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Abstract

This paper uses data from a large firm on all job applications and

labor market outcomes within the firm over a 5 year period. The data

show African Americans and women engage in more overt job search

activity within the organization than Caucasian males, attain shorter

tenure on each job, and experience slower wage growth. In addition

African Americans are less likely to be interviewed for a position,

but conditional on being interviewed, are just as likely to be.hired.

Both females and African Americans are more likely to voluntarily

withdraw their applications. To explain these empirical patterns, we

develop and estimate a two sided search and matching model, in which

positions become vacant when the current occupant of the job leaves,

the firm begins a search process by advertising the position, and work-

ers employed both inside and outside the organization apply for the

newly vacated position. Hiring is multistage, various employees with

∗Lessem: rlessem@andrew.cmu.edu; Miller: ramiller@cmu.edu.
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differing objectives culling applicants throughout a process that leads

the stakeholders to become more informed about the potential job

matches. After estimating the model, we will use counterfactuals to

understand more about the differences in the search and matching

process across racial and gender groups, as well as how it affects wage

outcomes.

1 Introduction

It is widely know that there is a wage gap between white and black workers,

as well as between men and women. In a survey of the literature, Altonji

and Blank (1999) provides empirical evidence for the existence of these wage

gaps and additionally explores some of the potential mechanisms. Pre-labor

market factors, such as education and skill development, can explain much of

the black-white wage gap (O’Neill (1970), O’Neill (1990), Neal and Johnson

(1996), Carneiro, Heckman, and Masterov (2005)). This line of research also

suggests that strategies to address the racial wage gap should not only focus

on discrimination in the labor market, but should also consider why race is

correlated with the acquisition of human capital prior to labor market entry.

In addition, it is possible that the racial wage gap can evolve with labor

market experience. In a recent study, Golan, James, and Sanders (2021)

show that African Americans sort into less complex jobs, suggesting that the

racial wage gap could evolve as workers choose different types of occupations.

Research on the gender wage gap, surveyed in Blau and Kahn (2017),

finds a somewhat different result, in that education levels cannot account for

much of the differences in the wages of men and women. On the other hand,

occupation and industry choices can explain, to some degree, why men’s

wages are higher than women’s. Blau and Kahn (2017) explain that the

long-held explanations for the gender wage gap, such as temporary exits from

the work force and hours worked, continue to play a large role, particularly
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in higher skill occupations. Similarly, Gayle and Golan (2012) finds that

labor market experience is the dominant explanation for male-female wage

differentials. These findings provide a clear mechanism for the gender wage

gap to evolve with labor market experience. Recent work by Xiao (2021)

shows that fertility concerns by employers leads to statistical discrimination,

explaining a large component of the wage gap between men and women early

in their careers, while differences in labor force attachment play a larger role

later in life. Additionally, a line of research summarized in Babcock and

Laschever (2007) shows that another significant component of the gender

wage gap is driven by differences in negotiation strategies. The gender wage

gap is not uniform across all occupations. Gayle, Golan, and Miller (2012), in

a study focused on female CEOs, find that conditional on reaching this level,

female compensation is comparable to or higher than male compensation and

women are promoted at least as quickly. Their data is drawn from highly

selected sample: hardly anybody reaches the CEO level.

Although they have different underlying mechanisms, the literature clearly

shows the existence of the racial and gender wage gap and shows varying

types of evidence for how they evolve over a worker’s career. One potential

factor that could affect these wage differentials is the likelihood of receiving a

job, as well as a promotion, as this is a key determinant of wage growth over

a career. Bertrand and Mullainathan (2004) found evidence that race affects

the probability that a person is called after applying for a position. Promo-

tions and new jobs are a key source of wage growth – if the ability to find a

new job varies with race or gender, how does this affect wage earnings over a

lifetime? Our research uses administrative data from a large firm, including

information on job applications and wage outcomes, to analyze hiring, wage

outcomes, and turnover. This can help to understand how job finding rates

contribute to the changes in the gender and racial wage gaps over the course

of a worker’s career.

To analyze this question, we use data from a large firm. Over a five year
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period in the first decade of the twenty-first century, we observe all vacancies

and applications for jobs at this firm. We track the hiring process through

an initial screening, the selection of candidates to interview, the offer (or

offers), and whether candidates voluntarily withdraw from the process (in-

cluding those successful applicants who decline the job offer). These detailed

data on hiring are supplemented with a longer record of wages for all firm

employees. We find evidence that African Americans and women engage in

more overt job search activity within the organization than Caucasian males.

Additionally, we see differences in the rate of receiving a job offer across de-

mographic groups; interestingly, these trends vary at different stages of the

application review process. Black candidates are less likely to be interviewed,

but conditional on an interview are more likely to be offered the job. We

also see different outcomes once a worker is hired for a position, in that both

black and female employees have shorter tenure and experience slower wage

growth over their careers.

To explain these empirical patterns, we develop a model of two sided

search and matching, in which workers choose a search intensity, positions

become vacant when the current occupant of the job employees leave, work-

ers employed both inside and outside the organization apply for the newly

vacated position, and the firm reviews applications and chooses whom to

hire. As part of the application review process, we allow for different prefer-

ences over candidate characteristics at the interview and offer stage, where

we assume a hiring committee chooses who to interview and the firm chooses

who receives the job offer. This procedure creates an agency problem in that

the hiring committee accounts for the differing preferences of the firm when

choosing who to interview, adjusting the interview set based on the prob-

abilities that their favored candidate would be hired. We will estimate the

model and then conduct counterfactuals to understand how the differences

in the search and matching process across racial and gender groups affects

wage and duration outcomes. First, we examine the role of this agency prob-
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lem, and simulate how the outcomes would vary if the hiring committee had

the same preferences as the firm when choosing who to interview. Since our

reduced form statistics show that African-American candidates are most dis-

advantaged at the interview selection stage, we can examine how their job

matches, wages, intensity of search, and spell durations would be affected by

this change. In a second counterfactual, we examine the effects of changing

the regulations to the hiring process; for example, by requiring that the share

of candidates interviewed from a given gender or racial group matches their

share of the applications. This sort of policy exists in some contexts: the

Rooney rule in the NFL requires that a minority candidate be interviewed

for every head coaching vacancy. We can examine how this sort of regulation

would accept job offer rates, job application behavior, and wages over the

course of a career.

2 Data

We use a dataset with information on job applicants provided by a large

firm, who has chosen to remain anonymous. Over a 5 year period in the first

decade of the 21st century, we have information on every job application

received by this firm. We know basic demographic information about each

applicant (race, gender, age)1 as well as the outcome of their application

process, which we divide into stages. First, some candidates seem to lose

interest in the position, which we label as them not being interested. We mark

candidates as not interested if the data record their outcome as “Applicant

not interested”, or “Failed to respond to HR”’ or other similar labels. Next,

some applicants may not have the required qualifications for the position.

The organization labels these candidates as “Not qualified”. Taking the

remaining candidates who are both qualified and interested in the position,

we know if a person is interviewed for the position, whether or not they are

1Age is reported in bins.
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offered the position, and whether or not they accept the position. We also

know some basic information about the job, including the division and a

short job description. Since we have job identifiers, we can see who applies

for and receives each position. We also have candidate identifiers, meaning

that we can track applicants behavior across all job applications in this 5 year

time period. Crucial for our analysis is that we see all of the information

that a hiring manager would see, given that we have all of the information

recorded with the job application.

We supplement these data with a secondary data source, where we have

annual wages for each person who works for this organization over more

than a 20 year period. This is helpful for a variety of reasons. First, since

we have names in both the application and wage data, we can match these

two datasets, meaning that we can see wage outcomes after a person is hired.

This enables us to learn about the determinants of wage outcomes. Matching

the two datasets is crucial because we do not see race in the wage data, so

we can only learn about the relationship between wages and race by using

information from both datasets. We can also use the wage data to learn how

long a person stays at their job. In the wage data, the division is recorded

for each year, so we can see if a person either leaves the division or the

organization. This allows us to learn how long a person stays at each job,

which is a piece of information that will be used to motivate our model and

in our estimation.

The top section of Table 1 shows some summary statistics on the sample,

using an applicant as the unit of observation. Over this 5 year period, we

have data on 62,405 applicants; of these, about 4.5% are African American

and a little over half are female. The average person applies for almost 4 jobs

over the 5 years for which we have data. The middle section of the table,

which uses the job as the unit of analysis, shows that we have data on over

5,000 posted vacancies. The average job receives almost 50 applicants and

interviews about 7 people. In the bottom section of the table, which uses an
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application as the unit of analysis, we see that over 90% of applicants are

external to the firm, meaning that they are not working for this firm when

they submit an application. This will be an important distinction in our

analysis, given that we expect that internal and external applicants may be

treated differently in the application process.

2.1 Search behavior

As a first component of job search behavior, we analyze the determinants of

the number of positions a person applies to in a given year. Table 2 shows

that women and African American candidates apply to more positions. We

also see that people with more experience at this firm apply for more jobs.

In the second column, we look at only applications where the candidates

are qualified and interested in the position. Every job posting lists minimal

qualifications, and in the first stage of the application review process the

firm drops all candidates who do not meet those qualifications. This is an

anonymous process undertaken outside the area where the new hire will work.

Additionally, many candidates apply for positions and withdraw early; we

label this as not interested. Looking at column (2), we see the results are

qualitatively similar when we restrict to when the candidate is qualified and

interested in the position.

For each posted position, we see the minimum and maximum salary as

provided by the firm. Table 3 shows the result of a regression where the de-

pendent variable is the salary level of the job that a person applies for.2 Col-

umn (1) shows all applications, and column (3) shows only applications where

the candidate is qualified and interested. Women and African-Americans ap-

ply to lower salary positions. In columns (2) and (4), we additionally include

controls for the prior year salary. To do this, we can only use candidates

2The firm provides the minimum and maximum salaries. We use the average in our
analysis. If we were to use the minimum or maximum values, the results of this analysis
are very similar.
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who worked at the firm in the prior year, meaning our sample size decreases

substantially. After controlling for prior year salary, the result that African

Americans and women apply for lower salary jobs (for ones where they are

qualified and interested) holds.

2.2 Application review process

The application review process occurs as follows. First, applicants are screened

for complete applications, which we term interested in the position, and for

minimal qualifications, which we denote as qualified. Next, a group of candi-

dates is selected for an interview, and then one of them receives a job offer.

The person who receives the job offer can accept or reject the offer.

We run a series of probit regressions to understand the application pro-

cess, looking at whether the candidate is qualified and interested, interviewed,

and then hired. In each of these regressions, we control for race, gender, ex-

perience in the firm and division, and the salary of the job posting. We

also include year, division, and occupation fixed effects. Tables 4, 5, and 6

show the probit regression results for being not qualified or not interested,

interviewed, and hired, respectively.

Table 4 shows the results of a probit regression where the outcome variable

equals 1 if a person is not interested or not interested in a position. We see

that African Americans are more likely to apply for positions they are not

qualified for. Both African Americans and women are more likely to apply

for positions they are not interested in.

In Table 5, the outcome variable equals 1 if a qualified and interested

candidate is interviewed for a position. In column (1), we use all candidates,

and in column (2) we only use applicants for jobs that hired one person. We

see that African Americans are less likely to be interviewed. In rows columns

(3) and (4), we split the sample based on whether or not the candidate has

prior experience working at this firm, to examine whether the coefficients on

race and gender vary for candidates that the hiring committee may personally
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know. This does not affect the qualitative results.

In Table 6, we use an outcome variable that equals 1 if an interviewed

candidate is offered the position. Column (1) shows all applications, column

(2) only uses positions that hire 1 person, and columns (3) and (4) split the

sample based on whether or not the candidate has prior experience at the

firm. While we saw that African American candidates are less likely to be

interviewed, these results show that, once they get an interview, they are

more likely to be hired. We have done a similar exercise on the likelihood

that a person accepts a job offer. However, we do not see any interesting or

significant trends in this analysis, which is likely because most (over 95%) of

job offers are accepted. For these reasons we do not report these regression

results.

2.3 Outcomes on the job

In this subsection, we look at two outcomes on the job: how long a person

stays at a job, and their wages while employed in a position. Job duration

could be an important component of the firm’s selection process, since a

manager’s expectations as to how long a person will remain at a job can

affect their incentives to hire a person. In Table 7, we examine the relation-

ship between the duration a person remains at a job and their race, gender,

and other personal characteristics as well as the characteristics of the job.3

Column (1) shows OLS results, and column (2) shows the results of a Tobit,

which allows us to control for the truncation that occurs since many people

are still at their job at the end of the sample period.4 These results show

3To calculate durations, we look at the number of consecutive years a person works in
a given division.

4Here is an explanation of why we additionally control for the year the job started
in the Tobit model. Start with the regression model y = Xβ + γt0 + ε, where y is the
duration of the job, X is characteristics, and t0 is the year the job started. We do not see
y for all observations; instead we see y∗, where y∗ = min {y, Tf − t0}, where Tf is the final
year for which we have data. We can rewrite this as y∗ + t0 = min {y + t0, Tf}. Then the
regression is specified as y∗ + t0 = Xβ + (γ + 1) t0 + ε.
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that both African Americans and women stay at jobs for shorter periods of

time. This result was also found by Gayle, Golan, and Miller (2012) for a

very different sample of females.

2.4 Wage regressions

We estimate a wage regression to examine the relationship between demo-

graphic characteristics, experience, and wages. While we have data from

every person in the organization, we only include people who apply for a job

in the 2007-2011 period, since that is the only group for which we have race

information. Even though we are restricted to people who apply for a job

in that time period, we have some wage observations from earlier and later

years, given that we have wage data from each applicant over all of the years

that they were employed by the organization. Table 8 shows the result of

regressions where the dependent variable is log earnings each year. Column

(1) uses all observations. When we do this, we see that African Americans

earn lower wages, and men earn higher wages. Among other things, we also

control for whether a person switched divisions in a given year, which is a

strong signal that they switched jobs; this coefficient is positive, indicating

that job switches lead to higher earnings. In column (2), we restrict our

sample to the 2007-2011 period, which allows us to see if and when a person

switches to a new job (as compared to column (1), when we could only see

division switches, which misses job changes when a person stays in the same

division). Switching to a new job leads to higher wages. In column (3), we

further restrict the sample to people who change jobs. This allows us to look

at the relationship between the number of applicants for a position and a

person’s wages in that role. In this regression, we do not see a statistically

significant relationship between race and wages. People who switch divisions

earn more, and this effect is significant at a 10% significance level. There is

a negative association between the number of applicants for a position and a

person’s wage in that role, perhaps suggesting a role for compensating vari-

10



ations for more popular jobs. In column (4), we additionally control for the

salary of the job posting, and most of the prior results hold. In column (5),

we continue to use all job switchers, but use the wages in all years after their

job change. We interact the salary of the job posting with the years since

the person started a new job. In all of the regressions, we include division

and year fixed effects, and additionally control for the individual’s age and

level of education.

3 Model

To explain the empirical patterns described in the previous section, we de-

velop an empirical model of search and matching between firms and workers.

In our model, set in continuous time, workers are matched with firms through

a hiring process that reflects the institutional framework described in the

data. This section develops notation, lays out the respective optimization

problem that workers and firms solve, and defines the stationary competitive

equilibrium for the model. We first elaborate the essential features of the

multistage hiring process within the firm, focusing on selecting the set of

applicants to be interviewed, that is endogenizing what has become known

as the consideration set. This part of the analysis is relevant for other appli-

cations, such marketing retail goods, setting menus, and offering professional

services. Then we embed the hiring process within the overall model en route

to describing the problems that workers and firms solve in this labor market.

3.1 Internal organization of the firm

A job vacancy arises when the current occupant quits, either to take another

position or to retire. To fill a vacancy a personnel manager begins a search

process by advertising the position and posting its financial remuneration.

The advertisements attract an applicant pool comprising workers employed

both inside and outside the organization. In this first stage, the vacancy is
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advertised and numerous workers differentiated on multiple dimensions ap-

ply for the position. Later in this stage, a fraction of these withdraw upon

discovering they prefer their current position, and others are removed from

consideration because they are not minimally qualified for this job. In the

second stage of the higing process, a committee comprising potential cowork-

ers culls the applicant pool, exercising its preferences to select applicnats for

interview in the next stage. Additionally, some applicants voluntarily with-

draw from the process, having determined the potential match is inferior to

their other options. After interviewing a subset of the applicant pool the firm

manager fills the vacancy. At each stage of the hiring process, the parties

learn more about potential job match quality. We now examine the choice

of the consideration set, defering to later our analysis of worker’s decisions

(including their applications to jobs for which they may not be qualified).

3.1.1 Consideration sets

Denote the applicant pool for a given position by A, numbering A, with

generic applicant an ∈ A. Let πn denote the match characteristics, including

demograpahic characteristics of the applicant and task details of the vacancy.

Suppose the net benefit to the manager from hiring an is v (πn) while the net

benefit to the committee is u (πn). Let π ≡ (π1, . . . , πA). When choosing the

consideration set the committee knows F (π), the joint distribution of π over

A, but does not observe π; it incurs a cost of c per applicant selected into

consideration sets containing more than one applicant. The match charac-

teristics of each applicant in the consideration set is revealed to the manager.

Let B ⊆ A denote a consideration set, a subset of the applicant pool, and

suppose B contains B applications. Upon observing πn for all an ∈ B the

manager chooses:

πB ≡ arg max
πn

{v (πn) : an ∈ B} . (1)
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Anticipating the manager’s choice, the committee selects:

Ao ≡ arg max
B⊆A

{E [u (πB)]− (B − 1) c} ≡ arg max
B⊆A

U (B) (2)

where U (·) maps consideration sets the committee selects into the expected

utility of the committee when the manager solves (??).

In principle the committee’s optimization problem can be solved by eval-

uating and comparing the
∑A

b=1

(
A
b

)
=
∑A

b=1A! /(A− b)!b! potential consid-

eration sets induced by A. This exercise is infeasible for large A. For example

4.9 × 1017 consideration sets can be formed from the jobs and applicants in

our data set. One attractive heuristic is to rank applicants by their individual

expected productivity, successively adding them to the consideration set by

following the ordering, one at a time, until the cost of increasing the set does

not justify the marginal benefit gained. Let A′N denote the consideration set

generated by this heuristic when up to N applicants may be included. The

heuristic only evaluates A! /(A−B∗ − 1)! consideration sets, where B∗ ≤ N

is the number of applicants the manager interviews. A more complex heuris-

tic is to order consideration sets of a given size by the expected productivity

of the set, successively increasing the number in the consideration set by

following the ordering, one at a time, until the cost of increasing the set

does not justify the marginal benefit gained. It is less economical, entailing∑B∗

b=1

(
A
b

)
consideration sets. Also while A′N ⊆ A′N+1 ⊆ . . ., that is

{
A′N
}A
N=1

is monotone increasing, {A∗N}
A
N=1 is not. To evaluate these heuristics, let Ao

N

denote the optimal consideration set solving (??) subject to the additional

constraint that B ≤ N . For all N ∈ {1, . . . , A− 1}:

U (A′N) ≤ U (A∗N) ≤ U (Ao
N) ≤ U

(
Ao
N+1

)
≤ U (Ao) (3)
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3.1.2 Coincidental preferences

Solving for the equilibrium consideration set is harder when the preferences

of the committee and their manager diverge, than when they do not. When

u (π) = v (π), the committee’s problem reduces to:

Ao ≡ arg max
B⊆A

{
E

[
max
πn
{u (πn) : an ∈ B}

]
− (B − 1) c

}
(4)

Computational gains accompany this specialization. The lemma below shows

that if U (B), the expected value to the committee, from selecting the con-

sideration set, B, can can be increased by adding several applicants to to

solve (??), then it can be increased by adding just one applicant to the set.

Comparing the value of consideration sets that grow by just one applicant

at a time until no further increase occur at the margin, reduces the num-

ber of comparisons to
∑Ao

b=1

(
Ao

b

)
, a substantial reduction. In our empirical

application . . .

Lemma 1 Either AoN+1 = AoN + 1 or AoN = Ao.

Intuitively, if adding a group of applicants to the existing consideration

set increases the committee’s expected value, then at least one of additions

displaces an existing applicant in some part of the characteristics space, which

can only happen if this raises the expected manager’s value. However the

lemma does not imply Ao
N is monotone increasing. The following two ex-

amples illuminate when and why applicants included in A′N , or even A∗N ,

might be excluded from Ao
N for some N ≤ Ao, and hence why the first two

inequalities in (??) can be strict.

Example 1 Suppose four workers, a1, . . . , a4 apply for a job demanding

one of three activities s ∈ {s1, s2, s3} that occur with equiprobability, and

u (π) = π. After the committee selects the consideration set, s is revealed.
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Display 1.A shows the productivity of the applicants in each activity.

Display 1A

s1 s2 s3

π1 3 /4 3 /4 0

π2 0 0 3 /4

π3 0 1 0

π4 1 0 0

Display 1.B shows the consideration sets and their values generated by the

two heuristics described above and the optimal rule for different sizes when

there are no costs. All three rules pick the same singleton consideration set

(that is A′1 = A∗1 = Ao
1), the first applicant, who net productivity 1 /2 is

the highest of the three. If costs are sufficiently low, it is optimal to add

the second U to the consideration set, whose expected productivity at 1 /4

is the lowest of the four. Noting E [π3] = E [π4] = 1 /3 > 1 /4 = E [π2], we

see that A′2 6= {a1, a2}, because the simplest rule ranks by net productivity

of individual applicant, ignoring correlations between them. In this case

cov (π1, π2) = −1 /8 < 0 whereas cov (π1, π3) = cov (π1, π4) = 1 /12 > 0.

Display 1B

A′N U (A′N) A∗N U (A∗N) Ao
N U (AN)

N = 1 {a1} 1 /2 {a1} 1 /2 {a1} 1 /2

2 {a1, a3} 7 /12 {a1, a2} 3 /4 {a1, a2} 3 /4

3 {a1, a3, a4} 2 /3 {a1, a2, a3} 5 /6 {a2, a3, a4} 11 /12

4 {a1, a2, a3, a4} 11 /12 {a1, a2, a3, a4} 11 /12 {a2, a3, a4} 11 /12

If c = 0, as illustrated, the value of recruiting does not depend on which of

the three rules is adopted. However if for example c = 1 /6, then:

• U (A′1) = 1 /2 and if the simplest selection rule is implemented, in-
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creasing the consideration set beyond one is on balance a net cost;

• U (A∗2) = 2 /3 and the cost of increasing the consideration set beyond

two exceeds the marginal benefit;

• U (Ao
3) = U (Ao) = 3 /4, and {a2, a3, a4} uniquely solves the optimiza-

tion problem. In this case no value is added by including the applicant

with the highest expected productivity in the consideration set.

The example illustrates why ignoring stochastic dependencies between

the productivities of different applicants can be very costly when the final

selection stage helps discriminate between them. It also illustrates the cost

of not discarding applicants whose abilities partially derives from perform-

ing moderately well in a number of tasks, relative to specialist applicants

whose skills are more narrowly focused but collectively dominate generalists.

Removing an applicant from a consideration set when the size constraint is

relaxed can also occur even when individual productivities are independent

but not identically distributed. This phenomenon occurs because the ex-

pected maximum of several independent random variables might be higher

than the expected value of another random variable with a higher mean but

a lower variance.

Example 2 Suppose u (π1) = η (with probability one), and u (πn) is dis-

tributed uniformly on [0, 1] for all an ∈ {a2, . . . , aA}. We compare same sized

consideration sets of B1N= {a1, . . . , aN}, which includes a1, the applicant

whose productivity is known by the committee, with B2N= {a2, . . . , aN+1},
which excludes her. Noting π

(N−1)
max ≡ max {π2, . . . , πN} has distribution func-

tion πN−1 on support [0, 1] for all N ∈ {2, . . . , A}, it follows that:

U (B1N) = E [max {π1, . . . , πN}] =
(
N − 1 + ηN

)
/N

U (B2N) = E [max {π2, . . . , πN+1}] = N /(N + 1)
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Hence U (B2N) > U (B1N) if and only if b < (N + 1)−1/N . For example if

η < 0.58 then Ao
1 = {a1} but Ao

n = {a2, . . . , aN+1} for all n ∈ {2, . . . , A}.

3.1.3 First order stochastic dominance

The two examples show why the simplest heuristic defined above is not nec-

essarily optimal. We now seek sufficient conditions to establish the existence

of a partial ordering of the applicants with the property that: relaxing con-

straints on the size of the consideration set does not lead to withdrawing

and replacing applicants optimally selected for smaller consideration sets.

To this end, we say the joint distribution F (π) first order stochastically

dominates (FOSD) G (π) if and only if F (π) ≤ G (π) for all π ∈ suppG (·).
When the individual net productivities are independent, F (π1, . . . , πA) =∏A

n=1 Fn (πn), and the inequality simplifies to Fn (πn) ≤ Gn (πn) for all

an ∈ {a1, . . . , aA}. Denote a reordering of the application pool for any of

the P =
∑A

b=1

(
A
b

)
permutations by

{
a
(p)
1 , . . . , a

(p)
A

}
, and using analogous

notation, denote the associated net payoff vector and joint distribution func-

tion by π(p) ≡
(
π
(p)
1 , . . . , π

(p)
A

)
, and F (p)

(
π(p)
)

respectively. The following

theorem gives sufficient conditions under which it is optimal to obtain Ao by

sequentially computing the constrained optimal consideration sets, by sim-

ply adding applicants to the consideration set as constraints to it size are

relaxed.

Theorem 2 Suppose there is a relabelling of the application pool, which with-

out loss of generality we denote by (π1, . . . , πA) such that G (δ) ≤ G(p) (δ) for

all δ ∈ RA and p ∈ {1, . . . , P}. Then {Ao
N} is a monotone sequence converg-

ing to Ao.

The proof of the theorem, in Appendix B, exploits two results, First

since F (δ) ≤ F (p) (δ), then taking the expectation of any increasing function

ϕ : RA → R with respect to G (π) is greater than the corresponding expec-

tation taken with respect to F (p) (δ): that is ϕ (π) ≥ ϕ (π′) for all π ≥ π′
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implies
∫
ϕ (π) dG (π) ≥

∫
ϕ (π) dH (π). Second, the maximum payoff over a

set of payoffs is (weakly) increasing in each of its components. When πn is in-

dependent, the condition specializes to an ordering satisfying the inequalities

Gn (δ) ≤ Gn+1 (δ) for all n ∈ {1, . . . , A} and δ ∈ R.

Our empirical application exploits a corollary to this theorem that ex-

tends the basic result to subsets of A. Suppose the applicant pool A can be

partitioned by i ∈ {1, . . . , I}, with Ai applications of type i summing to a

total of A =
∑I

i=1Ai applicants. Let π(i) ≡
(
π
(i)
1 , . . . , π

(i)
Ai

)
and F (i)

(
π(i)
)

denote its distribution function. We assume the distribution of applicant

characteristics within each subset A(i) is independent across types, implying

F (π) =
∏I

i=1 F
(i)
(
π(i)
)
. Given any sequence of consideration sets {AN}AN=1,

let
{
A(i)
N

}A
N=1

denote the subsequence of type i selections, and let
{
A(i)o

N

}A
N=1

denote the subsequence associated with {Ao
N}

A
N=1.

Corollary 3 If type i ∈ {1, . . . , I} exhibits a FOSD partial preference order-

ing, then
{
A(i)o

N

}
is a monotone increasing subsequence.

This preference specification reduces the number of consideration sets

the committee must solve to determine the optimal one. Suppose there are

Ji applications of type i, implying a total of A =
∑I

i=1 Ji applicants. Not

every applicant category i ∈ {1, . . . , I} is represented in every position; in

our empirical application confining the applicant categories for whom the

position is relevant narrows the field of types substantially. Also, because

the expected value attributable to the new information from ωij is identical

for applicants with the same type i ∈ {1, . . . , I}, and FOSD applies within

each type i ∈ {1, . . . , I}, only
(
Ji!
2

)
groups would be selected from type i

applicants for the consideration set, as opposed to
∑Ji

k=1

(
Ji!
k

)
. Hence there

are only Πi∈I
(
Ji!
2

)
possible consideration sets that cannot be immediately

discarded, where I is the set of types that apply for this kind of position.
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3.1.4 Divergent Preferences

Given FOSD every function that is increasing in the arguments of joint dis-

tribution yields the same ordering of consideration sets. Consequently if the

committee and manager agree how to sign the value of each factor affecting

the value of each applicant, positive or negative, then the committee submits

a consideration set that fully reflects the manager’s preferences. For example

if the committee and manager place same-signed but different weights on

the underlying factors but FOSD holds, the consideration set the commit-

tee selects is identical to what the manager would have chosen. Similarly, if

FOSD holds within a type i ∈ {1, . . . , I}, and the joint distribution of skills

of applicants within that type is independent, the committee’s selection of

applciants within that type reflect the manager’s preferences. However when

FOSD does not hold, the fact that the committee’s and manager’s value the

same factors does not suffice to induce the same consideration sets.

Example 3 Modifying the second example, suppose the committee how

puts less value the applicants {a2, . . . , aN}, valuing them at u (πn) = πpn,

whereas the manager still values their skill at v (πn) = πn. As before the

both manager and the committee value a1 the same way at u (π1) = v (π1) =

π1 = η. Although the manager and the committee assess skills differently,

both parties place positive value on η and π, the skills of applicants in this

example. The manager’s optimal choice, arg max {πn : an ∈ B}, is the same

as in the previous example. As a function of the consideration set it selects,

the expected payoff to the committee is:

U (B) =


η

ηN + N−1
N+p−1

(
1− ηN+p−1) − (N − 1) c

N
N+p

− (N − 1) c

if B = {a1}
if B = {a1, . . . , aN}
if B = {a2, . . . , aN+1}

(5)
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Setting (N, p, η) =
(
2, 3, 1

2

)
:

U ({a1}) =
1

2
> max

{
U ({a2, a3}) =

2

5
− c, U ({a1, a2}) =

5

16
− c
}

Therefore Ao
2 = B0 and consideration sets of size two are never selected. Yet

Ao > 1 for all positive p and c low enough, so AoN jumps by more than one

at a time.Setting (N, p, η) =
(
2, 3, 1

2

)
in (??), we see that U (B0) = 1 /2

exceeds both U (B22) = 2 /5− c and U (B12) = (1 + 2−2) /4 − c. Therefore a

consideration set of size two is never selected by the committee, and Ao
2 = B0.

Yet given any positive p, and c low enough, Ao > 1, implying AoN jumps by

more than one at a time, before converging to Ao. Thus the results in Lemma

1 do not extend to situations where the preferences of the committee and the

manager differ when the conditions of Theorem 1 are not met, even if both

parties assess the skills of applicants in the same way qualitatively.

At the other extreme, if the preferences of the committee and their man-

ager are diametrically opposed, then whether or not the FOSD property

holds, the committee submits a singleton consideration set, their preferred

applicant, which is the worst from the manager’s perspective. In this case

the committee’s gain is the manager’s loss, incidentally highlighting the im-

portance of managers forming committees whose incentives are aligned with

their own. More generally, the larger the consideration set submitted, the

less constrained is the manager to satisfy her preferences, and hence the more

likely is the choice she would make if she had chosen the consideration set

instead of the committee.

3.2 The Labor Market

To complete the description of our model we analyze the search and tenure

decisions of workers, embed our analysis of consideration sets within the

hiring process firms undertake, and define the equilibrium. In the model

jobs occupy workspaces, and each firm comprises several workspaces. A
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workspace becomes available when the previous worker occupant quits for

another job, or retires, creating a job vacancy. Workers derive both pecu-

niary and nonpecuniary flow benefits from their current job, and engage in

on-the-job search. Searching less intensely attract fewer job opportunities.

Experience on-the-job increases wages, and also affects the type of future em-

ployment opportunities that arise. When a job opportunity arises, a worker

can exercise the option of withdrawing her application, follow through with

it, and also revise her rate of search intensity. A covenant between between

the owner shareholders and worker associates within the frm provides for

a randomly drawn associate to sift through the applicant pool and select a

consideration set that the owner will interview for the vacancy. At an in-

terview, the owner learns more about the skills of the applicant, and the

applicant indicates how much the position is worth to him. Allocating the

workspace is thus based on the value applicants place on holding it, as well

as how closely the applicant’s skills are matched to the preferences and of of

the work associates and demands by the firm.
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Tables and figures

Table 1: Summary statistics

Summary statistics on applicants

Share of sample that is African American 4.50%
Share of sample that is female 54.61%
Average number of applications/candidate 3.92
Number of applicants 62,405

Summary statistics on jobs

Average number of applications per job 49.19
Average number of people interviewed per job 7.38
Number of jobs 5,365

Summary statistics on applications

Share of applications with no experience at the firm 91.22%
Number of applications 252,256

Table 2: Number of applications submitted

All Qualified and interested
(1) (2)

African American 0.701∗∗∗ 0.341∗∗∗

(0.0715) (0.0465)
Female 0.108∗∗∗ 0.0922∗∗∗

(0.0306) (0.0199)
Duration working for firm 0.140∗∗∗ 0.131∗∗∗

(0.0254) (0.0165)

Observations 87394 87394

Standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The dependent

variable is the number of applications submitted. Controls for year, education, and age

included but not reported. We additionally control for the square of the duration working

for the firm.
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Table 3: Average salary of job posting

All Qualified and interested
(1) (2) (3) (4)

African American -1072.7∗∗∗ -523.3 -1242.5∗∗∗ -1229.1∗∗∗

(64.17) (392.9) (75.30) (461.2)
Female -561.2∗∗∗ -2031.4∗∗∗ -613.9∗∗∗ -2236.5∗∗∗

(34.30) (173.4) (39.31) (196.6)
Number of applications submitted per year -11.76∗∗∗ -145.2∗∗∗ -42.10∗∗∗ -165.6∗∗∗

(1.516) (16.74) (1.926) (19.83)
Experience at firm 58.64∗ -412.1∗∗∗ 108.5∗∗∗ -452.4∗∗∗

(30.93) (81.74) (34.70) (93.67)
Experience in division -43.14 123.3 -64.06 202.5∗

(61.50) (101.7) (65.96) (114.1)
Worked for firm in prior year 494.2∗∗∗ 644.2∗∗∗

(122.7) (136.3)
Worked for division in prior year 1118.3∗∗∗ 1357.9∗∗∗ 1219.8∗∗∗ 1425.7∗∗∗

(210.5) (305.7) (226.6) (342.9)
Previous year salary 0.174∗∗∗ 0.186∗∗∗

(0.00478) (0.00540)
Fulltime position 3657.2∗∗∗ 1780.4∗∗∗ 3315.5∗∗∗ 1366.4∗∗

(100.2) (584.0) (102.9) (607.9)
Job at central location -157.9∗∗∗ 1516.2∗∗∗ -233.4∗∗∗ 1589.2∗∗∗

(42.53) (217.8) (49.60) (246.7)

Observations 225138 10420 157197 7976

Standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. The job posting

reports the minimum and maximum salaries. The dependent variable is the average of

those 2 values. We additionally control for education and age, and include division and

occupation fixed effects.
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Table 4: Probit regression on being not qualified or not interested in a posi-
tion

(1) (2)
Not qualified Not interested

African American 0.0193∗∗∗ 0.0106∗∗∗

(0.00157) (0.00268)
Female -0.0000539 0.00729∗∗∗

(0.000784) (0.00148)
Number of applications submitted per year 0.000987∗∗∗ 0.000750∗∗∗

(0.0000456) (0.0000593)
Number applications for job -0.000357∗∗∗ -0.0000815∗∗∗

(0.0000132) (0.00000606)
Experience at firm -0.00276∗∗∗ -0.00298∗∗

(0.000641) (0.00131)
Experience in division -0.00249 -0.00251

(0.00159) (0.00263)
Worked for firm in prior year -0.00214 -0.000416

(0.00275) (0.00561)
Worked for division in prior year -0.0109∗∗ -0.0333∗∗∗

(0.00550) (0.00926)
Fulltime position 0.0286∗∗∗ 0.0407∗∗∗

(0.00310) (0.00561)
Job at central location 0.0129∗∗∗ 0.0484∗∗∗

(0.00104) (0.00180)
Average salary of posted job 0.00000278∗∗∗ -0.00000327∗∗∗

(0.000000108) (0.000000106)

Observations 217802 224248

Standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. We report marginal

effects from a probit regression. We also control for eduation and age, and include year,

division, and occupation fixed effects.
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Table 5: Probit regression on being interviewed for a position

(1) (2) (3) (4)
All One hired Internal External

African American -0.0315∗∗∗ -0.0461∗∗∗ -0.0531∗∗∗ -0.0285∗∗∗

(0.00505) (0.00728) (0.0203) (0.00494)
Female -0.00253 0.00639∗ -0.00151 -0.00311

(0.00251) (0.00351) (0.00956) (0.00248)
Number of applications per year -0.00523∗∗∗ -0.00460∗∗∗ -0.00783∗∗∗ -0.00511∗∗∗

(0.000123) (0.000162) (0.000563) (0.000125)
Number of candidates -0.000681∗∗∗ -0.00227∗∗∗ -0.000725∗∗∗ -0.000460∗∗∗

(0.0000153) (0.0000439) (0.0000669) (0.0000126)
Experience at firm -0.00115 -0.00351 -0.00457∗∗∗

(0.00206) (0.00262) (0.00176)
Experience in division 0.0238∗∗∗ 0.0189∗∗∗ 0.0338∗∗∗

(0.00387) (0.00535) (0.00390)
Worked for firm in prior year -0.000943 0.00910 -0.00391

(0.00859) (0.0112) (0.0109)
Worked for division in prior year 0.102∗∗∗ 0.128∗∗∗ 0.129∗∗∗

(0.0135) (0.0188) (0.0167)
Fulltime position 0.0636∗∗∗ 0.0381∗∗∗ 0.0661∗∗ 0.0543∗∗∗

(0.00680) (0.0101) (0.0260) (0.00675)
Job at central location -0.0471∗∗∗ -0.0607∗∗∗ -0.0535∗∗∗ -0.0491∗∗∗

(0.00315) (0.00426) (0.0120) (0.00311)
Average salary of posted job 0.00000166∗∗∗ 0.00000145∗∗∗ 0.00000215∗∗∗ 0.00000173∗∗∗

(0.000000157) (0.000000195) (0.000000540) (0.000000157)

Observations 158186 87233 14752 149597

Standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. We report marginal

effects from a probit regression. We also control for eduation and age, and include year,

division, and occupation fixed effects. Number of candidates refers to the number of

qualified and interested candidates for a given position.
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Table 6: Probit regression on being hired

(1) (2) (3) (4)
All One hired Internal External

African American 0.0228∗∗ 0.00245 0.0595∗∗ 0.0181∗

(0.00965) (0.0111) (0.0268) (0.0102)
Female 0.00834∗ 0.0170∗∗∗ 0.0204∗ 0.00592

(0.00443) (0.00475) (0.0118) (0.00474)
Number of applications per year -0.00929∗∗∗ -0.00749∗∗∗ -0.0141∗∗∗ -0.00914∗∗∗

(0.000353) (0.000406) (0.00121) (0.000367)
Number of people interviewed -0.00219∗∗∗ -0.00841∗∗∗ -0.00250∗∗∗ -0.00214∗∗∗

(0.0000825) (0.000254) (0.000302) (0.0000843)
Experience at firm 0.00246 0.00437 0.00162

(0.00355) (0.00343) (0.00201)
Experience in division -0.0115∗∗ -0.00946∗ -0.00594∗

(0.00531) (0.00507) (0.00329)
Worked for firm in prior year -0.00695 -0.0144 0.000128

(0.0153) (0.0152) (0.0158)
Worked for division in prior year 0.0755∗∗∗ 0.0587∗∗∗ 0.0606∗∗∗

(0.0204) (0.0197) (0.0201)
Job at central location 0.0282∗∗∗ 0.0186∗∗∗ -0.00310 0.0331∗∗∗

(0.00549) (0.00560) (0.0143) (0.00585)
Fulltime position 0.0350∗∗∗ -0.0134 0.0197 0.0352∗∗∗

(0.0128) (0.0147) (0.0380) (0.0135)
Average salary of posted job 5.40e-08 0.000000272 -0.000000551 0.000000103

(0.000000242) (0.000000226) (0.000000578) (0.000000265)

Observations 38257 22783 4790 33664

Standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. We report marginal

effects from a probit regression. We also control for eduation and age, and include year,

division, and occupation fixed effects.
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Table 7: Durations at job

(1) (2)
OLS Tobit

African American -0.929∗∗∗ -1.189∗∗∗

(0.215) (0.288)
Female -0.295∗∗∗ -0.754∗∗∗

(0.101) (0.135)
Year job started 0.810∗∗∗

(0.00994)

Observations 11347 11347

Standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. We additionally

control for education, unemployment and labor market participation in a given year, and

include division and occupation fixed effects.
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Table 8: Log earnings regression

(1) (2) (3) (4) (5)
All 2007-2011 Job switchers

African American -0.101∗∗∗ -0.137∗∗∗ -0.0925 -0.0655 -0.0361∗

(0.0158) (0.0314) (0.0719) (0.0666) (0.0202)
Female -0.0939∗∗∗ -0.0577∗∗∗ -0.107∗∗∗ -0.0886∗∗∗ -0.0573∗∗∗

(0.00612) (0.0125) (0.0334) (0.0311) (0.00806)
Experience in 0.0952∗∗∗ 0.209∗∗∗ 0.0735∗∗∗ 0.0538∗∗∗ 0.0415∗∗∗

current division (0.00171) (0.00403) (0.0116) (0.0108) (0.00245)
Experience squared -0.00337∗∗∗ -0.00906∗∗∗ -0.00249∗∗∗ -0.00182∗∗∗ -0.00146∗∗∗

(0.0000765) (0.000240) (0.000715) (0.000664) (0.000103)
Switches divisions 0.141∗∗∗ 0.0844∗ 0.0677 0.0316

(0.0160) (0.0468) (0.0435) (0.0240)
New job 0.216∗∗∗

(0.0172)
Number applications for job -0.000632∗∗∗ -0.000301∗∗∗

(0.000122) (0.000116)
Salary of job posting 0.0000202∗∗∗ 0.0000204∗∗∗

(0.00000153) (0.000000564)
Years since new job 0.0488∗∗∗

(0.00541)
Salary of job posting -0.000000363∗∗∗

x years since new job (9.44e-08)
Constant 9.752∗∗∗ 9.167∗∗∗ 9.977∗∗∗ 9.149∗∗∗ 9.508∗∗∗

(0.0279) (0.0409) (0.184) (0.182) (0.0483)

Observations 50491 15787 1214 1210 15404

Standard errors in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. We also include divi-

sion and year fixed effects. Controls for education and age are included but not reported.

Experience is calculated using the number of years a person is observed continuously in

that division.
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Table 9: Parameter estimates for firm decision
Interview Hire

External Internal External Internal
High school -1.50 0.95 3.74 4.39
Some college -0.21 0.07 1.92 2.19
College -0.14 1.07 1.06 1.17
Female -1.56 -0.79 -1.27 -1.13
African American -1.70 -3.60 -2.93 -2.50
Parameter on firm surplus 8.43
Standard deviation of shocks 1.71
Cost of interview 1.86
Continuation value of firm 47.58
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