routes that is more than 100

miles.

4The cities that already had an airport and excluded from candidate city’s list were — Ahmedabad,
Amritsar, Bangalore, Bhubaneswar, Chandigarh, Chennai, Delhi/NCR, Dibrugarh, Hyderabad, Imphal,
Jaipur, Kochi, Kolkata, Lucknow, Mumbai, Patna, Pune, Thiruvananthapuram, and Varanasi.

5Routes introduced till June 2022

6The ij and ji connections counted separately, origin and destination matters.
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Figure B.1: UDAN Sample: Air route details
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15

10

Count

2018Q2 2018Q3 2018Q4 2019Q1 2018Q2 2019Q3 2019Q4

(b) Treated routes by distance categories

=
m_ l
o -j
Less 100

100-200 200-300 300-500 Above 500

18

Count

Notes: We plot the air routes that are treated in our analysis period June2018-December2019. Distance groups (in miles) are

defined on the basis of distance between the posted job location city and candidate location city. We have excluded the routes

that were introduced before or after the period of analysis. Also, exclude the chopper routes introduced during this period as
part of UDAN scheme.
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