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Abstract
This paper presents the results from a 2.3 million person ﬁeld experiment that varies whether a job seeker is shown the number of applicants
for a job posting on a large job posting website, LinkedIn. This intervention increases the likelihood a person will start/ﬁnish an application by
0.6%-1.9%, representing an economically signiﬁcant potential increase
of over a thousand applications per day. This increase is greater for
female applicants. Firms in industries that are highly represented on
this job posting website may be particularly interested in this low cost,
light touch intervention that potentially increases the number of female
applicants.
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Introduction

There is a documented wage gap in the U.S. with women earning about 30%
less than men (Goldin, 2014). To study this issue, previous research has focused on diﬀerences in human capital accumulation and ﬁrm side discrimination. However, a more recent stream of laboratory produced research has
found that women tend to be more ambiguity/risk averse than men, and that
women dislike competition more than men do (Azmat and Petrongolo, 2014;
Bertrand, 2011; Croson and Gneezy, 2009; Eckel and Grossman, 2008). These
behavioral diﬀerences observed in the lab present another possible explanation
for diﬀerences in occupation choices and competitive performance in the real
world. To understand the extent to which these laboratory results translate
to real-world behavior, several large scale ﬁeld studies have been conducted
(Chen and Konstan, forthcoming; Samek, 2015; Flory et al., 2015). This paper
ﬁts within this ﬁeld of research by examining behavioral motivations across
genders in a large scale ﬁeld study with real labor market implications.
In many theoretical models job seekers are generally modeled as facing decisions with both known risks, such as the likelihood of a job oﬀer, and known
utilities regarding prospective positions.1 However, in reality, job seekers face
many unknown risks or “ambiguity” about the probability of an oﬀer or the
utility of a position. If job seekers are ambiguity averse or if they use signals to
update their beliefs, then these theoretical models lose some of their predictive
power. This paper is intended to bridge the gap between theoretical assumptions and real-life behavior by analyzing the job search behavior of over 2.3
million job seekers viewing over 100,000 job postings on the website LinkedIn
in March 2012. Speciﬁcally, I compare the behavior of job seekers based on the
information they receive. This study varies whether job seekers are shown the
number of people who previously began an application for a viewed posting.
Intuitively, adding extra information may change either the cost of applying or the expected beneﬁt in terms of obtaining the position. Behavioral
1

See Galenianos and Kircher (2009); Mortensen (1970); Das and Tsitsiklis (2010); Chade
and Smith (2006); Weitzman (1979); Kohn and Shavell (1974); Telser (1973); Nachman
(1972) and Stigler (1961).
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economics oﬀers several theories from which we can derive predictions about
the eﬀect of knowing the previous number of started applications on the likelihood of application. Speciﬁcally, I focus on the following three in this study:
(1) ambiguity aversion, (2) competition avoidance, and (3) herding. Ambiguity aversion suggests having more information will reduce ambiguity and
in turn increase application likelihood. Competition avoidance suggests job
seekers may try to avoid competition when there is a high number of started
applications. On the other hand, herding suggests seekers will apply to more
popular postings. All three behaviors may be observed in the data, but from
a policy perspective it is important to know which one has the largest average
eﬀect on job application rates, and in particular if there are heterogeneous
treatment eﬀects for men and women.
Understanding the interaction between behavioral factors and job search
behavior could be used to create a welfare gain from a better functioning
labor market. If ambiguity aversion dominates, then adding more information
to the job posting may increase the likelihood of application, especially for
women. In turn, this may enhance welfare by both increasing the thickness
of the market and decreasing the gender occupation gap.2 By contrast, if
competition avoidance dominates there may be a welfare gain from decreased
congestion, but also a decrease in the number of female applicants. Last, if
herding behavior dominates, the resulting congestion may create a welfare loss.
The results from this experiment show no strong pattern of either competition avoidance or herding for either gender. However, interestingly, the results
show that the addition of information increases the likelihood of starting or
ﬁnishing an application by 0.6-1.9%, representing a potential increase of about
a thousand applications per day for posting on the site. My analysis shows
that this increase is largely driven by female job seekers being induced to apply. For example, showing this information results in an almost 6% increase in
2

Theoretically, having a larger applicant pool will increase the expected value of the ﬁnal
match (Barron et al., 1985). Empirically, Van Ours and Ridder (1992) ﬁnd that vacancies
are ﬁlled more quickly when there is a larger applicant pool. Thus, increasing the number of
applicants may result in welfare gains as long there is not too much congestion (Roth, 2008)
and as long as it does not exacerbate diﬀerences in occupational choices across genders.
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the likelihood a woman will ﬁnish an application, while the eﬀect is not measurable for men. This ﬁnding is consistent with research that shows women are
more ambiguity averse than men (Eckel and Grossman, 2008). Additionally, I
ﬁnd that the treatment increases the likelihood a female job seeker will apply
to a job traditionally perceived as “male” by 0.7-1.7 percentage points. The
ﬁndings from this study have both academic and policy applications. Speciﬁcally, the results suggest that providing more information can increase female
applicants in industries like high tech and ﬁnance that have higher male participation rates. Overall, this paper ﬁnds that showing more information on
job postings could mitigate the male-female occupation gap by exploiting gender diﬀerences in behavioral factors to increase the thickness of the female
applicant pool.
The rest of the paper proceeds as follows. Section 2 discusses the literature
in more detail. Section 3 describes the ﬁeld experiment. Section 4 discusses
the empirical strategy and results and Section 5 concludes with suggestions
for further research.

2

Literature Review

Research has shown that one reason for the gender wage gap is that men are
concentrated in higher paying occupations than women. However, it is unclear
how much of this occupational segregation is driven by the supply side choices
of women to seek lower-paying occupations rather than demand side discrimination. Previous studies have tended to focus on the demand side factors.
For example Petit (2007) and Neumark et al. (1996) manipulate the name on
a resume and ﬁnd that men are more likely to be called for interviews than
women.3 Similarly, Goldin and Rouse (2000) ﬁnd that blind auditions increase
the likelihood that a woman is hired for a position by 50%. Finally, Bohnet
et al. (Forthcoming) ﬁnd that female applicants are evaluated diﬀerently than
male applicants. However, other studies have not found evidence of gender
bias in the hiring process. For example, Kuhn and Shen (2013) ﬁnd that
3

A notable exception is Bertrand and Mullainathan (2004).
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higher skilled jobs are actually less likely to show a gender preference in their
job postings. In addition, large employers of high skilled workers in the US
have recently explicitly stated they would like to close the gender gap in their
ﬁrms.4 Finally, a set of studies has shown that increased gender diversity in
the workforce has positive results for a ﬁrm (Weber and Zulehner, 2014, 2010;
Hellerstein et al., 2002). Together these studies show that although some of
the occupation gender gap may be driven by demand side discrimination, this
does not seem to be the full story.
Regarding supply side factors, Fernandez and Friedrich (2011) ﬁnd that
female job seekers state a preference for a more “female” receptionist position versus a more “male” computer programmer position. This implies that
women’s underlying preferences are driving the occupation gap; thus from a
policy perspective, we would need to change women’s preferences to close the
gap. However, in a recent ﬁeld study Flory et al. (2015) ﬁnd women are less
likely to apply to postings that include more “male” wording, a more competitive pay structure, or greater pay uncertainty. Gaucher et al. (2011) ﬁnd
a similar result in a laboratory setting. In another study Samek (2015) ﬁnds
a more competitive pay scheme deters both men and women from applying,
but that the eﬀect is larger for women. With the exception of Fernandez and
Friedrich (2011), supply side studies ﬁnd that women are deterred from applying by the speciﬁc information in the job posting or advertised pay structure.
In related work on ﬁnancial disclosures, two studies ﬁnd that psychological
factors aﬀect take up behavior (Bertrand and Morse, 2011; Bertrand et al.,
2010). These ﬁndings imply that changing how job positions are advertised
could decrease the occupation gender gap.
This paper contributes to the gender gap research by studying how the information provided to applicants impacts their decision to apply. Speciﬁcally,
being shown the number of previous applicants may help a job seeker weigh
the costs of application against the beneﬁts of a possible job oﬀer. Application
4

For example in May 2014 Google announced that only 30% of its workforce is female,
and only 17% of its “tech” workforce is female. Google also acknowledged that they would
like to increase diversity in their workforce. See http://www.forbes.com/sites/jaymcgregor/
2014/05/29/2-of-google-employees-are-black-and-just-30-are-women/
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costs can be quite high in terms of time cost. The beneﬁts of applying are
related to actually obtaining a job oﬀer. In this study, I examine the relative
importance of the following information eﬀects to gain insight into applicant
behaviors: (1) ambiguity aversion, (2) competition avoidance, and (3) herding.
Laboratory studies ﬁnd that both women and men are aﬀected by all three
of these behavioral factors. These studies further ﬁnd that women systematically diﬀer in the extent to which they exhibit these behaviors (see Bertrand
(2011); Croson and Gneezy (2009); Eckel and Grossman (2008) for extensive
literature reviews). Most of these studies ﬁnd that women are more likely
to choose a piece-rate versus competitive tournament style payment scheme
(Dohmen and Falk, 2011; Vandegrift and Yavas, 2009; Niederle and Vesterlund,
2007; Gneezy et al., 2003). Applying this ﬁnding to the job search process,
being shown a higher number of applicants on a job posting may discourage
women from applying if they prefer to avoid competition. However, it is also
possible that herding toward more popular jobs may oﬀset this reduction. Experiments on herding ﬁnd that people are more likely to make the same choice
they observe others making (Bougheas et al., 2013; Yechiam et al., 2008; Anderson and Holt, 1997). Although these studies do no break down results by
gender, they suggest in general, that herding would lead to more job seekers applying to positions which are already over-subscribed even though the
overall eﬀect is welfare dis-enhancing. Finally, it is possible that ambiguity
aversion dominates in the job application process. Ambiguity refers to situations in which the distribution of the random variable is unknown, whereas
in contrast, risk refers to situations for which the distribution is known.6 The
job search process contains a number of random variables that determine the
likelihood of an oﬀer, the quality of the position, etc. When job seekers receive
5

See the online Appendix available at http://laurakgee.weebly.com/index.html, for survey results ﬁnding most people estimate the time cost of an application at over an hour.
The survey includes 188 respondents and a snow ball sampling method.
6
Note that ambiguity aversion can be modeled as a speciﬁc form of risk aversion following
the work of Halevy and Feltkamp (2005) who show that behavior indicative of ambiguity
aversion could also be explained by risk aversion over correlated risks. See the appendix for
details. Women have been shown to be more risk averse than men in many lab experiments
(Bertrand, 2011; Croson and Gneezy, 2009; Eckel and Grossman, 2008).
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information regarding the number of other applicants some of this ambiguity is
reduced. As a result, ambiguity averse job seekers may be more likely to apply.
Laboratory experiments on gambling choices ﬁnd that subjects prefer options
where the distribution of risks is known over gambles where the distribution
is less well known (Halevy and Feltkamp, 2005; Ellsberg, 1961). Additional
studies have found that women are more ambiguity averse than men over gains
in non-abstract environments (Moore and Eckel, 2003; Schubert et al., 2000);
such as the job application process. In the next section I elaborate on the
setting for my ﬁeld experiment and the experimental procedures used to test
which of these eﬀects dominates in the job search setting.

3

Field Experiment

The ﬁeld experiment took place on the professional social networking website
LinkedIn in March 2012. LinkedIn was launched in 2003. By April 2015, the
website had 350 million members from over 200 countries.7 LinkedIn is well
known for its professional social networking functionality. However, it also
acts as a job posting website. This paper concentrates on the job posting
functionality of LinkedIn.
Although the population on LinkedIn is not a representative sample of the
total worldwide labor force, it is particularly well-suited for a study of gender
diﬀerences in the labor force. The largest industries represented on LinkedIn
are “High Tech” and “Finance”.8 Industries like this tend to have lower levels
of female labor force participation. For example only 32.5% of US professionals
in STEM related ﬁelds (Science Technology Engineering and Mathematics) are
female.9
To use the job postings on LinkedIn, a member ﬁrst navigates to the Jobs
7

See https://press.linkedin.com/about-linkedin. As there are about 3.5 billion people in
the worldwide labor force (https://www.cia.gov/library/publications/the-world-factbook/
rankorder/2095rank.html), the LinkedIn population would represent about 10% of the total
labor force.
8
http://www.linkedinppc.com/target-by-industry-company-category/
9
http://dpeaﬂcio.org/programs-publications/issue-fact-sheets/women-in-stem/
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landing page (Figure 1) where she is shown some pre-selected job postings.
At this point the member can click on one of the postings listed, or can enter a
term into the search bar, which will return results like those shown in Figure 2.
After clicking on a posting, a member will see a full page description of the
posting. In the ﬁeld experiment, the treatment and control groups receive
diﬀerent descriptions, with the treatment group receiving information on the
number of previous applicants for the posted position.

Figure 1: Jobs Landing Page
Note: This ﬁgure shows the Jobs landing page a LinkedIn user might see when she logs on to the website.

10
Jobs are generally selected by LinkedIn based on information the member has listed on
his/her proﬁle like education, industry, and previous employment.

10

Figure 2: Job Search Landing Page
Note: This ﬁgure shows the results from a search for the term “Economics”
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(a) Interior Job Posting

(b) Exterior Job Posting

Figure 3: Types of Job Postings on LinkedIn
Note: This ﬁgure shows an example of the two types of job postings on LinkedIn. Panel (a) shows an
interior posting, which means that LinkedIn collects applications for a third party (Oracle). For these, I
can observe if a person both begins and ﬁnishes an application. Panel (b) shows an exterior posting, which
means that a person is directed to an external website to begin an application and thus I can only observe
if someone begins the application. These screenshots were taken in February 2013, which is why they diﬀer
very slightly from the formatting seen in the example of the treatment vs. control screenshots in Figure 4.
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LinkedIn provides two types of job postings (Figure 3). Interior postings
are those where LinkedIn collects the ﬁnished application and forwards it to
the company. With interior job postings, I can observe if a member both starts
and ﬁnishes an application.11 Exterior postings, on the other hand, link a job
seeker to an external website. In this case I can observe only if a user starts
an application.
The two main outcome variables in my experiment are the dummy variables “Start Application” and “Finish Application”. For exterior postings, I
can tell only if someone clicks on the “Apply” button. I cannot determine the
time spent applying or even if the click was intentional. This limited information makes Start Application a noisy measure of interest in the position. By
contrast, I can measure the outcome Finish Application for interior postings
making it a more accurate measure of investment in applying for the job.
In this experiment, users were randomized into groups at the member level,
so a member in the control group would see no information on any postings he
visits during the 16 days of the experiment. On the other hand, a member in
the treatment group looking at the same job postings would see the number of
job seekers who had previously started an application as pictured in Figure 4.12
This design presents a unique experiment because I can observe how two
people looking at the exact same posting change their behavior based on
whether they know the number of other people who have already started an
application. Additionally, because the information is exogenously assigned,
I can rule out the possibility that those who seek out more information are
already more likely to apply for a position.
The groups were determined from the set of all active LinkedIn members
11
I have the timestamp of when a job seeker clicks “Apply” and also the timestamp for
when the user submits an application. If a person submits an application within one day
of viewing the posting, then I code this as a ﬁnished application. This restriction is likely
to bias the number of total ﬁnished applications downward since some people may take
more than a day to ﬁnish an application or may come back at a later date to ﬁnish the
application. However, I have no reason to believe this bias will be diﬀerent across the
control and treatment groups.
12
For an exterior job posting, the button reads “Apply on Company Website,” while for
an interior job posting the button simply reads “Apply Now”.
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(a) Control

(b) Treatment

Figure 4: Job Posting As Seen In Control and Treatment
Note: This ﬁgure shows the way a job posting would be seen by those in the control (Panel (a)) and the
treatment (Panel (b)) groups. The arrow in Panel B is to highlight the treatment for the reader, and was
not shown to subjects in the experiment. The diﬀerence is those in the treatment see that “162 people have
clicked” on this job posting to begin an application on the exterior website. Apart from this diﬀerence, the
job posting is displayed identically to those in the control and treatment groups.
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who viewed a job posting during a 16 day window in March 2012. One-fourth
of these were randomly assigned to the treatment group and the remaining
three-fourths were assigned to the control group.13
Overall, the sample includes about 2.3 million registered members from 235
countries. There are about 580,000 job seekers in the treatment and 1.7 million
job seekers in the control. During the experiment, these job seekers viewed a
total of over 100,000 job postings from 23 thousand companies. On average
each job posting was viewed 80 times during the 16 days of the experiment
and each company had about 4.7 jobs posted.14

3.1

Summary and Balance Statistics

The summary statistics for the subjects in the experiment are provided in Table 1. Gender is identiﬁed for 90% of the sample (57% male and 32% female).15
For the subjects, the average age is 35, and the average year when she became
a LinkedIn member is 2009. Furthermore the statistics show that 42% of the
subjects are from the US, with an average of 315-316 links as of Spring 2013.16
13

I exclude members who were included in a previous pilot study that took place in the
two weeks before the main experiment.
14
The minimum number of views during the 16 day period was 1 and the maximum was
6,740 with 44 being the median number of views. The minimum number of job postings
from a company was 1 and the maximum was 2,568, with the median number of postings
from a company being 1. Only 78 companies have 100 or more job postings up during the
experiment, and the results are similar if I exclude postings from these companies in the
analysis (results available from the author by request). Postings viewed by members in
the control and treatment both started with an average of 17-18 previous applicants at the
beginning of the experiment.
15
Members do not provide gender, but it is imputed from their country and name (e.g.
Laura in the US is coded female, and Miroslav is coded male in Slovakia). Since a large
portion of the analysis concentrates on heterogeneous treatment eﬀects by gender, a balance
table by gender is provided in the online Appendix. All observable variables are similar
across the control and treatment for both men and women. Also, members do not actually
provide age, but it is imputed from the year the person graduated from college or high
school.
16
A “link” is a connection between two LinkedIn members that must be approved by
both members. For example, a person may ask to be “linked” to a co-worker, and then that
co-worker must approve that link before it appears on the website. LinkedIn keeps records
of the number of connections at a company at the time of viewing, but they do not keep
systematic records of the total number of links at the time of viewing.
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The subjects are very well educated, with 2% listing an Associates degree, 52%
listing a Bachelors, and 46% listing a post-Bachelors degree as their highest
education level attained. Overall, subjects in the control and treatment groups
are similar on observable variables. There is a statistically signiﬁcant diﬀerence between the proportion of subjects from the US between the two groups,
but the magnitude of this diﬀerence is extremely small. Finally, the statistics
in Table 2 show that subjects in the control and the treatment groups view
similar postings.
Table 1: Member-Level Summary Statistics
Variable
male
female
gender known
age
year membership
US
total links (2013)
high school listed
assoc. listed
BA listed
post BA listed

Mean
(All)
0.572
0.328
0.899
34.845
2008.938
0.419
315.439
0.002
0.018
0.519
0.461

N
Mean
N
Mean
N Min.
(All) (Control) (Control) (Treatment) (Treatment)
2,326,207
0.572
1,743,880
0.571
582,327
0
2,326,207
0.328
1,743,880
0.328
582,327
0
2,326,207
0.900
1,743,880
0.899
582,327
0
1,837,316
34.850
1,378,146
34.831
459,170
17
2,304,683
2008.938
1,727,755
2008.939
576,928 2003
2,326,207
0.419
1,743,880
0.418
582,327
0
2,305,208
315.220
1,727,947
316.094
577,261
0
1,058,647
0.002
797,023
0.002
261,624
0
1,058,647
0.018
797023
0.018
261,624
0
1,058,647
0.518
797,023
0.520
261,624
0
1,058,647
0.462
79,7023
0.460
261,624
0

Max.
1
1
1
136
2012
1
40,500
1
1
1
1

t-test
for diﬀ.
0.666
0.200
0.639
1.089
0.041
2.233
1.091
0.408
0.183
1.545
1.562

Notes: In this table each observation is a single member. Each member occurs multiple times in the actual data set, once for each job
posting the member views.

Table 2: Posting-Level Summary Statistics
Variable
start prev. apps
unixtime 1st seen
ﬁrm total postings

Mean
N
Mean
N
Mean
N Min. Max.
(All)
(All) (Control) (Control) (Treatment) (Treatment)
17.434 109,233
17.511
108,675
18.027
104,530
1 3,320
1332.517 109,233
1332.514
108,675
1332.502
104,530 1332
1334
4.726 23,115
4.727
23,107
4.756
22,926
1 2,568

Notes: “start prev. apps” is the average number of previously started applications before the experiment began. “unixtime 1st seen” is the
timestamp coded into unixtime (a common measure of date used by Internet companies) when the job posting was ﬁrst viewed during the
experiment. Most job postings and companies are seen at least once by both the control and treatment groups. In rows 1-2 the observations
are at the job posting level. In row 3, the observations are at the ﬁrm level.

4

Results

This study examines how varying the information job applicants are shown
impacts their subsequent application choices. Showing job seekers the number of previous applicants may impact their choices through three possible
mechanisms. First, if job seekers are ambiguity averse, showing them more
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information would decrease the overall ambiguity and thus increase the likelihood they will apply. Second, if job seekers avoid congested job postings,
seeing a higher number of applicants would deter them from applying. Third,
if job seekers herd toward more popular job postings, seeing a higher number of
applicants would induce them to apply. To test which eﬀect dominates, I make
the following related set of predictions: (1) if ambiguity aversion dominates,
the treatment will have a positive eﬀect on applications, (2) if competition
avoidance dominates, the treatment will have a negative eﬀect on applications if the number shown is suﬃciently high, (3) if herding dominates, the
treatment will have a positive eﬀect on applications if the number shown is
suﬃciently high.
There are diﬀering welfare implications from each of these three eﬀects. If
ambiguity aversion is the dominant eﬀect, then this could be welfare enhancing
by increasing the thickness of the market and possibly decreasing the gender
occupation gap. However, if instead job seekers are avoiding competition, then
this could be welfare enhancing by decreasing congestion, but it could also
lower the number of female applicants. Last, if the dominant eﬀect is herding
toward more popular jobs, there may be too much congestion, resulting in a
welfare loss.
It is an empirical question which eﬀect is dominant in the data. I begin by
presenting the results for the overall treatment eﬀect. I then proceed to provide
the result of my tests for competition avoidance and herding by exploring the
size of the treatment eﬀect by the change in the number of applicants seen.
Last, I show diﬀerential treatment eﬀects by the type of job being applied to.

4.1

Overall Treatment Eﬀect

Since each viewing is coded as a separate observation, I have 8,904,039 viewing/posting combinations. The outcome variables are (1) whether a person
starts an application and (2) whether a person ﬁnishes an application. As
explained, I can observe starting an application for both exterior and interior
job postings, while I can observe ﬁnishing an application for only interior job
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postings. One can think of the outcome variables over two groups: those who
saw an exterior posting (4,499,007 observations), and those who saw an interior posting (4,405,032 observations). The data include all the postings that
a member views during the experiment, so the same member often shows up
in both the Exterior and Interior sub-samples.
When a job seeker decides to apply to a job posting, she is faced with
a number of unknown risks: the probability of an oﬀer, the probability the
position is a good ﬁt, the probability of liking the corporate culture, and so
on. Ambiguity aversion describes a preference for known versus unknown risks.
So, for example, an ambiguity averse job seeker might prefer to apply to a job
posting with a known 50% chance of an oﬀer, rather than a posting where the
odds are unknown.17 This experiment varies the amount of information a job
seeker receives and thus decreases the ambiguity and by consequence should
change the behavior of ambiguity averse job seekers. In particular, I predict
that it should change the behavior of female applicants because previous work
has found that women are more ambiguity averse than men regarding gains in
contextual environments (Moore and Eckel, 2003; Eckel and Grossman, 2008;
Schubert et al., 2000). Furthermore, both Samek (2015) and Flory et al. (2015)
present evidence from ﬁeld experiments to show that compensation uncertainty
either in the form of a tournament or an uncertain bonus, has a negative
eﬀect on women’s application rates. An important distinction between this
paper and the work of Samek (2015) and that of Flory et al. (2015) is that
here the uncertainty is about the probability of an oﬀer or attributes of the
potential position, whereas in their studies the uncertainty is in the amount of
compensation contingent on being hired. Given the ﬁndings of previous work,
if ambiguity aversion is driving my results, one would expect the treatment to
have a larger eﬀect on female job seekers.
In the ﬁrst three columns of Table 3, I present the results from a simple
17

This pattern of decisions can be explained by a number of models, including max-min
expected utility or bundled risky decision making (see the online Appendix for a short
discussion of Ellsberg (1961); Gilboa and Schmeidler (1989); Halevy and Feltkamp (2005)
and Halevy (2007)).
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regression:
Ai,d,j = βTi + i,d,j ,

(1)

where each observation is a user i who viewed a job posting j on day d. In
Panels A and B.i, the dependent variable Ai,d,j takes the value of 1 if that user
started that job application by clicking on the “apply” button. In Panel B.ii,
the dependent variable Ai,d,j takes the value of 1 if that user ﬁnished that job
application by submitting all the requested materials. Note that the results
in Panel B.ii indicate the unconditional likelihood of ﬁnishing an application,
meaning that the dependent variable takes the value of 0 either if a person
did not start the application or if the person started but did not ﬁnish the
application. The reason that B.ii concentrates on the unconditional ﬁnish
rate is that the randomization does not control for selection into starting an
application.
Since my dependent variable takes the value of 0 or 1, a logit model would
be appropriate. However, since I am most interested in the average probability
of applying I use a linear probability model.18 The independent variable Ti
takes the value of one if a user is assigned to the treatment group and thus
sees the number of previously started applications. All standard errors are
clustered at the job posting j level.
Column 1 of Table 3 shows the results for all LinkedIn users, Column 2
shows the results for female users, and Column 3 shows the results for male
users. Looking at Column 1, we can see that the treatment increases the
likelihood a user will start and/or ﬁnish an application by 0.044 to 0.238
percentage points; representing a proportional increase above the control mean
of between 0.855%-1.929%, representing an economically signiﬁcant potential
increase of over a thousand of applications per day during the 16 days of the
experiment.19 As a robustness check, I rerun the analysis with only the ﬁrst
18

A logit model yields similar results and those results are available from the author upon
request.
19
A back of the envelope calculation would be that the 2.3 million users viewed almost 9
million job postings. If they had all been in the treatment group, we would have expected an
extra 16,699 applications to have been started over the 16 days of the experiment, assuming
that those who apply are not substituting this application for another. This does not appear
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job posting viewed and ﬁnd larger eﬀect sizes representing between a 2.124%3.706% increase over the control (see Appendix).20 This ﬁnding suggests there
is no path dependent bias in the sequence of postings viewed.
I next compare the results for the female users in Column 2 to those of the
male users in Column 3. This comparison shows the eﬀect of the treatment
is always larger for female job seekers. For example, the results in Panel B.ii
indicate that the treatment increases the likelihood a female user will ﬁnish an
application by 0.200 percentage points compared to an insigniﬁcant coeﬃcient
for male users of -0.033.21 Furthermore when comparing the results in Column
2 to those in Column 3, we can see that the positive and signiﬁcant eﬀect of
the treatment on starting and ﬁnishing applications is largely driven by female
LinkedIn users being induced to apply.
The diﬀerences described so far may be driven by a number of factors
including selection of job posting, order of viewing, and the actual number of
applicants displayed. I next test these explanations using the following model:
Ai,d,j = βTi + Pj + Dd + αN umApplyi,d,j + γOi,d,j + i,d,j .

(2)

Note that the dependent variable Ai,d,j still takes the value of 1 if a user decides
to start or ﬁnish an application after viewing the posting. The independent
variable Ti takes the value of 1 if the user was assigned to the treatment group
which sees the number of previously started applications. I include a ﬁxed
eﬀect Pj for each job posting j, so that the treatment identiﬁes diﬀerences
to be the case, since those in the treatment start about 0.548 applications on average while
those in the control start about 0.539 applications (t = 2.293). This diﬀerence in total
applications is driven by a statistically signiﬁcant increase for female job seekers, but a
non-detectable eﬀect of the treatment on males. Additionally, it is driven by more female
job seekers being induced to apply (the extensive margin) rather than by women applying
to more jobs (intensive margin), as discussed later.
20
Since each observation is a user-job pair, users who look at many jobs, and jobs that are
particularly popular have more observations in the data. One may worry that the results
are being driven by these heavier users or the more popular jobs but if I weight the results
so that either each user’s weights sum to one or that each job posting’s weights sum to one,
the results are similar (see Appendix).
21
The male and female coeﬃcients are always statistically signiﬁcantly diﬀerent from each
other with the exception of those in panel B.i Column 2 vs. those in Column 3.
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Table 3: Likelihood of Starting/Finishing an Application
1

Control Mean AT =0
Treatment β
Adj R2
N
Pct Increase

β
AT =0

Control Mean AT =0
Treatment β
Adj R2
N
Pct Increase

β
AT =0

Control Mean AT =0
Treatment β
Adj R2
N
Pct Increase

All
12.333
0.238***
(0.036)
0.000
4,499,007
1.929%

Simple
2

3

With Fixed Eﬀects
4
5

6

A. Exterior: Likelihood Starting Application
Female
Male
All
Female
Male
11.312
12.471
12.333
11.312
12.471
0.365***
0.095* 0.236*** 0.409***
0.083
(0.062)
(0.048)
(0.036)
(0.063)
(0.048)
0.000
0.000
0.040
0.044
0.039
1,477,866 2,562,137 4,499,007 1,477,866
2,562,137
3.226%
0.761%
1.913%
3.615%
0.665%

B.i Interior: Likelihood Starting Application
All
Female
Male
All
Female
Male
15.901
14.198
16.383
15.901
14.198
16.383
0.136***
0.107
0.046
0.102**
0.193**
-0.028
(0.040)
(0.067)
(0.054)
(0.039)
(0.067)
(0.053)
0.000
0.000
-0.000
0.055
0.060
0.056
4,405,032 1,414,655 2,554,216 4,405,032 1,414,655
2,554,216
0.855%
0.753%
0.280%
0.641%
1.359%
-0.170%
B.ii Interior: Likelihood Unconditional Finishing Application
All
Female
Male
All
Female
Male
4.422
3.681
4.740
4.422
3.681
4.740
0.044 0.200***
-0.033
0.030 0.208***
-0.041
(0.023)
(0.037)
(0.031)
(0.023)
(0.038)
(0.031)
0.000
0.000
0.000
0.021
0.020
0.022
4,405,032 1,414,655 2,554,216 4,405,032 1,414,655
2,554,216
0.994%
5.431%
-0.696%
0.575%
5.649%
-0.864%

β
AT =0
Notes: The dependent variable takes the value of 1 if a job seeker started or ﬁnished an application. All coeﬃcients are multiplied
by 100 for ease of reading results. Columns 1, 2 & 3 are simple models that only use the treatment as the right hand side variable.
Columns 4, 5, & 6 include job posting ﬁxed eﬀects, days posted (omitted category 1st day) ﬁxed eﬀects and categorical dummies
for the previous number of people who started a job application at the time of viewing (omitted category is 1-24, other bins are
25-49, 50-74, 75-99, 100-124, 125-149, 150-175, 175+). All standard errors are clustered at the job posting level. The coeﬃcients
for male vs. female job seekers are statistically signiﬁcantly diﬀerent from each other for all comparisons except panel B.i Column
2 vs. 3. Details of the tests are as follows: panel A (P rob > chi2 = 0.0006 for Column 2 vs. 3 and P rob > chi2 = 0.0000 for
Column 5 vs. 6); panel B.i (P rob > chi2 = 0.4819 for Column 2 vs. 3 and P rob > chi2 = 0.0089 for column 5 vs. 6); panel B.ii
(P rob > chi2 = 0.0000 for column 2 vs. 3 and P rob > chi2 = 0.0000 for Column 5 vs. 6) Legend: * p < 0.05; ** p < 0.01; ***
p < 0.001
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in the likelihood of applying between two members viewing the exact same
posting.22 This posting ﬁxed eﬀect controls for time invariant attributes of
a posting such as ﬁrm, industry, job description, pay range and job title.
Additionally, to mitigate time trends in the raw data I use a ﬁxed eﬀect, Dd ,
for the number of days the posting has been live during the experiment. I
also include the variable Oi,d,j which controls for the order in which a job
posting is seen by person i. In addition I created a set of categorical variables,
N umApplyi,d,j , that divides the true number of previous applicants into eight
bins: (1) 1-25, (2) 25-49, (3) 50-74, (4) 75-99, (5) 100-124, (6) 125-149, (7)
150-174 and (8) 175+. This variable controls for the true underlying number.23
Columns 4-6 in Table 3 present the results from this model, controlling for
time invariant attributes of the job posting, the number of days the posting has
been online, the order in which postings are seen, and the true number of previous applicants at the time of viewing. This analysis yields results similar to
those in Column 1-3, speciﬁcally the treatment increases the likelihood a user
will start or ﬁnish an application by 0.030-0.236 percentage points, representing a proportional increase above the control mean of between 0.575%-1.913%,
or a potential increase of a thousand applications per day.
I next compare the results for female users in Column 5 to those for male
users in Column 6. These results show that the coeﬃcient for female job
seekers is always statistically signiﬁcantly larger than that for males. For
example, from Panel B.ii, we see that the treatment increases the likelihood
a female user will ﬁnish an application by 0.208 percentage points, compared
to an insigniﬁcant coeﬃcient for male users of -0.041.24 Overall, the results
indicate that being in the treatment group increases the likelihood a female
job seeker will ﬁnish an application (Panel B.ii) by almost 6%. These results
are summarized below.
22

Only 1.4% of the job postings were seen by only a single person during the experiment
so the ﬁxed eﬀects have a minimal eﬀect on the eﬀective sample size.
23
I add this variable since LinkedIn may use this information to select which job postings
to highlight for both the control and the treatment groups.
24
The male and female coeﬃcients in Panel B.ii are statistically signiﬁcantly diﬀerent
from each other (P rob > chi2 = 0.000).
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Result 1: Showing job seekers the number of previously started applications increases the likelihood they will start or ﬁnish an application by about
0.6% to 2%; this represents a potential increase of a thousand applications per
day. The increase caused by the treatment is similar with or without controls
for time invariant attributes of the job posting, the number of days the posting
has been online, the order in which postings are seen, or the true number of
previous applicants at the time of viewing.

Result 2: The increase in applications due to the treatment is largely
driven by female job seekers being induced to start or ﬁnish an application.
The size and signiﬁcance of the coeﬃcient on the treatment is almost always
larger for female vs. male job seekers. For example, being in the treatment
group increases the likelihood a female job seeker will ﬁnish an application by
almost 6%, whereas the eﬀect on men is not statistically signiﬁcantly diﬀerent
from 0.
These results suggest that providing job seekers with the number of previous applicants may be a means of increasing the overall number of female
applicants to a posting. This increase would reduce the occupation gender gap
without putting an undue burden on hiring managers, as the average number
of applicants for an interior (exterior) posting is 4.5 (8.4).25
I further explore whether the observed increase reﬂects new applicants (extensive margin) rather than an increase in applications from current applicants
(intensive margin). For women who have submitted at least one application,
women in both the control and the treatment group start an average of 1.71
exterior applications and ﬁnish an average of 2.1 interior applications.26 This
25

Recall that the randomization takes place at the user level, not the job posting level.
Thus, each job posting appears in both the control and the treatment groups. As a result
comparison of the total number of applications from the control vs. the treatment groups
would not be useful.
26
These averages are not statistically signiﬁcantly diﬀerent from each other for women
who have submitted at least one application (t = 0.198 and t = 0.493). However, when
looking at all women (including those who did not submit at least one application), then
the control group starts 0.318 exterior applications and ﬁnishes 0.068 interior applications
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ﬁnding shows that the number of applications on the extensive margin for
women in the treatment increases, suggesting that the treatment seems to be
adding to the thickness of the female applicant pool by encouraging women
who would not have otherwise started an application to apply.

4.2

Treatment Eﬀects By Number

Intuitively it seems plausible that the actual number of previous applicants
seen makes a diﬀerence in how a subject responds to this information. On
the one hand, if job seekers want to avoid applying to postings with greater
competition, we should see a decrease in the treatment eﬀect if the number
shown is perceived as larger. On the other hand, if job seekers herd toward
more popular postings, we should see an increase in the treatment eﬀect as
the number shown is perceived as larger (see the online Appendix for a short
discussion of herding models (Banerjee, 1992; Anderson and Holt, 1997)).
The reason that I concentrate on the perception of the number shown
(rather than the number itself) is that survey evidence ﬁnds that people viewing the exact same number may have diﬀerent opinions on whether it signals
high or low competition (see the online Appendix).27 To measure perceived
magnitude, I compare the number being currently viewed and the number seen
previously. For example, I might compare the diﬀerence between the number
of applicants seen for the 2nd job to the number of applicants seen for the
1st job.28 The number of applicants seen for the previous posting acts as a
reference point with which to compare the current posting. If the current
posting applicant number is higher, then we would expect a person avoiding
competition to be less likely to apply. However, if a person is herding, then
on average vs. women in the treatment group who start 0.329 exterior applications and
ﬁnish 0.072 interior applications on average (t = 3.179 and t = 2.03).
27
As a robustness check I have rerun the analysis using the absolute rather than relative
number for the ﬁrst job posting seen during the experiment. The results are available in
the Appendix.
28
For example, imagine Laura looks at two job postings, and the 1st posting has 10
applicants while the second has 20; here 20 is perceived as a higher number because 20 > 10.
However, if Dan looks at two job postings, and the 1st has 30 applicants while the second
has 20, then 20 is perceived as a lower number since 20 < 30.
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a higher current posting applicant number should increase her likelihood of
applying. It is likely that both types of individuals exist in the data, but from
the perspective of a hiring manager or policymaker it is important to ﬁgure
out which eﬀect dominates and how it aﬀects the size and composition of the
applicant pool.29
To test if the magnitude of the treatment eﬀect changes with the number
of applicants shown, I use the following model:

Ai,d,jorder=t+1 = βTi
+λTi ∗ DIF F AP Pi,d,jorder=t+1 −jorder=t + αDIF F AP Pi,d,jorder=t+1 −jorder=t
+Pjorder=t+1 + Dd + γOi,d,jorder=t+1 + i,d,jorder=t+1 .
(3)
Note that the dependent variable Aijd,order=t+1 takes the value of 1 if a
user decides to start or ﬁnish an application for the posting seen in order
t + 1. Thus, this analysis excludes the ﬁrst posting seen. The independent variable Ti takes the value of 1 if a user is assigned to the treatment
group. The treatment dummy Ti is interacted with a categorical variable
DIF F AP Pi,d,jorder=t+1 −jorder=t that represents the diﬀerence between the number of applicants for the previous posting and the number for the current
posting. Speciﬁcally it is a set of categorical variables with the following sixteen bins based on the diﬀerence between the number of applicants for the
posting being viewed now (order = t + 1) and the number for the posting last
viewed (order = t): (1) -176 or lower, (2) -175 to -151, (3) -150 to -126, ... (14)
125-149, (15) 150-174, (16) 175+. The model includes job posting ﬁxed eﬀects
Pjorder=t+1 to control for time invariant attributes of the job posting, as well as
days posted ﬁxed eﬀects, Dd . In the model, combination of the coeﬃcients β
and λ represents the eﬀect of the treatment while holding constant the eﬀect
of the job posting and the eﬀect of the numerical diﬀerence as measured by
29

Because the treatment is at the individual level I cannot control for whether a person
is a competition avoiding type, or a herding type. Varying the treatment within individuals
might address this issue but would likely yield results that would be diﬃcult to interpret.
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its bin.
Figure 5 graphically represents the results from this model. On the vertical
axis of Figure 5 is the percentage point diﬀerence in the likelihood of applying
between the treatment and the control groups. On the horizontal axis is the
diﬀerence in the number of applicants shown in the treatment. The error
bars show the 95% conﬁdence interval around each predicted diﬀerence. If
competition avoidance is the dominating eﬀect, one would expect a downward
sloping trend in the panels of Figure 5. On the other hand, if herding is the
dominating eﬀect, one would expect to see an upward sloping trend in the
panels of Figure 5.30
Continuing with the Figure, the top left-hand graph shows the change in
the eﬀectiveness of the treatment based on the relative number of applicants
shown for all users who view an exterior job posting. The ﬁrst bar on the far
left shows that the treatment increases the likelihood of applying by about
0.25 percentage points above the control group when the job posting being
currently viewed (order = t + 1) has at least 176 fewer applicants than the
job posting the user last viewed (order = t). The second bar shows that the
treatment increases the likelihood of applying by 0.30 percentage points when
a user sees between -175 to -149 fewer applicants than viewed for the previous
posting. Neither single point estimate is signiﬁcantly diﬀerent from 0.
Overall, the bars in Figure 5 do not illustrate either a strong upward or
downward trend as the relative number of applicants shown increases, especially when we consider the noise in our estimates. This noise in the estimates
increases as the diﬀerence becomes more extreme (either positive or negative).
However, this increase may reﬂect the lower number of observations where
users see diﬀerences of more or fewer than 100 applicants.31
30

To test whether viewing order creates path dependence, I also analyze the data from
only the ﬁrst job posting viewed. Here, the dependent variable is whether a person applies
to the ﬁrst job posting viewed as a function of the number of current applicants to that ﬁrst
job posting. The results from this analysis do not exhibit a strong pattern of competition
avoidance or herding (see the Appendix.
31
There are actually a large number of observations in each bin. The bin with the fewest
observations is 150 to 174 applicants with N = 24, 880 for an exterior posting and -175 to
-151 for interior postings where N = 32, 764 for an interior posting. Although the bars do
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(a) Exterior: Starting Application

(b) Interior: Starting Application

(c) Interior: Finishing Application

Figure 5: Plots of Coeﬃcients on Treatment Dummy Variable By Diﬀerence
in Number Applicants Shown
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In the Figure the top right-hand graph shows the change in the eﬀectiveness
of the treatment based on the relative number of applicants shown for female
vs. male users who view an exterior job posting. Again, the bars show no
strong upward or downward pattern as the relative number shown increases. I
ﬁnd similar results for those starting and ﬁnishing an application for an interior
job posting (panels (b) and (c), respectively). Recall that competition avoidance would suggest a downward trend while herding would suggest an upward
trend as the relative applicant number increases. My ﬁnding of no trend could
mean that neither eﬀect is present, that the two eﬀects balance each other
out, or that my measure does not capture how each individual interprets the
number she sees. It is beyond the scope of this study to determine which is
the correct interpretation of these results. However, since both competition
avoidance and herding may be welfare dis-enhancing, the lack of evidence for
these behaviors lends encouragement that the treatment causes no harm.
To gain further insight into the ﬁndings in June 2014, I administered an
online survey (details available from author upon request). The survey has
188 respondents who were recruited using snowball sampling. This survey
presents respondents with a hypothetical scenario to understand how job seekers interpret the number of previous applicants. The survey shows that 50%
of respondents use the information to avoid competition, 22% to herd toward
more popular jobs, and 27% to avoid ambiguity. While the majority of respondents indicate they use the information to avoid competition, they diﬀer
in what number constitutes high competition. Respondents indicate they are
more likely to advance to the next stage of the interview process if there are 10
previous applicants versus 100 previous applicants. They also indicated they
believe they are more likely to enjoy the position if there are 100 versus 10
previous applicants. These survey results, combined with ﬁndings regarding
not suggest a linear model, I have run one with the treatment and the interaction of the
treatment with the raw diﬀerence (available upon request), and ﬁnd that the interaction
with the treatment is always insigniﬁcant with two exceptions: (1) the full group and (2) men
starting an external application. Even in these cases the coeﬃcient is quite small, implying
a one unit increase in the diﬀerence seen results in a -0.001 percentage point decrease in the
likelihood of application.
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treatment eﬀect changes by diﬀerence in number seen, lead me to Result 3.
Result 3: There is no strong evidence that either competition avoidance
or herding is the dominant eﬀect from showing a job seeker the number of
previous applicants for either male or female job seekers.

4.3

Treatment Eﬀect By Job Type

Thus far, we have seen that showing the number of previous applicants increases the likelihood of a job seeker starting or ﬁnishing an application, and
that this increase is larger for female job seekers than male job seekers. These
ﬁndings have implications for ﬁrms actively seeking more female applicants. If
a ﬁrm is interested in increasing the pool of female applicants it is important
to know if the treatment is simply increasing the number of female applicants
for “female jobs” or if it raises the likelihood women will apply to traditionally
perceived “male” jobs.
For the purposes of this study a “male job,” Mi,d,j , is deﬁned as a job
where over 80% of those who start an application in the control group are
male. Mi,d,j is deﬁned for only those jobs which have at least one person who
starts an application in the control group. Consequently, I restrict the sample
in this analysis to those jobs with at least one male or female user who starts
an application for the job posting in both the treatment and control groups.32
I use Mi,d,j as the dependent variable to test if the treatment increases female
applications for these “male” positions. The model is shown below:
Mi,d,j = βTi + Pj + Dd + αN umApplyi,d,j + γOi,d,j + i,d,j .

(4)

Table 4 reports the results from this model. The results in Column 1 of
Table 4 show that overall the treatment has a positive eﬀect on the likelihood
32

This deﬁnition is for the outcome variable of starting an application. For ﬁnishing an
application, I deﬁne Mi,d,j as a job with at least 80% males among those who ﬁnish the
application. In this case, I restrict the sample to those jobs with at least one male or female
user who ﬁnishes the application in the control and treatment groups.
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that any person (male or female) will apply to a “male job.” Furthermore, the
results in Columns 2 and 3 show that this eﬀect is largely driven by an increase
in the likelihood of female applicants applying to “male jobs.” This ﬁnding
provides further evidence of the eﬀectiveness of the treatment in increasing
the number of female applicants in industries which are actively seeking to
diversify their workforce, and leads to Result 4.33
Result 4: The treatment increases the number of female applicants to
“male jobs.”
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The proportional gains for the treatment group are also quite large (e.g. a 1.180 percentage point increase from a mean of 1.197 for female users in Panel A), but this is largely driven
by the deﬁnition of the outcome variable as a job with greater than 80% male applicants in
the control group.
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Table 4: Likelihood of Applying to a “Male” Job
With Fixed Eﬀects
1
2

3

A. Exterior: Likelihood Start App
All
Female
Male
4.295
1.197
6.0216
Control Mean M T =0
Treatment β
0.606*** 1.180***
0.340***
(0.025)
(0.035)
(0.038)
Adj R2
0.129
0.111
0.124
N
3,004,335 1,024,128
1,686,593
B.i Interior: Likelihood Start App
All
Female
Male
5.944
1.798
8.148
Control Mean M T =0
Treatment β
0.419*** 1.026***
0.112**
Adj R2
0.156
0.140
0.148
N
3,508,031 1,153,665
2,016,025
B.ii Interior: Likelihood Finish App
All
Female
Male
2.445
0.668
3.426
Control Mean M T =0
Treatment β
0.395*** 0.741***
0.267***
(0.025)
(0.034)
(0.038)
Adj R2
0.058
0.054
0.056
N
2,009,987
660,717
1,155,056
Notes: The dependent variable takes the value of 1 if a job seeker started or
ﬁnished an application to a “male” job. A position is a “male” job if over 80%
of the applicants in the control group are male. All the female coeﬃcients are
statistically signiﬁcantly diﬀerent from the male coeﬃcients (Panel A P rob >
chi2 = 0.0000; Panel B.i P rob > chi2 = 0.0000; Panel B.ii P rob > chi2 =
0.0000). All coeﬃcients are multiplied by 100 for ease of reading results. The
results include job posting ﬁxed eﬀects, days posted (omitted category 1st day)
ﬁxed eﬀects and categorical dummies for the previous number of people who
started a job application at time of viewing (omitted category is 1-24, other bins
are 25-49, 50-74, 75-99, 100-124, 125-149, 150-175, 175+). All standard errors are
clustered at the job posting level. Legend: * p < 0.05; ** p < 0.01; *** p < 0.001
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5

Conclusion

This paper uses LinkedIn to conduct a large scale ﬁeld experiment with about
2.3 million real world job seekers. The results of this experiment show that
providing information about the number of previous applicants causes more
people to apply to a job posting and that this eﬀect is greater for female
applicants. These ﬁndings are especially relevant for ﬁrms looking to increase
the number of female applicants. In short, this paper illustrates a low cost,
light touch intervention to reduce the occupation gender gap.
Speciﬁcally I ﬁnd that showing a job seeker the number of previous applicants for a job posting increases the likelihood of application by 0.6-1.9%.
Since millions of job seekers view job postings each week on websites like
LinkedIn, this translates to an increase in the number of applications of at
least a thousand per day.
I also ﬁnd that the relative number of previous applicants shown does not
lead to an increase or decrease in the applications when the relative number
shown is high. I interpret this ﬁnding as evidence that the dominant eﬀect
applicants exhibit is neither competition avoidance nor herding behavior. I
thus conclude that the overall positive treatment eﬀect can be explained by
models of ambiguity aversion, especially the larger eﬀect observed for female
job seekers. Overall, the results indicate that this intervention should not be
welfare dis-enhancing since it increases the thickness of the female applicant
pool to jobs that particularly need more female applicants.
This paper has focused on the short-term eﬀects of providing applicants
with more information during the application process. Research about the
long-term eﬀects of providing more information on both unemployment duration and job tenure is an important avenue for future research.
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