
THE ROLE OF THE ASK GAP IN GENDER PAY INEQUALITY 

NINA ROUSSILLE 

The gender ask gap measures the extent to which women ask for lower 
salaries than comparable men. This article studies its role in generating wage 
inequality, using novel data from an online recruitment platform for full-time en- 
gineering jobs: Hired.com. To use the platform, job candidates must post an ask 
salary, stating how much they want to make in their next job. Firms then apply to 
candidates by offering them a bid salary, solely based on the candidate’s résumé
and ask salary. If the candidate is hired, a final salary is recorded. After adjusting 
for résumé characteristics, the ask gap is 2.9%, the bid gap is 2.2%, and the final 
offer gap is 1.4%. Further controlling for the ask salary explains the entirety of 
the residual gender gaps in bid and final salaries. To further provide evidence of 
the causal effect of the ask salary on the bid salary, I exploit an unanticipated 
change in how candidates were prompted to provide their ask. For some candi- 
dates in mid-2018, the answer box used to solicit the ask salary was changed from 

an empty field to an entry prefilled with the median bid salary for similar can- 
didates. I find that this change drove the ask, bid, and final offer gaps to zero. 
In addition, women did not receive fewer bids or final offers than men did due to 
the change, suggesting they faced little penalty for demanding comparable wages. 
JEL Codes: J31, J16, J49.
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“We cannot change what we are not aware of, and once we are 
aware, we cannot help but change.”

— Sheryl Sandberg, Lean In: Women, Work, and the Will to Lead 

I. INTRODUCTION 

Over the past several decades, the raw gender pay gap in
the United States has declined significantly, falling from about
40% in the 1960s to 20% today. While the raw gap has narrowed,
the residual pay gap—the portion of the pay gap that cannot be
accounted for by gender differences in measured qualifications—
has stagnated at around 10% for the past 30 years (Blau and
Kahn 2017 ). In parallel, there is mounting evidence that women
still have lower salary expectations than comparable men, es-
pecially at the top of the income distribution (Reuben, Wiswall,
and Zafar 2017 ; Kiessling et al. 2024 ). Taken together, these facts
raise concerns that women’s lower salary expectations contribute
to the persistence of the residual pay gap (Babcock et al. 2003 ;
Leibbrandt and List 2015 ; Biasi and Sarsons 2022 ). 

This article investigates how gender differences in salary de-
mands influence the wage gap in a high-skilled online labor mar-
ket. Recent survey evidence indicates that the majority of high-
wage workers in the United States are asked to state their desired
salary during the recruitment process (Agan, Cowgill, and Gee
2020 ). Yet quantifying the role of the candidates’ desired salary in
the determination of salary offers in traditional labor markets has
proven challenging. Data on workers’ salary demands are typi-
cally collected via surveys or laboratory experiments that may not
capture the salary negotiations that actually arise in high-stakes
recruitments. In addition, available wage data usually provide in-
formation on only one side of the market: the candidate’s side
(e.g., survey evidence on salary expectations) or the firm’s side
(e.g., administrative data on firm salary offers). No data set si-
multaneously combines information on candidate salary demands
and on how these demands influence the salary offers they receive
from firms. 

To fill this gap, I analyze data from Hired.com, a leading
online recruitment platform for full-time, high-wage engineering
jobs. The key novelty of this platform is that it records previously
unexplored components of the salary negotiation process. First,
every candidate has to provide the salary they are looking for in
 4
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heir next job. This ask salary is visible to firms recruiting on the 

latform, along with the candidate’s résumé information. Second, 
ompanies signal their interest to candidates with a bid salary, 
ndicating how much they are willing to pay the candidate before 

nterviewing them. Last, the platform records a final salary if the 

andidate is hired. Given that the average annual salary on the 

latform is $120,000, the candidates on Hired.com are a highly 

elevant population for studying high-stakes wage bargaining. 
Using data on more than 110,000 candidates over several 

ears, I document a 6.6% raw ask gap on the platform. After 
ontrolling for all the candidates’ résumé characteristics, the ask 

ap is still 2.9%. In other words, women ask for 2.9% less than 

en with comparable résumés. This gap is both statistically sig- 
ificant and economically meaningful: it represents $3,830 every 

ear, on average. I also find significant heterogeneity in the ask 

ap. Using the sorted partial effects method of Chernozhukov, 
ernández-Val, and Luo (2018) , I find ask gaps ranging from 8.5% 

o −2.1%, with the largest gap arising among candidates who are 

ot currently employed, have more experience, and have fewer 
redentials. 

Second, I document the relationship between the ask salary 

nd firms’ bid and final-offer gaps. Using data on more than 

60,000 bids, I find a raw bid gap on the platform of 3.3%. Ad- 
usting for candidates’ résumé characteristics but excluding their 
sk salary leaves a 2.2% residual bid gap. When candidates’ ask 

alaries are included as a control, and even when résumé charac- 
eristics are not, this residual bid gap disappears. In other words, 
hile accounting for résumé characteristics can only reduce the 

aw bid gap by 33%, gender differences in ask salaries can ex- 
lain 100% of it. Similarly, for a given job, résumé characteristics 
ccount for 3 percentage points of the 4.8% unadjusted bid gap, 
hile further controlling for the ask salary brings the bid gap to 

ero, indicating that the bid gap doesn’t arise from the composi- 
ion of jobs for which women interview. These results are qualita- 
ively the same when restricting the sample to firms that make a 

nal offer or when adding firm fixed effects. A linear model condi- 
ioning solely on candidates’ résumé characteristics explains 82% 

f the variation in bid salaries, while adding the ask salary to 

he controls raises the R2 to 0.95, leaving little room for omitted 

ariable bias. 
For the subsample of 7,582 hired candidates, gender differ- 

nces in ask salaries explain nearly all of the gap in final offers. 
4
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In particular, while conditioning on résumé characteristics only
narrows the final offer gap to 1.4%, adding the ask salary to the
controls reduces the final offer gap to −0.9% and further control-
ling for firm fixed effects brings it to zero. 

To further provide evidence of the causal effect of ask salaries
on bid salaries, and thus final offers, I take advantage of an unan-
ticipated feature change that affected a subset of candidates on
the platform and induced women to ask for more. In mid-2018,
Hired.com unexpectedly changed the way that some candidates
were prompted to provide their ask salary. Until mid-2018, can-
didates stated their ask salary by filling out an empty text box.
Starting in mid-2018, the answer box for San Francisco software
engineers was prefilled with the median bid salary over the past
12 months for the candidate’s combination of desired location, job
title, and experience. This change gave candidates information
on the typical offers received by similar candidates on the plat-
form and provided them with an anchor to benchmark their ask
salary. Using an interrupted time series design, I show that the
new framing of the ask salary elicitation eliminated the ask and
bid gaps. These results are driven by women asking for higher
salaries after the reform. Further, I find no discernible effect on
the number of bids that women received or their likelihood of re-
ceiving a final offer, suggesting that there was no downside for
women to asking for more. Finally, I leverage the reform effects
to discuss plausible mechanisms behind women’s initial lower
ask. The evidence I gather is most consistent with an information
channel: women had downward beliefs about the market wage for
their résumés and the reform corrected them. 

This article contributes to several lines of research. First, it
integrates the ask gap into the prominent literature on gender
wage gaps. The most common concept measured in this literature
is the gender gap in realized wages (Olivetti and Petrongolo 2016 ;
Blau and Kahn 2017 ), but a more recent strand of the literature
has turned to investigate gender gaps in salary expectations
(Reuben, Wiswall, and Zafar 2017 ; Kiessling et al. 2024 ). Unlike
traditional expectation measures, the ask salary plays a direct
role in the salary negotiation, as it is one of the few signals
voluntarily transmitted by the candidates to potential employers.
Relative to survey measures, Hired data have several strengths:
a large sample size, no missing values due to nonresponse, and
real labor market relevance. Finally, the recruitment process on
the platform allows for the direct measurement of the effect of
 4
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andidates’ ask gap on the firms’ offer gap, while most studies 
nly observe either the candidate or the firm side of the market. 
ome exceptions can be found in the literature on reservation 

ages (Le Barbanchon, Rathelot, and Roulet 2021 ), but in con- 
rast with the ask salary, reservation wages are not observable 

y firms. 
Second, my research relates to the literature on gender differ- 

nces in negotiation, especially at the top of the income distribu- 
ion (Goldin 2014 ; Bertrand 2017 ; Garbinti, Goupille-Lebret, and 

iketty 2018 ). Most of the evidence in this literature comes from 

aboratory experiments (Babcock et al. 2003 ; Bowles, Babcock, 
nd McGinn 2005 ; Small et al. 2007 ; Exley and Kessler 2022 ) or 
urveys (Babcock and Laschever 2006 ). These papers find that, in 

he lab or in self-reported survey data, women have lower salary 

xpectations, negotiate less, and receive lower salary offers. I con- 
ribute to this literature first by showing that women indeed ask 

or significantly less in high-stakes environments and second by 

roviding direct evidence that this gap is consequential for result- 
ng salary offers. 

Finally, my research contributes to a strand of literature in 

ehavioral labor economics that examines the role of information 

n the job search process and salary decisions. Some recent pa- 
ers (Jäger et al. 2024 ; Bennedsen et al. 2022 ; Baker et al. 2023 ; 
ortés et al. 2023 ; Cullen and Pakzad-Hurson 2023 ) illustrate in 

he field how accurate information and pay transparency can cor- 
ect workers’ misperceptions about wages and reduce the gender 
age gap. 

In the lab, Rigdon (2012) shows that in a “demand- 
ltimatum” game where participants have to share $20, women 

nitially request less than men, but after they are informed about 
he amounts demanded by other participants, they start request- 
ng the same as men. 

In contrast, recent lab-based evidence finds that nudging 

omen to “lean in” can result in worse outcomes for them. For 
nstance, Exley, Niederle, and Vesterlund (2020) show that when 

orkers and firms have to ex post split the sum of their respec- 
ive contributions in a series of (modified) ultimatum games, ne- 
otiations are not helpful and may actually harm women. I see 

his article as complementary to these lab experiments and ar- 
ue that better understanding the contexts and conditions under 
hich asking for higher pay benefits, rather than harms, women 

s an important avenue for research. 
4



6 THE QUARTERLY JOURNAL OF ECONOMICS

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/advance-article/doi/10.1093/qje/qjae004/7608508 by The H

untington Library user on
Section II provides details on the empirical setting.
Section III presents a detailed description of the data. Section IV
describes the empirical strategy to estimate the ask gap and doc-
uments its existence and magnitude. Section V provides evidence
of the impact of the ask gap on the bid gap and final salary
gap. Section VI details the reform of the elicitation of candidates’
ask salaries and reports estimates of the effects of the reform;
Section VII provides a framework to interpret the results of the
reform. Section VIII concludes. 

II. INSTITUTIONAL SETTING 

II.A. Market Description 

Several previous papers have studied online labor markets,
such as Amazon MTurk, to explore the causes of the gender
pay gap (Gomez-Herrera and Mueller-Langer 2019 ; Litman et al.
2020 ). These markets allow researchers to run experiments and
precisely record the effects of experimentally assigned treatments
on labor market outcomes. However, most of these markets of-
fer task-based, remote, and low-wage jobs. Hence, even experi-
mental evidence on bargaining on those platforms may not re-
flect behaviors in more traditional labor markets. In contrast,
Hired.com mostly features full-time, on-site, high-wage engineer-
ing jobs based in the United States: 96.9% of the candidates on the
platform state that they are looking for a full-time job, and the av-
erage salary offered by firms on the platform is high ($119,548).
In short, Hired.com should be thought of as a job board for highly
educated candidates, with a focus on the tech industry. The can-
didates and jobs on Hired.com are comparable to those listed on
other recruitment platforms for similar careers. For instance, the
most common profile on Hired.com is a software engineer in San
Francisco. As of April 2020, Glassdoor’s average salary for this
profile was $119,488 and Paysa’s was $132,000. 1 Hired’s salary
for such profiles is $130,349, which is in the bracket between
Glassdoor’s (lower bound) and Paysa’s (upper bound) salaries. The
Hired.com sample also features profiles with different levels of
seniority; for instance, the years of experience of San Francisco
1. Paysa is a personalized career service offering salary compensation and job 
matching for corporate employees. It is a useful reference for comparing employee 
salaries in the tech industry. 

 29 M
arch 2024
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oftware engineers are distributed similarly to their equivalent 
ound on Payscale. 2 

In addition, the 6,532 firms in the Hired sample are also rep- 
esentative of the digital economy ecosystem: they are a mix of 
arly-stage firms, more mature start-ups (e.g., Front, Agolia), and 

arger, more established firms (e.g., Zillow, Toyota). Finally, the 

ender ratio on Hired.com (20.8% female) is similar to the gen- 
ral population of computer science and engineering graduates. 3 

I.B. Recruitment Process 

The hiring process on Hired.com differs from a traditional job 

oard in two main ways. First, on a traditional job board, firms 
ost a job description (that may contain a posted wage), and can- 
idates apply to each posted job separately. Afterward, the com- 
any interviews a selection of applicants and decides whether and 

hom to hire. In contrast, on Hired.com, companies apply to can- 
idates based on their profiles, and candidates decide whether 
o interview with the company based on the job description and 

id salary they receive. Second, in a wage-posting context, candi- 
ates’ demands do not directly influence firms’ posted wages. In 

ontrast, on Hired.com firms make salary offers only after observ- 
ng the candidates’ résumés and asks. Formally, the recruitment 
rocess can be divided into the following three sequential steps, 
lso described in Figure I : 

1. Supply Side. Candidates create a profile that contains 
tandardized résumé entries and the salary that the candi- 
ate wants to make in their next job: their ask salary. 4 Online
ppendix Figure B.1 is a screenshot of a typical candidate’s 
2. Among San Francisco software engineers, 6% have 0–2 years of experience 
n software engineering, 21% have 2–4 years of experience, 23% have 4–6 years of 
xperience, 35% have 6–10 years of experience, 9% have 10–15 years of experience, 
nd 6% have more than 15 years of experience. 

3. Chamberlain and Jayaraman (2017) showed that among science and engi- 
eering graduates, only 26% are female, and a disproportionate number of these 
raduates end up working in fields other than computer science. This gender im- 
alance in a high-wage sector makes the tech industry a particularly interesting 
ase study of the gender pay gap among top earners. 

4. Specifically, the ask salary is the answer that candidates give to the ques- 
ion: “What base salary are you looking for in your next role?” It then appears on 

 candidate’s profile (see Online Appendix Figure B.1) as a bullet point saying: 
Prefers base salary of X per year” (where X is the answer of the candidate to the 
sk salary question.) 
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arch 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data


8 THE QUARTERLY JOURNAL OF ECONOMICS

FIGURE I 

Timeline of the Recruitment Process on Hired.com 

The red circles at the bottom show the different salaries that are captured on 

the platform. The blue arrow-shaped boxes in the middle describe all the steps of 
recruitment on the platform from profile creation to hiring. The gray shading for 
the interview stage indicates that I do not have metadata from companies about 
their interview process. On the top of the diagram, in green boxes, is the classifi- 
cation of the recruitment process between the labor demand side (companies) and 
the labor supply side (candidates). 
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profile, and Online Appendix Table A.1 further provides the list-
ing of all fields on a profile. In short, a profile includes the current
and desired location of the candidate, their job title (e.g., soft-
ware engineering or web design), their experience in this posi-
tion, their top skills (e.g., coding languages such as R or Python),
their education (degree and institution), the firms they worked
at, their contract preferences (remote or on-site, contract work or
full-time), as well as their search status, which describes whether
the candidate is actively searching or simply exploring new op-
portunities. Importantly, the ask salary is a required field promi-
nently featured on all profiles. 

2. Demand Side. Firms get access to candidate profiles that
match standard requirements for the job they want to fill (job
title, experience, and location). To apply for an interview with
 4

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data
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equest—that contains a basic description of the job as well as the 

alary at which they would be willing to hire the candidate: their 
id salary. Online Appendix Figure B.2 is a screenshot of a typi- 
al message sent to a candidate by a company. The bid salary is 
rominently featured in the subject line of the message and is re- 
uired to be able to send the message. The equity field also exists 
ut is optional. 

3. Demand Meets Supply. Hired.com records whether the 

andidate accepts or rejects the interview request. While inter- 
iews are conducted outside of the platform, Hired.com gathers 
nformation on whether the company makes a job offer to the can- 
idate and at what final salary. It is important to note that the bid 

alary is nonbinding, so the final salary can differ from it. Finally, 
e observe whether the candidate accepts the final salary offer, 

n which case the candidate is hired. 5 

I.C. Relevance of the Recruitment Process to Other Wage 
Bargaining Settings 

Although the ability to record granular steps of the negoti- 
tion is unique, some of these steps are similar in the broader 
abor market, especially for high-wage candidates. For instance, 
sing a 2019 survey of 504 Americans in the labor force, Agan, 
owgill, and Gee (2020) found that 55% of workers making above 

68,000 a year were asked for their desired salary during the re- 
ruitment process (compared with 42% of the full sample). There- 
ore, Hired.com makes explicit what effectively occurs during the 

ajority of high-wage interviews: candidates are asked to disclose 

heir desired salary. There is also evidence that in a nontrivial 
hare of wage negotiations, candidates are asked for their desired 

alary before the company makes them an offer. For instance, in a 
5. Although I can’t ensure that all final offers are recorded correctly, there 
re a number of features that guarantee high-quality data all the way to the final 
ffer. First, in the time period of this study, Hired.com was paid by most firms 
nly if the firm made a final hire. Therefore, the platform had strong incentives 
o ensure that firms report these final hires. Second, it is quite easy for Hired to 
etect fraud (i.e., a match made on the platform that results in a hire outside of it). 
ndeed, Hired records all the profiles interviewed by the firm, and most firms have 
 career page with their current employees. Therefore, checking interview records 
gainst hires is quite straightforward. Finally, a one-time fraud could result in the 
igh cost of being kicked out indefinitely from Hired. 
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Google survey of approximately 400 subjects, Barach and Horton
(2021) found that among candidates who negotiated their wages,
39.2% proposed a wage before the firm did. It is therefore not un-
common for the candidate to state their ask first, although, in
more traditional settings it might occur later in the recruitment
process (e.g., after, rather than before, the interview). 

III. DATA 

III.A. Sample Size 

Table I reports the sample sizes for the main units of obser-
vation on the candidate side (first row of Panel A) and company
side (first row of Panel B). The final data set has 113,777 candi-
dates, 39,839 jobs, and 6,532 firms in 20 different cities. Each job
is sent out on average to 11.6 candidates, so there are a total of
463,860 interview requests ( ≈ 39,839 × 11.6) sent out by firms,
resulting in 7,582 final offers. The data span several recent years
but per the research contract signed with the company, the exact
start and end dates of the period cannot be disclosed. 

III.B. Gender 

Gender is an optional field on the profile, and only 50% of
the candidates self-declared their gender. To obtain gender data
for the other 50%, I use a standard prediction algorithm based on
first names. 6 Reassuringly, for the subsample that self-declared
their gender (i.e., 50% of the full sample), I verified that the
algorithm guessed incorrectly only 0.6% of the time. Firms are
informed of the gender of candidates since most profiles contain
pictures and first names. Combining explicit declarations and im-
putation, I can classify 84.6% of the profiles. Women represent
20.8% of the classified sample, and men represent the remaining
80.2%. 

III.C. Candidate Summary Statistics 

Table I , Panel A provides information on the résumé char-
acteristics of the candidates. They have, on average, 11.3 years
6. The prediction can take five values: “male,” “mostly male”, “ambiguous,”
“mostly female,” and “female”. When available, I used the self-declared gender of 
the candidate; otherwise, I impute gender using the algorithm, assigning a gender 
only to candidates for whom the algorithm predicted “male” or “female.”

n 29 M
arch 2024
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TABLE I 
DESCRIPTIVE STATISTICS ON CANDIDATES AND COMPANIES 

All Male Female Difference p -value 

Panel A: Descriptive statistics on candidates 
Number of candidates 113,777 76,223 19,998 56,225 
Average number of bids 

received per candidate 
4 .5 4 .6 4 .2 0 .4 .000 

Probability of accepting an 

interview request 
62 .2 62 .0 63 .2 −1 .2 .000 

Education 

Share with a bachelor 97 .6 97 .3 98 .7 −1 .4 .000 
Share with a master 41 .4 40 .3 45 .2 −4 .9 .000 
Share with a CS degree 55 .2 57 .2 47 .7 9 .5 .000 
Share with an IvyPlus 
degree 

9 .4 8 .7 11 .8 −3 .1 .000 

Preferences 
Share looking for full-time 
job 

96 .9 96 .7 97 .7 −1 .0 .000 

Share looking for a job in 

San Francisco 
31 .6 30 .0 37 .5 −7 .5 .000 

Share in need of visa 
sponsorship 

13 .6 13 .0 15 .7 −2 .7 .000 

Work history 
Years of total experience 
(mean) 

11 .3 11 .7 10 .1 1 .6 .000 

Share that worked at a 
FAANG 

6 .0 6 .0 6 .0 0 .0 .679 

Share leading a team 32 .7 33 .8 27 .6 6 .2 .000 
Share employed 73 .1 74 .0 69 .7 4 .3 .000 
Number days unemployed 
(median) 

120 116 133 −17 .000 

Occupation 

Share of software 
engineers 

61 .7 66 .6 43 .2 23 .4 .000 

Share of web designers 8 .3 6 .1 16 .6 −10 .5 .000 
Share of product managers 8 .3 7 .5 11 .4 −3 .9 .000 
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TABLE I 
CONTINUED 

Panel B: Descriptive statistics on companies 
Number of: Firms Jobs Bids sent Final offers Cities 

6,532 39,839 463,860 7,582 20 

Revenue (yearly, million US$) 1–25 26–100 101–500 501–1,000 1,000+ 

Share ( N = 962) 47% 17% 12% 14% 10% 

Firm age (years) 0–5 6–10 11–15 16–20 20+ 

Share ( N = 2,249) 36% 45% 11% 4% 4% 

Firm size (no. employees) 1–10 11–50 51–200 201–500 500+ 

Share ( N = 2,368) 18% 29% 31% 11% 11% 

Top three locations SF NY LA 

Share ( N = 4,319) 40% 24% 7% 

Top three industries Software Finance Analytics 
Share ( N = 2,253) 15% 10% 8% 

Notes. Panel A shows descriptive statistics for candidates in the sample (first column), separating them by 
gender (second and third columns) and reporting the difference between males and females (fourth and fifth 
columns). FAANG is a dummy for whether the candidate has ever worked in one of Facebook, Amazon, Apple, 
Netflix, or Google. The average number of bids received and the probability of accepting are computed on the 
sample of candidates that receive at least one bid. The median number of days unemployed is computed 
conditional on being unemployed. Panel B shows descriptive statistics on the company side (number of firms, 
jobs, bids sent, and final offers sent) as well as on firm characteristics for a subsample of companies on 
Hired.com. The share of each category is reported. 
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of experience, which corresponds to the industry average in this
sector (Visier and Insights 2017 ). They are highly educated:
97.6% of the candidates have at least a bachelor’s degree and
41.4% have at least a master’s degree. 

Given that the platform targets engineers, it is not surprising
that 55.2% of the candidates have a degree in computer science
and that 61.7% of them are looking for software engineering posi-
tions. The platform’s focus on the tech industry is also reflected in
the location of its candidates: 31.6% of them are looking for a job
in San Francisco. About three out of four candidates are looking
for job-to-job transitions. 

Men and women differ in experience, occupation, and loca-
tion. On average, women have 1.6 fewer years of experience than
men. However, mirroring the overall U.S. population, women ap-
pear to be more educated (45.2% of them have a master’s versus
40.3% of the men). With respect to occupation, 66.6% of the men
are looking for software engineering positions, while only 43.2%
of the women are. The other women are mainly looking for either
a web design (16.6%) or a product management position (11.4%).
 4
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ccordingly, the share of men with a computer science (CS) degree 

s higher (57.2% versus 47.7%). Finally, women are more likely to 

e looking for a job in San Francisco (37.5% versus 30.0%). 
Candidates can also express preferences about the size and 

ndustry of their ideal firm, as well as some preferred future job 

eatures. Around 75% of the candidates express at least one pref- 
rence. Online Appendix Table A.2 presents gender differences in 

hese preferences controlling for candidates’ résumé characteris- 
ics. The main takeaway from this table is that, while men and 

omen differ in their preferences in the expected direction (e.g., 
omen are more likely than men to prefer firms that are socially 

onscious, more likely to seek a mentorship role, and less likely 

o seek a leadership role), the differences are quite small in mag- 
itude (e.g., 18.9% of men express a preference for leadership; 
hat share is only 0.5 percentage points lower for women with the 

ame résumé characteristics). 

II.D. Firm Summary Statistics 

Table I , Panel B provides information on firm characteristics 
uch as revenue, age, size, or industry. Around a third of compa- 
ies are early-stage firms that were founded within five years of 
he end of the sample period, half of them report less than US$25 

illion, in revenue, and almost half the firms enlist 1 to 50 em- 
loyees. Medium-sized companies or matured start-ups with 51 

o 500 employees make up around 40% of the sample, and the 

emaining 11% consist of established companies with more than 

00 workers. The overall distribution of revenue is strongly right 
kewed with a median just above $25 million, but with almost 
 quarter of the sample reporting a revenue higher than $500 

illion USD. Consistent with candidates’ current and preferred 

ocation, the most common location among firms is San Francisco 

40%), followed by New York (24%) and Los Angeles (7%). The 

hree most frequent industries in which companies operate are 

nterprise software (15%), banking and finance (10%), as well as 
nalytics (8%). 

II.E. Candidate–Firm Interactions 

For a given job, firms contact on average 11.6 candidates. Im- 
ortantly, for the same job, there can be as many bid salaries as 
here are candidates contacted. In fact, only 2.4% of jobs offer 
he same bid salary to all candidates. The within-job variation in 
4

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data
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bids is also quite large: the average standard deviation of bids for
a given job is $16,575. On the candidate side, the average number
of interview requests, conditional on receiving at least one, is 4.5,
and candidates agree to interview 62% of the time. 

Once a candidate profile is reviewed and approved by
Hired.com, it becomes visible to firms. The default length of a
spell on the platform is two weeks. 7 On the company side, a sep-
arate identifier is created for each job the company wants to fill.
The company may be looking to hire several candidates for the
same job. If we restrict the sample to jobs that make hires, 77.3%
of them hire a single person and 14.3% hire two, the remaining
8.4% hire three or more. Only a subset of jobs find a suitable can-
didate on the platform, and similarly, only some of the candidates
are hired. Firms that hire a candidate for the job exert additional
search efforts on the platform: on average, they send almost three
times as many interview requests to candidates than the aver-
age (30.2 versus 11.6). Similarly, candidates who get hired receive
about 1.5 times as many interview requests as the average candi-
date (6.6 versus 4.5) and they are more likely to accept an inter-
view request. 

III.F. How Do the Ask and Bid Salaries Relate to More 
Traditional Salary Measures? 

This article measures two previously unobserved components
of salary negotiation: the ask and bid salaries. Therefore, it is im-
portant to understand how these relate to more traditional mea-
sures. For instance, how does the ask salary compare with salary
expectations or the reservation wage? Further, given that the bid
is nonbinding, how does it relate to final offers? 

The ask salary is defined as the answer that candidates give
to the question: “What base salary are you looking for in your next
role?” Candidates record this ask knowing that it will be visible
to firms hiring on the platform. The closest concept previously
measured in workers’ and job seekers’ survey data is salary ex-
pectations, that is, how much people expect to make in their next
job (Reuben, Wiswall, and Zafar 2017 ). The key conceptual differ-
ence with the ask is that salary expectations are not observable
by firms. This difference has important implications: the ask is
7. Candidates can request to remain visible for two to four additional weeks; 
55% of the candidates are live for two weeks, 22% remain visible for four, and the 
remaining 23% for six. 

9 M
arch 2024
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isclosed in the salary negotiation while salary expectations can 

e measured outside of a recruitment context. Given the strategic 
ame at play in salary negotiations, candidates may reveal an ask 

hat is different from their “true” salary expectations to maximize 

heir final offer. 
Candidates can adopt different strategies for the choice of the 

sk salary. Some may choose to record their reservation wage, 
hat is, the lowest wage at which they would accept a job. Oth- 
rs may provide an estimation of their market value, and some 

ay put the highest salary at which they think they can be hired. 
hese possible interpretations are, to some extent, testable be- 
ause they give rise to different responses to the bids received. For 
nstance, if the ask is interpreted as a reservation wage, then we 

hould observe that very few candidates accept interviews with 

rms that make bids below their ask. We test this prediction in 

igure II , Panel A, plotting the probability of acceptance of an in- 
erview request against the ratio of the bid to ask salary. We first 
bserve that even when a bid is below the ask, candidates still 
ccept the interview request on average 49% of the time. There- 
ore, the ask salary is not strictly conveying a reservation wage. 
econd, candidates do react to higher bids: the probability of ac- 
eptance is an increasing function of bid 

ask , especially in the neigh- 
orhood of bid 

ask = 1 . There is no detectable difference between men 

nd women in their acceptance behavior. 
When declining an interview request, candidates are given 

he option to provide a reason for their decision, and 55% of them 

hoose to do so. The candidates can choose from justifications 
uch as “company culture,” “company size,” and “insufficient com- 
ensation.” The latter is the justification I label as “bid too low.”
nline Appendix Figure B.3 relates the share of candidates list- 

ng “bid too low” as the reason for turning down the interview re- 
uest to 

bid 
ask . As expected, candidates are much more likely to list 

bid too low” as a reason for their decision when 

bid 
ask < 1 . In par- 

icular, although this reason is virtually never brought up when 

he ask is equal to or below the bid, it explains more than 31% of
he rejections when the bid is less than 0.8 times the ask, and it 
s still mentioned in 12.5% of cases when the bid is between 0.8 

nd 1 times the ask. 
The bid salary is what firms declare they are willing to pay 

he candidate solely based on their profile, before any interaction 

ith them. The final salary is offered to a candidate at the hiring 

tage. Given that companies are by no means contractually bound 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data


16 THE QUARTERLY JOURNAL OF ECONOMICS

(A)

(B) (C)

FIGURE II 

Interview Request Acceptance Rate and the Relationship between Ask, Bid, and 
Final Salary 

Panel A shows how the share of accepted interview requests changes with the 
ratio of bid to ask salary, separately for male and female candidates. Observa- 
tions are grouped into bins of bid 

ask of length 0.05, except bid 
ask = 1, which is plotted 

separately. This panel includes, for each candidate, the first five bids received to 
ensure that the candidate is active and available for interviews on the platform 

at the time he or she receives the request. This figure also shows the close rela- 
tionship between the log ask and log bid salary in Panel B and the log bid and 
log final salary offers in Panel C. They report these relationships separately for 
male (solid blue line) and female (dashed red line) candidates. The difference in 

the relationships between salaries is not significant by gender. Standard errors 
are clustered at job and individual levels and the binned scatter plots have 16 
equally sized bins of observations. Overall, 77% of bid salaries are identical to the 
corresponding ask salary and 90% of bid salaries are within a range of US$10k 
from the ask, while 36% of final salaries match the initial bid exactly and 78% 

of final salaries are within a range of US$10k from the bid. Panel B includes the 
463,860 observations with an associated bid and Panel C the 7,582 observations 
for which there is a final offer. 
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by their bids, final salaries may differ from bids. Figure II , Panels
B and C show that the relationship between the two is linear,
except at the very top, and the slope is close to one. In addition,
 4
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6% of all final offers are identical to the bid, and 78% of all final 
ffers are within $10,000 of the bid. 

IV. DOCUMENTING THE GENDER ASK GAP 

V.A. The Gender Ask Gap: Methodology 

Following the literature, we define the raw gender ask gap as 
he coefficient β0 in the regression: 

1) Log(Aski ) = α + β0 F emalei + γt + εi , 

here Aski is the ask salary of candidate i , Femalei is a dummy 

qual to one if the candidate is female, γ t is the month × year 
xed effect, and εi is the error term. When collapsing the data to 

he candidate level, I select as Aski the first listed ask of candidate 

 . 8 

The adjusted gender ask gap is given by the coefficient β0 in 

he regression: 

2) Log(Aski ) = α + β0 F emalei + β1 Xi + γt + εi , 

here the controls Xi are the candidates’ résumé characteristics, 
s described in detail in Online Appendix Table A.1. These con- 
rols include the variables we typically find in the gender pay gap 

iterature using CPS or PSID data (e.g., education level and job 

itle category), as well as more granular résumé characteristics 
apturing, for instance, education quality and work history. As in 

quation (1) , Aski is the (first listed) ask salary of candidate i , 
emalei is a dummy equal to one if the candidate is female, γ t is 
he month × year fixed effect, and εi is the error term. 

An alternative take on the ask gap is to consider each in- 
erview request a candidate receives as a separate observation. 
able II , column (7) therefore implements the following strategy: 

3) Log(Askib ) = α + β0 F emalei + β1 Xib + γt + εib , 

here Askib is the ask salary of candidate i when he or she re- 
eives her b th bid, Femalei is a dummy equal to one if the can- 
idate is female, γ t is a month × year FE, εib is an error term, 
nd t is a function of i and b , t ( i , b ), the time at which candidate
 received bid b . Hence, in this specification, a candidate appears 
8. The results are qualitatively the same if we opt for the last ask salary 
 Online Appendix Table A.3). 

arch 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data
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s an observation as many times as the number of bids they re- 
eived. A candidate’s ask salary may differ across observations if 
he candidate updates it over time. 9 The advantage of this spec- 
fication is that the units of analysis are the same as those in 

able IV , which investigates the relationship between the ask and 

he bid gap. 

V.B. Results 

1. Graphical Evidence. Online Appendix Figure B.4, Panel 
a) plots kernel density estimates of the distributions of ask 

alaries, separately by gender. The figure shows that men’s 
nd women’s distributions have a similar shape, except that 
omen’s distributions are comparatively shifted to the left. On 

verage, women ask for $6,826 less than men ($115,116 versus 
121,942). 10 

2. Regression Results. Estimates of β0 in equation (1) , 
eported in Table II column (1), indicate that there is a 6.6% 

aw ask gap between men and women. Once we have linearly 

ontrolled for all the résumé characteristics from the candidate’s 
rofile in column (5), the adjusted ask gap from equation (2) is 
.9%. This gap is both statistically significant and economically 

eaningful: it represents $3,830 in annual salary, on average. 
olumns (2) to (5) progressively add the résumé characteristics 
etailed in Online Appendix Table A.1. This exercise identifies 
hich résumé controls reduce the gender ask gap, from a raw 

.6% to an adjusted 2.9%. Column (6) includes fixed effects on 

andidates’ most recent company and the adjusted gender ask 

ap goes to 3.2%. Further, I implement a selection exercise 

n observed and unobserved variables following Altonji, Elder, 
nd Taber (2005) . I obtain [ −0.028; −0.011] as a bounding set 
or β (see Online Appendix Table A.4). 11 Since zero does not 
elong to this set, I can reject the null of a zero gender ask gap. 
ast, to account for potential complex interaction effects among 

ontrol variables, I ran a Double-lasso procedure à la Belloni, 
hernozhukov, and Hansen (2014) , with two- and three-way 
9. A small share (7.4%) of candidates update their ask salary in a given spell. 
nline Appendix F discusses the behavior of these candidates. 

10. These asks are here weighted by the number of offers received; the un- 
eighted ask gap is larger, at $8,853. 

11. I use the standard assumption that δ and Rmax are 1. 

r on 29 M
arch 2024
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interactions between explanatory variables, which resulted in a
3.1% ask gap. Adding controls for experience, location, and job
title first narrows the gap down to 4.3% (column (2)). This is
mostly due to women having on average less experience or opting
for lower-paid occupations. Conversely, adding education controls
(column (3)) increases the ask gap by 0.3 percentage points. This
is in line with recent studies showing that women have surpassed
men in educational attainment. Since the effect of the choice of
major is likely already captured by the job title variable added
in column (2), adding the education controls mostly captures the
level and quality of education. As evidenced in Online Appendix
Table A.2 and described in Section III.C , women and men have
similar work preferences, so adding these controls in column (4)
does not affect the ask gap. Adding employment history in column
(5) takes the gender gap down to 2.9%. This is mostly driven by
the coding skills listed on candidates’ profiles, not by differences
in exposure to an “elite” tech company in the past. In particular,
women are less likely than men to list high-demand coding skills
such as JavaScript or Python. 12 Online Appendix D.1 discusses
how the magnitude of the ask gap compares with other related
salary measures such as salary expectations or reservation
wages. 

Table III , column (1) provides information on the coefficients
of variables other than the female dummy. These coefficients af-
fect the ask salary in the expected way: more experience and more
education are associated with higher asks. For instance, keep-
ing other variables constant, an individual with two to four years
of experience in their current occupation tends to ask for 11.2%
more than a candidate with zero to two years of experience in
that occupation. In a similar fashion, the coefficient on the em-
ployment dummy is positive and significant: all else equal, job-to-
job switchers ask for 7.1% higher salaries than candidates who
are not currently employed. Finally, more education also leads to
higher ask salaries: all else constant, candidates whose highest
12. Murciano-Goroff (2022) found that female programmers with previous ex- 
perience in a programming language were 9.10% less likely than their male coun- 
terparts to self-report knowledge of that programming language on their résumé. 
Therefore, it could be that the listed skill gap on Hired.com reflects a gender gap 
in the propensity to list a programming language, rather than a gap in the actual 
experience in this language. 

rary user on 29 M
arch 2024
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TABLE III 
ESTIMATES FOR CONTROLS OTHER THAN GENDER IN EQUATIONS (2) AND (7) AND 

FOR FINAL OFFERS 

Dep. var.: 
Log ask 

salary Log bid salary Log final salary 

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

Female −0 .029*** −0 .022*** −0 .002*** −0 .014** 0 .010** 

(0 .002) (0 .003) (0 .001) (0 .006) (0 .004) 
Employed 0 .069*** 0 .043*** 0 .003*** 0 .031*** 0 .007* 

(0 .002) (0 .002) (0 .001) (0 .005) (0 .004) 
Log ask salary 0 .848*** 0 .709*** 

(0 .008) (0 .028) 
Female × log ask salary 0 .001 0 .011 

(0 .004) (0 .011) 

Years of experience in the 
desired occupation 

2–4 0 .106*** 0 .093*** 0 .011*** 0 .104*** 0 .018*** 

(0 .002) (0 .003) (0 .001) (0 .008) (0 .006) 
4–6 0 .199*** 0 .174*** 0 .020*** 0 .188*** 0 .038*** 

(0 .003) (0 .004) (0 .002) (0 .009) (0 .007) 
6–10 0 .299*** 0 .245*** 0 .027*** 0 .252*** 0 .045*** 

(0 .003) (0 .004) (0 .002) (0 .010) (0 .009) 
10–15 0 .345*** 0 .275*** 0 .031*** 0 .281*** 0 .044*** 

(0 .004) (0 .005) (0 .003) (0 .014) (0 .012) 
15+ 0 .378*** 0 .291*** 0 .031*** 0 .294*** 0 .043*** 

(0 .005) (0 .006) (0 .003) (0 .017) (0 .015) 

Education 

Bachelor 0 .053*** 0 .026** 0 .004* 0 .012 −0 .005 
(0 .011) (0 .013) (0 .002) (0 .038) (0 .016) 

Master 0 .086*** 0 .039*** 0 .006** 0 .034 0 .002 
(0 .011) (0 .013) (0 .002) (0 .038) (0 .016) 

PhD 0 .151*** 0 .081*** 0 .011*** 0 .075* 0 .018 
(0 .012) (0 .013) (0 .003) (0 .040) (0 .019) 

University ranking 
21–100 0 .002 −0 .001 0 .001 −0 .003 −0 .002 

(0 .003) (0 .004) (0 .001) (0 .009) (0 .007) 
101–500 −0 .021*** −0 .019*** 0 .000 −0 .013 −0 .003 

(0 .003) (0 .004) (0 .001) (0 .010) (0 .007) 
501–1,000 −0 .038*** −0 .027*** −0 .000 −0 .011 −0 .014* 

(0 .004) (0 .005) (0 .001) (0 .011) (0 .007) 
1,001–5,000 −0 .047*** −0 .029*** −0 .001 −0 .016* −0 .000 

(0 .003) (0 .004) (0 .001) (0 .010) (0 .006) 
5,000+ −0 .057*** −0 .037*** −0 .003*** −0 .027*** −0 .008 

(0 .003) (0 .004) (0 .001) (0 .010) (0 .007) 
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TABLE III 
CONTINUED 

Dep. var.: 
Log ask 

salary Log bid salary Log final salary 

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

Candidate’s résumé
characteristics 

X X X X X 

Month × year FE X X X X X 

Adj. R -squared 0 .708 0 .816 0 .954 0 .827 0 .920 
No. observations 113,777 463,860 463,860 7,582 7,582 

Notes. This table explores the role of controls other than gender in explaining ask, bid, and final salaries. 
Column (1) follows equation (2) and it is at the candidate level. The other columns are at the bid level. 
Column (2) corresponds to equation (5) . Column (3) follows equation (7) , adding an additional interaction 
term between the female dummy and the mean-centered log ask salary. Columns (4) and (5) use the same 
controls as columns (2) and (3) respectively, but set log final salary as the dependent variable. The number of 
observations is much smaller than in columns (4) and (5) as the unit of observation is restricted to candidates 
with final offers. The omitted category for “Years of experience” is 0–2, for “Education” it is High School, 
and for “University ranking” it is 1–20. In column (1) standard errors are robust, and in columns (2) to (5) 
standard errors (in parentheses) are two-way clustered at the candidate and job ID level. * p < .1, ** p < .05, 
*** p < .01. 
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degree is a PhD ask for 6.7% more than candidates whose high-
est degree is a master’s. 

In Online Appendix C, a classification analysis using the
sorted partial effect method of Chernozhukov, Fernández-Val, and
Luo (2018) highlights that experience is the résumé character-
istic that captures the greatest share of heterogeneity in ask
salaries. Hence, I explore the effects of experience on the ask
gap in Figure III , Panel A, which plots the coefficient on the fe-
male dummy in equation (2) , controlling for all résumé charac-
teristics but estimated separately for different experience groups.
The ask gap increases considerably with experience: it is insignif-
icant for the zero to four years and four to six years of experience
groups and is only 1.5% for the six to eight years of experience
group. It then jumps to 4% for the 8–15 years of experience group.
The largest gap, for candidates with 15–20 years of experience,
reaches 5.4%. 13 
13. While it is beyond the scope of this article to explain this gradient, my 
analysis of the reform described in Section VI demonstrates that a simple change 
in the way the website prompts candidates to provide their ask salary narrows 
the ask gap down to zero, even for candidates with more experience. 

n 29 M
arch 2024
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(A)

(B) (C)

FIGURE III 

Heterogeneity in the Ask and Bid Gap by Experience 

These figures show the heterogeneity in the ask gap by experience as well as the 
importance of the ask salary in explaining the bid gap, separately by experience. 
Panel A plots the point estimate of the female dummy in equation (2) , where the 
regression is run separately by total years of experience. Panel B plots the point 
estimate on the female dummy in equation (5) , and Panel C plots the point es- 
timate on the female dummy in equation (7) . In all figures, regressions are run 

separately for each group of total years of experience. The résumé characteristics 
I control for are all the variables described in Online Appendix Table A.1, except 
the total position experience since regressions are run separately for each total 
position experience group. 
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V. DESCRIPTIVE EVIDENCE ON THE ROLE OF THE ASK GAP IN 

GENDER PAY INEQUALITY 

.A. The Gender Bid Gap: Methodology 

Whether the 2.9% residual ask gap relates to the gender pay 

ap on the platform is an empirical question. Indeed, firms could 

alue skill and experience regardless of what the candidates ask 

or and we would observe no gender differences in the bids sent 
y firms to candidates. 
4
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To empirically test the relationship between the bid gap and
the candidates’ résumé characteristics and ask salary, I proceed
in three steps. First I estimate the raw gender bid gap. Then I
estimate how much of the bid gap can be explained by the candi-
dates’ résumé characteristics. Finally I estimate the effect of the
ask salary on the bid gap, with and without the résumé charac-
teristics controls. Formally, these three models can be written as:

Model 1: 

(4) Log(Bidib ) = α + β1 F emalei + γt + εib 

Model 2: 

(5) Log(Bidib ) = α + β1 F emalei + β2 Xib + γt + εib 

Model 3a: 

(6) Log(Bidib ) = α + β1 F emalei + β3 Log(Askib ) + γt + εib 

Model 3b: 

(7) Log(Bidib ) = α + β1 F emalei + β2 Xib + γt + β3 Log(Askib ) + εib , 

where Log ( Bidib ) is the b th log bid salary received by candidate i .
Xib and Log ( Askib ) are respectively candidate i ’s résumé charac-
teristics and log ask salary, when he or she receives the b th log bid
salary. Xib contains the same controls as in Table II , column (5),
and γ t is a month × year FE, where t = t ( i , b ), the time at which
candidate i received bid b . Observations are at the bid level such
that, as in equation (3) , a candidate appears as an observation
as many times as the number of bids they received. A candidate’s
ask salary may differ across observations if the candidate updates
it over time and, more systematically, bids may differ across ob-
servations (for a given candidate) since they are sent by different
firms. 

V.B. The Gender Bid Gap: Results 

1. Graphical Evidence. Online Appendix Figure B.4 Panel
(b) plots kernel density estimates of the distributions of bid
salaries, separately by gender. This figure shows that women’s
distribution is similarly shaped to men’s but shifted to the left,
such that women receive bids that are, on average, $5,430 lower
than men ($115,290 versus $120,720). Furthermore, comparing
Panel (a) (the kernel density estimates of the distributions of ask
salaries) to Panel (b) reveals that the ask and bid salary distribu-
tions are quite close. This is the first piece of evidence in a pattern
 4
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THE ROLE OF THE ASK GAP IN GENDER PAY INEQUALITY 25

I
a

b
a
t
g
c
c
l
b
t
a
fi
F
s
b
t
t
i

t
t
t
i
H
t
w
d
h
i
T
fi
d

m

a
e
c
e

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/advance-article/doi/10.1093/qje/qjae004/7608508 by The H

untington Librar
 document in this section: firms’ bids closely track individuals’ 
sks. 

2. Regression Results. The raw gender bid gap, as estimated 

y β1 in equation (4) and reported in Table IV , column (1), is 3.3% 

nd significant at the 1% level. Controlling for the résumé charac- 
eristics in column (2) of the same table only takes the gender pay 

ap down by 33%, to 2.2%. 14 In other words, differences in résumé
haracteristics, such as experience or coding skills, can only ac- 
ount for about a third of the gender bid gap. In contrast, control- 
ing for the ask salary alone in column (3) eliminates the gender 
id gap: the coefficient on the female dummy even becomes posi- 
ive, but very small (0.2%). This result persists when we add back 

ll the candidate résumé characteristics in column (4): the coef- 
cient on the female dummy remains very close to zero ( −0.2%). 
inally, we can test whether the effect of the ask salary on the bid 

alary differs by gender. To do so, column (5) adds the interaction 

etween the log ask salary and the female dummy. The point es- 
imate of that interacted term is small and insignificant (0.1%), 
herefore failing to reject the null that men and women realize 

dentical returns to asking for more. 
A fundamental challenge in the gender pay gap literature is 

hat the residual gap may capture not only wage differences be- 
ween otherwise similar men and women, but also the fact that 
he econometrician is limited in the ability to control for the full 
nformation set available to firms. The recruitment process on 

ired.com mitigates this concern because firms must formulate 

heir initial bids to candidates before they are able to interact 
ith them. Therefore, the bid salary is solely based on candi- 
ates’ résumé characteristics and their ask salary; as a result, 
aving access to candidates’ profiles helps to control for the firms’ 

nformation sets at the time they make their bids. 15 The R2 in 

able IV validates this overlap between Hired.com data and the 

rm’s information sets: the linear model conditioning on candi- 
ates’ résumé characteristics explains 82% of the variation in bid 
14. Online Appendix D.2 compares the residual bid gap to more traditional 
easures of the gender pay gap in alternative data sets. 

15. It could still be that firms interpret and interact with the résumé char- 
cteristics in ways that I cannot account for in this analysis. To get at the causal 
ffect of the ask salary on the bid salary, in Section VI I leverage a reform that 
an be interpreted, from the demand side, as an exogenous shift in the ask, and 
xplore its effects on bids. 
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arch 2024
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alaries (column (2)), while adding the ask salary to the controls 
aises the R2 to 0.95 (column (4)), leaving little room for omitted 

ariable bias. 
Figure III shows that the bid gap varies by experience and 

llustrates how differences in the ask salary can account for this 
eterogeneity. Panel B plots the coefficient on the female dummy 

n equation (5) for different subgroups of experience. The pattern 

n this figure mirrors Figure III , Panel A: the bid gap follows the 

sk gap and increases with experience. However, when we add the 

sk salary as an explanatory variable in Panel C, the heterogene- 
ty in experience disappears. Therefore, the difference in bid gap 

etween more and less experienced women is entirely explained 

y differences in their asks. 
There are two possible explanations for the gap in bid 

alaries. First, there may be within-job bid disparities, that is, 
en and women are offered the same jobs but women are ex- 

ended lower bids for these jobs. Alternatively, the gap could come 

rom between-job disparities: women, for a given résumé, could 

e offered different, lower-paying jobs. To disentangle these chan- 
els, I run the same regressions as in the first five columns of 
able IV but add job fixed effects. 

Table IV , column (6) shows that the raw bid gap within 

obs is 4.8%. This estimate is larger than the raw bid gap with- 
ut job fixed effects from column (1). In other words, in this 
etting, it is not that women are being offered lower-paying 

obs but that on average, they are offered lower pay for the 

ame job. Once we add résumé characteristics (column (7)), 
he bid gap narrows to 1.8%. Therefore, for a given job, gen- 
er differences in résumés can only explain part of the within- 
ob bid gap. Adding résumé characteristics and the ask salary 

educes the bid gap to a point estimate very close to zero 

 −0.3%). This result indicates that the bid gap does not operate 

hrough the composition of jobs for which women interview. Sim- 
lar results hold when we control for firm fixed effects instead of 
ob fixed effects in Online Appendix Table A.6. 

Résumé characteristics, such as experience, determine the 

ype of jobs (and corresponding salary range) that individuals are 

elected for, but within jobs, they play a minor role in the determi- 
ation of pay. This is illustrated by the evolution of the adjusted 

2 in the bid gap regression: while résumé characteristics explain 

ore than 80% of the total variation in the regressions without 
ob fixed effects ( Table IV , Column (2)), they can only explain 33% 
4

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data
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of the total variation within jobs in Table IV , column (7). In con-
trast, adding the ask salary increases the adjusted R2 to 0.834 in
column (8). Taken together, these results indicate that for a given
job, the ask salary plays a much larger role in the determination
of the bids than résumé characteristics. 

V.C. Final Offers: Results 

Given that bid salaries are nonbinding, one may worry that
the bid gap is not a relevant measure for the actual gender pay
gap. To address this concern, Table V presents results on the final
offer gap for the restricted sample of candidates that are hired by
a company. The left-hand variable is now Log ( Finalib ), the salary
candidate i was offered for the job corresponding to bid b . The
right-hand variables are the same as in Table IV . The sample
of final offers is much smaller than the sample of interview re-
quests (463,860 interview requests were sent out, and there were
7,582 final offers) but the point estimates are qualitatively sim-
ilar. The raw final-offer gap is 4.8% (column (1)) and controlling
for résumé information leaves a significant 1.4% gap (column (2)).
After adding the ask salary to the résumé controls, as in column
(4), I find a point estimate for the gender pay gap that is close to
zero ( −0.9%). These results are insensitive to the addition of firm
fixed effects in columns (6) to (8). 

V.D. Sensitivity Analysis 

In Table IV , the relationship between the ask and the bid is
estimated on the full sample of bids sent out by companies. How-
ever, only a subsample of the underlying jobs leads to a final hire.
One may argue that only the bids from firms that end up hiring
on the platform should be considered, since other firms may not
be putting as much effort into their search and bid decisions. To
address this concern, in Online Appendix Table A.7, I rerun the
same regressions as in Table IV but only keep the bids for jobs
with a final hire. That corresponds to 43% of the total number of
bids. The results are qualitatively the same as in Table IV . 

Another hypothesis is that there may be two types of firms:
the ones that default to the candidate’s ask and the ones that
price the job rather than the candidate. To test this idea, in
Online Appendix Table A.8, I rerun the regressions from Table IV
on the subset of bids that are different from the ask, which rep-
resents 25% of the data. Although the results on that subsample
 4

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data
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are qualitatively similar to Table IV , the magnitudes vary in the
direction predicted by the hypothesis. Indeed, the raw bid gap
on that subsample is 3.9%, the adjusted gap is 1.6%, and adding
the log ask salary narrows it further to 0.3%. In other words, for
companies that do not default to the ask, the candidate’s résumé
explains more of the raw bid gap (59% versus 33% on the full sam-
ple) but the gap remains large and significant, and adding the ask
salary still narrows the bid gap to zero. 

In addition to the (mandatory) bid, firms have the option
to offer equity to the candidate. Forty-four percent of the in-
terview requests also contain an equity offer. As evidenced in
Online Appendix Table A.5, including equity as a control to the
estimation of the bid gap does not alter any of the coefficients; in
particular, it does not affect the coefficient on gender. 16 

V.E. Gender Differences at the Extensive Margin 

1. Selection into the Interview Pool. The first five columns of
Table VI explore whether there are gender differences in the num-
ber of bids received during a spell. 17 In column (1), I regress the
number of bids received on a female dummy. Since the number
of bids is count data, I also report the average marginal effect in
a Poisson regression on the female dummy at the bottom of each
column. The coefficient is significantly negative: women receive
about half an offer less than men. However, when adding candi-
dates’ résumé characteristics in Column (2), the coefficient on the
female dummy flips and becomes small but significantly positive:
women get on average 0.2 offers more than men. The fact that
the coefficient changed significantly from column (1) to column
(2) is mainly due to differences in the type of jobs that candidates
of different genders are looking for: software engineering jobs,
where there is a much higher concentration of men than women,
are also the jobs that make a larger number of bids on average.
16. In Online Appendix E, I investigate racial differences in the ask, bid, and 
final salaries. Because race is self-reported and only a minority (27.6%) of candi- 
dates decide to declare it, I caution against drawing definitive conclusions. 

17. Observations here are at the spell level rather than the candidate level. 
That is, if a candidate used the platform several times over the sample period, 
each spell is accounted for separately. Given that the data only covers a few years, 
the vast majority of candidates who have repeated spells have them within the 
same year. The candidate controls are the same as in the ask salary estimations 
( Table II , column (5)), except that I add a control for the length of the spell, which 

varies between two and six weeks. 

on Library user on 29 M
arch 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data
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Using a methodology developed in Roussille and Scuderi (2023) to
rank firms, I show in Online Appendix G that once we condition
on observables, women and men receive bids from firms of the
same rank ( ≈ quality). One could think that women are getting
more bids because they are asking for less. However, Table VI ,
column (3) shows that adding the ask salary to the controls does
not affect the coefficient on the female dummy much and, if
anything, the coefficient is larger with the ask salary control. In
fact, the ask salary has a small yet positive association with the
number of interview requests received. This result may seem a
priori surprising: for a given résumé, candidates who ask for more
are, on average, facing higher demand. Section VII.B provides a
rationale for this result. It’s also worth noting that the coefficient
on the square of the ask salary is negative (column (4)). In other
words, candidates cannot ask for infinitely more and face ever-
growing demand: there is an inflection point after which a higher
ask decreases the number of bids they receive. Finally, column
(5) adds an interaction between the female dummy and the ask
salary. The point estimate is insignificant and indistinguishable
from zero. At the extensive margin, it is not the case that women
are penalized or rewarded more than men for asking for more. 

2. Selection into the Final Offer Pool. I now turn to testing
whether, after an interview, firms are more or less likely to give
the job to a comparable man or woman. In the last three columns
of Table VI , the dependent variable is a dummy equal to one if
a candidate was offered the job for which they interviewed. The
gender gap in the probability of getting a final offer after inter-
viewing is insignificant (column (6)), and neither adding the ask
salary (column (7)) nor including job FE (column (8)) affects this
result. In a nutshell, conditional on interviewing, women are just
as likely as men to get the job. 

V.F. From Descriptive to Causal Evidence 

Introducing the ask salary as a control in Table IV , column
(4) brings the coefficient on the female dummy to zero. Is this
result unique to the female dummy or does introducing the ask
salary affect other coefficients? To answer this question, Table III
reports the coefficients on some of the other controls in the gen-
der bid and final gap regressions. Specifically, column (2) reports
the coefficients on education, experience, and employment before
 4

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data
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dding the ask salary to explain the bid gap, and column (3) re- 
orts them after adding it. Columns (4) and (5) do the same exer- 
ise for the final-offer gap. This table shows that the coefficient on 

he female dummy is not the only one that shrinks to zero when 

dding the ask salary as a control. The coefficient on the employed 

ummy falls from 0.043 to 0.003 for the bid and from 0.031 to 

.007 for the final salary, and the magnitude of the coefficients’ 
ecrease is similar for education. The coefficients on dummies for 
ears of experience also decrease, although some remain positive. 
or instance, the coefficient on 15+ years of experience drops from 

.291 to 0.031 for the bid. 
This exercise highlights the limit to a causal interpretation 

f the ask salary on the bid salary in the cross-sectional anal- 
sis of Table IV : we would not infer from the results described 

bove that less educated or less experienced candidates are get- 
ing lower bids as a result of their lower asks. Instead, we would 

rgue that they are able to command less in the labor market be- 
ause of their lower education or skill, hence they ask for less. 
ince the bid and final salaries are highly correlated with the 

sk, part of the effect of controlling for the ask on résumé char- 
cteristics such as education or experience is mechanical. With a 

imilar reasoning, the effect of controlling for the ask on the fe- 
ale dummy could be partially mechanical or result from firms’ 

ead of the résumé characteristics that I cannot fully account for 
ith my résumé controls. 

To make progress on the causal effect of the ask on the bid, 
 turn to analyzing a change on the platform that affected how 

ome candidates were prompted to report their ask. Specifically, 
efore the reform, the ask salary was an empty field. After 
he reform, the field was prefilled with the median of the bid 

alary in the candidate’s labor market cell (defined as the same 

xperience, location, and job title). I leverage this reform for two 

istinct purposes. First, on the supply side, the reform allows me 

o investigate whether saliently providing candidates with the 

edian salary in their labor market cell affects their ask. I find 

hat the reform closes the ask gap, mainly through an increase in 

omen’s ask. 18 Second, from the demand-side perspective, given 

hat the reform was not announced to the firms, it provides for 
18. This demonstrates that a simple design change can have large effects and 
llows me to rule out a number of ex ante plausible explanations for the ask gap, 
uch as signaling different underlying preferences for nonwage amenities. 
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an exogenous shift in the ask salary of some of the candidates.
Therefore, how this shift affects the bid and final offers made by
firms provides for a direct test isolating the impact of the ask on
the bid and final salary offers. 

VI. CLOSING THE GENDER GAP 

VI.A. Description of the Reform 

To create their profiles, candidates have to answer the ques-
tion: “What base salary are you looking for in your next role?” This
is what I refer to as the ask salary. From the first year of data to
mid-2018, the answer box for this question was an empty text en-
try. Starting in mid-2018, the answer box was prefilled with the
median bid salary on the platform over the past 12 months. The
median that is shown to the candidate is specific to her combi-
nation of desired location, job title, and experience in that job.
The change is illustrated in Online Appendix Figure B.5 with a
screenshot of the ask salary elicitation web page before and after
the reform. This change was motivated by the belief at Hired.com
that the platform should provide candidates with a more trans-
parent experience. Even before the reform, candidates could see
a histogram of the salaries on the platform. However, the infor-
mation was somewhat hard to interpret from the histogram since
no scale was indicated on the y -axis, neither the median nor the
mean were provided, and more substantially, the histogram bins
were wide ($10,000) and did not provide very detailed informa-
tion on salary choices. The change affected candidates who were
either creating or updating a profile. The histogram and median
salary were displayed only if Hired.com had enough data to make
the calculations for the candidate’s combination of desired loca-
tion, job title, and experience in that job. Unfortunately, the plat-
form did not track the threshold for computing the histogram and
median, so I cannot construct a control group for whom the infor-
mation wasn’t shown. Because San Francisco software engineer
roles are the largest group (25% of the data has this single com-
bination of occupation and location), I received confirmation that
this population was fully treated. Therefore, the analysis focuses
on San Francisco software engineer roles, comparing candidates
who created or updated a profile before the reform with those who
did so after it. This sample contains more than 40,000 candidates
and 200,000 bids. 
4
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It is worth highlighting that the reform was not anticipated 

y the candidates or the firms. Indeed, the company did not ad- 
ertise the feature change externally, and new candidates were 

ot drawn to the platform by it. In addition, the feature change 

nly affected the candidates’ experience on the platform; the firms 
ere not informed of this change at the time it was implemented. 
ence, from the perspective of the demand-side effects, we can 

nterpret the reform as causing an exogenous shift in the ask of 
andidates. 

I.B. The Impact of the Reform on the Ask Salary 

1. Empirical Strategy. I compare individuals who created a 

rofile before the change and after the change. I first explore the 

ffect of the reform on the ask salary of men and women, as well 
s on the ask gap. I follow the literature on interrupted time se- 
ies designs by estimating: 

Log(Aski ) = α + β0 A f tert + β1 F emalei + β2 F emalei × A f tert 

+ β3 Xi + γt + εi , 8) 

here t = t ( i ) is the month in which candidate i created her pro-
le, Aftert is a dummy equal to one after the reform, Femalei is 
qual to one if the candidate is female, and Xi includes the candi- 
ate profile controls. γ t includes a month FE (1 to 12) to capture 

easonal effects and a linear time trend ( t ) to capture the growth 

f the platform over time. Log ( Aski ) is measured at the beginning 

f the spell. β0 estimates the effect of the reform on the male ask 

alary, and β0 + β2 estimates the effect of the reform on the female 

sk salary. β1 estimates the ask gap before the reform, while β1 + 

2 estimates the ask gap post-reform. 
This interrupted time series analysis may be misleading if 

he selection into the platform changed as a result of the reform in 

 way that would have led the ask gap after the reform to differ ir-
espective of the reform. To address this concern, I fit equation (2) 
n the pre-period to predict the ask salary of every candidate, con- 
rolling for all their résumé characteristics. 19 I run this predicted 

sk against an interacted model of female and after dummies. 
esults are presented in Online Appendix Table A.9: the coeffi- 

ient on the interaction between female and after is exactly zero. 
19. Except that instead of month × year FE, there are just month FE (1–12) 
nd a monthly linear time trend. 

M
arch 2024
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(A) (B)

(C)

FIGURE IV 

Effect of the Reform on the Gender Ask, Bid, and Final Gaps 

These figures plot the time series of annual mean salary for men and women, 
net of all résumé characteristics. Each panel is constructed regressing the outcome 
variable (either log ask salary for Panel A, log bid salary for Panel B, or log final 
salary for Panel C) within every month on a Female indicator and the résumé
controls, requiring that the vertical distance between the two lines equals the 
regression coefficient on the Female indicator and that the weighted average of 
the lines equals the sample average in that month. The ask salary regressions are 
bid-weighted (each observation is weighted by the number of bids received). 
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In other words, the predicted ask gap is stable across periods.
Online Appendix Table A.10 also provides summary statistics on
candidates’ résumé characteristics before and after the change, il-
lustrating the absence of differential selection of men and women
onto the platform after the reform. 

2. Graphical Evidence. Figure IV , Panel A plots the time se-
ries of the mean ask salary for male and female separately, net of
a rich set of controls, as in Chetty et al. (2011) and Yagan (2015) .
 4
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ithin each month, I first regress the outcome variables on the 

andidates’ résumé characteristics. 
I construct the two series (male and female) by setting each 

onth’s difference between the two lines equal to that month’s 
egression coefficient on the female indicator and setting the 

eighted average of that month’s data points equal to the month’s 
ample average. The figure shows that the female time series 
racked the male time series of ask salaries closely in the sev- 
ral months before the feature change, suggesting that the two 

ime series would have continued to evolve in parallel but at sig- 
ificantly different levels in the absence of the feature change. We 

bserve a clear jump in female ask salaries to the level of men’s 
alaries. The narrowing of the gap between the two lines persists 
everal months after the change. 

3. Regression Results. Table VII , columns (1) and (2) formal- 
ze the visual evidence in Figure IV , Panel A by reporting the esti- 

ates of equation (8) . Column (1) shows that in the pre-reform pe- 
iod, the ask gap was 2.9% (the coefficient on the female dummy). 
n the post-period, the ask gap, measured as the sum of the coef- 
cient on the female dummy and on the interaction between fe- 
ale and after, goes to zero. The reform also closes the gap when 

e consider the bid-weighted version in column (2). 
This evolution in the ask gap is led by women asking for 

ore, rather than by men asking for less. In particular, the re- 
orm led women to ask for 3.2% more while men continued asking 

or roughly the same as they would have otherwise. This is also 

raphically illustrated in Figure V , Panels A and B, which show 

he raw ask salary of candidates, separately by gender, pre-reform 

in Panel A) and post-reform (in Panel B). It appears clearly in 

hese graphs that the cumulative distribution function of the ask 

alaries of women is much closer to that of men in the post- than 

n the pre-reform period. Any remaining difference between the 

wo can be explained by gender differences in observables, that is, 
omen have on average about two years less of experience com- 
ared with men. This is consistent with the gender imbalance on 

he platform (more than 80% of candidates are male), and there- 
ore the median that all candidates saw is one of a male candidate. 

4. The Absence of Bunching. Finally, I explore whether 
andidates bunched at the default median that was suggested to 

hem. Figure V , Panels C and D plot the cumulative distribution 
4
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(A) (B)

(C) (D)

FIGURE V 

Cumulative Distribution Function of Candidates’ Ask Salaries before and after 
the Reform 

Panels A and B show the raw distribution of the ask salary separately for male 
(in solid blue) and female candidates (in dashed red), respectively pre- and post- 
reform. Panels C and D plot the cumulative density of ask salaries, separately, 
for male and female, respectively, before (solid green line) and after (dashed black 
line) the reform, for candidates in the 4–6 years of experience group. Given that 
salary suggestions are made at the experience level, all candidates with a given 

experience have seen the same suggestion. The exact median that was shown was 
not recorded, but the gray line approximates it using the past 12 months of bids 
for the corresponding experience. The before period is limited to 12 months for 
better comparability of ask salaries. 
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unction of ask salaries for the four to six years experience group 

or men (Panel C) and women (Panel D), separately before the 

eform (solid lines) and after (dashed lines). 20 All candidates in 

hese panels saw the same median, which is illustrated by the 

hort-dashed gray line. The first observation is that the distribu- 
ion for men looks very similar pre- and post-reform. Conversely, 
or women, the cumulative distribution function shifts to the 
20. I selected the four to six years experience group as an example, but similar 
atterns can be observed for other groups, with a larger shift for higher experience 
roups. 
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right. The second observation is that the figure does not present
clear evidence of bunching at a specific salary, suggesting that
candidates did not massively resort to the default setting of
the median salary after the reform. Section VII.A explores the
potential mechanisms behind these outcomes. 

VI.C. The Impact of the Reform on the Bid Salary 

1. Empirical Strategy. I investigate the effect of the reform
on the bid salaries sent by firms in equation (9) : 

Log(Bidib ) = α + β0 A f tert + β1 F emalei + β2 F emalei × A f tert 

+ β3 Xib + γt + εib . (9) 

The controls here are the same as in equation (8) , except Xib
can now contain Log ( Askib ), the ask salary of candidate i when
he or she received her b th interview request. The dependent vari-
able is the log of the bid salary sent to candidate i for her b th
interview request. Similar to equation (8) , β0 will document the
effect of the reform on bids received by male candidates, and β0 +
β2 will document the effect of the reform on bids received by fe-
male candidates. β1 estimates the bid gap before the reform while
β1 + β2 estimates the bid gap after the reform. A similar analysis
is then run on the final offers. 

2. Results. Table VII , columns (3) to (5) formalize the vi-
sual evidence on the effect of the reform on the gender bid gap in
Figure IV , Panel C by reporting the estimates of equations (8) and
(9) . Column (3) reports a 2.5% bid gap before the reform. This gap
goes to −0.3% after the reform. This result is driven by the fact
that women are offered 2.6% more and men are offered about the
same as they would have been offered absent the reform. Control-
ling for the ask salary in column (4) narrows the pre- and post-
reform bid gaps to small point estimates. The results also hold
when we add job fixed effects in column (5): for a given job, the bid
gap was 1.8% before the reform and fell to −0.4% after the reform.
Finally, while underpowered, the analysis on the final salary also
suggests that the reform closed the final offer gap (column (6)). 

3. Heterogeneous Effects of the Reform. Figure VI plots the
effect of the reform on the ask (blue squares) and bid (red
dots) gaps as a function of the pre-reform gaps, separately by
 4
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FIGURE VI 

The Effect of the Reform on the Bid and Ask Gap as a Function of the Pre-reform 

Gaps 

This figure plots the effect of the reform on the bid and ask gaps as a function 

of the pre-reform gap, separately for three terciles of experience groups. The x - 
axis is the coefficient on the female dummy in equation (8) for the ask—except 
the observations are weighted by the number of bids received—and equation (9) 
for the bid. The y -axis is the coefficient on the female × after dummy in the same 
equations, respectively. Regressions are run separately for each experience group. 
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xperience groups. In line with the results in Section IV , the pre- 
eform gender gaps (on the x -axis) are much larger for candidates 
ith more experience. For instance, while the ask and bid gaps 
efore the reform are around 1% for candidates with 0–4 years of 
xperience, they rise close to 5% for candidates with more than 

0 years of experience in this occupation. Strikingly, the effect of 
he reform is also gradually increasing with experience such that 
hanges in women’s asks and bids essentially close the ask and 

id gap for all experience groups. The fact that the reform had 

n effect on the bid and ask gap that is proportional to the pre- 
eform gap is illustrated in Figure VI by the alignment of all the 

ots close to the 45-degree line. 
4
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FIGURE VII 

Estimates of the Effect of the Reform-Induced Change in Asks on the Bids 

This figure plots reduced-form effects of the reform-induced change in (log) ask 
salaries on (log) bid salaries ( y -axis) against first-stage effects of the reform on 

(log) ask salaries for gender-by-experience groups. Both sets of effects are esti- 
mated via regressions that control for the full vector of résumé characteristics. As 
originally described in Holzer, Katz, and Krueger (1991) and recently in Angrist, 
Autor, and Pallais (2022) , the slope of the line of best fit in this visual IV plot is an 

IV estimate of the effect of increasing candidates’ asks on the bids they receive, 
where a dummy for the reform and its interactions with gender-by-experience bins 
are used as instruments for candidates’ asks. The regression line is constrained 
to go through zero and estimated weighting by bid-level experience group-sizes. 
Whiskers mark 95% confidence intervals. 
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4. The Effect of the Reform-Induced Change in Ask on
the Bids. Figure VII plots reduced-form effects of the reform-
induced change in (log) ask salaries on (log) bid salaries ( y -axis)
against first-stage effects of the reform on (log) ask salaries for
gender-by-experience groups. Both sets of effects are estimated
via regressions that control for the full vector of résumé char-
acteristics. As originally described in Holzer, Katz, and Krueger
(1991) and recently in Angrist, Autor, and Pallais (2022) , the
slope of the line of best fit in this visual IV plot is an IV estimate
of the effect of increasing candidates’ asks on the bids they
receive, where a dummy for the reform and its interactions with
 4
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ender-by-experience bins are used as instruments for candi- 
ates’ asks. Strikingly, the slope of the fitted line (0.91) is very 

lose to the OLS coefficient (0.85) on the ask salary when regress- 
ng the bid salary on the ask salary, controlling for résumé charac- 
eristics (see Table IV , column (4)). This suggests that there was 
ndeed little room for omitted variable bias in the OLS regression, 
s argued in Section V.B . In terms of generalizability of this IV 

lope, it’s important to keep in mind two contextual elements. 
irst, women’s asks were only shifted by a few percentage points 
nd didn’t surpass those of men on average. Firms’ responses 
ay have been different if the ask changes had been of a larger 
agnitude. Second, the reform applied to all candidates at the 

ame time and firms’ response to this platform-level change may 

iffer from their response to a single candidate’s ask change. 21 

5. Other Variables. The median salary shown to candidates 
ccounts for the candidate’s experience but not for their other ré- 
umé characteristics (e.g., their education). Therefore, candidates 
ith different education levels but the same experience see the 

ame suggestion. As a consequence, the reform could have af- 
ected the role of other controls in the determination of the ask 

alary. Online Appendix Table A.11 reports the results of a re- 
ression of the log ask salary on all the résumé characteristics 
ontrols, separately for the pre-reform period (column (1)) and 

he post-reform period (column (2)). It is worth noting that the 

oefficients of the variables used by Hired.com to determine the 

edian suggested to the job seeker (e.g., experience) increase in 

he post-reform period. For instance, the coefficient on 2–4 years 
f experience goes from 0.091 to 0.111, and the coefficient on 10–
5 years of experience goes from 0.308 to 0.396. In contrast, the 

oefficients on the other controls, which are not used to compute 

he median, decrease in magnitude. For instance, the coefficient 
n Bachelor goes from 0.060 to 0.038; a decrease of similar mag- 
itude is observed for the coefficient on Master . These changes 
re in line with the fact that candidates from different education 
21. Another context in which the change in ask is arguably exogenous to 
rms is when candidates decide to update their ask during a spell. This is a 
ase where a candidate unilaterally decides to change their ask, rather than a 
latform-level change. The effect on bids of such individual updating is analyzed 
n Online Appendix F. 

ser on 29 M
arch 2024
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levels or schools were exposed to the same median and therefore
converged in their ask. 

6. Extensive Margin. I have just shown that asking for more
led to higher bids. However, it could be that this positive outcome
comes at the expense of other dimensions in the recruitment pro-
cess. For instance, women could get fewer interview offers as a
result of the feature change. 22 I explore several measures of the
effect of the reform on the number of bids received by a candi-
date during a spell k , the time it takes to receive the first bid
during a spell k , the likelihood of getting a final offer, and the
rank of the firms that bid and make offers to the candidate (see
Online Appendix G for more details on how these ranks are com-
puted). 23 Table VIII presents the results of this analysis. First,
column (1) runs the number of bids received by candidates on the
female dummy, the after dummy, and their interaction, as well as
the same controls as in column (1). The coefficient on the inter-
acted term female × after is 0.19 (95% confidence interval −0.17
to 0.55, mean = 4.8). Column (2) estimates the number of hours it
takes for a candidate to get a first bid. Again, the point estimate
for the coefficient female × after is very small (95% confidence in-
terval −8 to 9, mean = 62). Column (3) estimates the likelihood
of getting an offer on the platform and, while admittedly impre-
cise as there are few final offers made, the point estimate for the
coefficient on female × after is close to zero and insignificant (con-
fidence interval −0.011 to 0.024, mean = 0.09). In columns (4) and
(5), I show that the reform has not significantly altered the rank of
firms that contact women (confidence interval −0.3 to 0.9, mean
= 62.5) or make a final offer to them (confidence interval −1.8
to 1.8, mean = 62.9). Taken together, these results suggest that
women face little or no penalty for demanding wages comparable
to men’s. 
22. Note that the total number of bids received at any given time depends on 

factors such as the growth of the platform and the demand for software engineers 
at that time. Therefore, the interrupted time series design is not well suited to 
assess the general equilibrium effect of the reform on the total number of bids 
sent on the platform. However, I can still credibly observe whether the reform had 
a differential effect on several extensive-margin variables. 

23. The specification is the same as in equation (8) except the left side be- 
comes Nbbidsik 

and Hoursik , as defined in Section V.E , and I add the length of the 
candidate’s spell (two to six weeks) to the controls. 

n Library user on 29 M
arch 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae004#supplementary-data
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VII. DISCUSSION 

The new ask elicitation framing led women to ask for more
and firms to correspondingly bid more on them. Women also do
not seem to be penalized, compared with men, at the extensive
margin. Two questions arise from these results. On the candi-
date side, what mechanism could rationalize the fact that the new
framing led women to ask for more? On the company side, why is
it that firms are not decreasing their demand for female labor,
compared to men? 

VII.A. Why Do Women Ask for More in Response to the Default 
Median? 

Several reasons can be raised to explain why women were
asking for less in the first place. The fact that the treatment closes
the gender ask gap allows me to corroborate some of these rea-
sons and eliminate others. Let us start with the possible expla-
nations for the lower initial female ask salary that do not square
with the reform effects. First, women could initially have been
playing a different strategy than men. For instance, they could
have been trying to signal different unobservables, such as the
need for more flexible hours. Alternatively, they could have been
asking for less so as to increase their chances of getting a job. 24

Finally, women could be less confident than men about their un-
observed ability; therefore believing, for a given résumé, that they
are worth less than their male counterparts. But if women were
knowingly playing a different ask salary strategy, then gender
differences in ask salaries should have remained different even
after the treatment. Further, the fact that men and women do not
meaningfully differ in their preferences over firm characteristics
(see Online Appendix Table A) also casts doubt on a story where
gender gaps in tastes for nonwage amenities drive differences in
ask salaries. 

An alternative explanation for why women initially ask for
less would be that they have downward-biased beliefs about how
much they can ask for, compared to men. This downward bias may
have had two sources: (i) downward-biased beliefs about the mar-
ket wage for their résumé, and (ii) anticipated gender discrim-
ination, which would lead to lower asks to mitigate it. While I
24. This would be in line with experimental evidence that women are more 
risk averse (see Croson and Gneezy 2009 ). 
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o not have definitive evidence to adjudicate between the reform 

aving a (i) pure information channel versus (ii) a norm-based 

xplanation, one critical piece of evidence points toward the for- 
er rather than the latter. Indeed, the absence of bunching at 

he suggested ask, as illustrated in Figure V and discussed in the 

revious section, makes the norm-setting power of Hired.com an 

nlikely explanation. If we thought women used the suggested 

sk as a signal for an “appropriate” ask, we would have expected 

unching at that number, but they do not. To understand how 

he treatment could generate this outcome, consider this simple 

euristic: candidates form beliefs about their percentile in the 

uality distribution, then make assumptions and/or obtain infor- 
ation about the salaries in their field, and finally choose an ask 

n this distribution that corresponds to their quality percentile. 
he treatment effect would then be consistent with downward- 
iased beliefs about the median salary which the treatment cor- 
ected. Salary information, however, does not shift beliefs about 
he position in the quality distribution, hence does not shift the 

ariance in women’s asks. 25 

Finally, if, as documented in the networks literature 

McPherson, Smith-Lovin, and Cook 2001 ), there is gender ho- 
ophily in information networks and such group-specific ho- 
ophily leads to frictions in the updating of beliefs (Golub and 

ackson 2012 ), we can explain two dimensions of heterogeneity 

n initial gender ask gaps. First, the fact that the gender ask 

ap is larger in labor markets (location × job) where the share 

f women is smaller (as documented in Online Appendix Table 

.12). Second, the fact that the gender ask gap is larger for more 

xperienced women: the attrition in the share of women in man- 
ger positions will also restrict the pool from which experienced 

omen get their information compared with men. 
The fact that information asymmetries, rather than psycho- 

ogical traits, explain the initial ask gap is consistent with re- 
ent evidence from the behavioral literature. For instance, Dreber, 
eikensten, and Säve-Söderbergh (2022) run a survey on a rep- 

esentative sample of recent graduates in Sweden to shed light 

n the mechanism behind women’s lower ask. The article finds 

25. Consistent with this interpretation, but in a different context, Coffman 

2014) shows that a woman’s reluctance to contribute her idea to a group, espe- 
ially in gender-incongruent areas, is largely driven by self-assessments, rather 
han fear of discrimination. 
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suggestive evidence that beliefs about the wage an ideal candi-
date would ask for, but not perceived social cost or confidence, can
explain most of the 2.5% gender gap in salary requests. 

VII.B. The Ask Salary as a Signal of Quality 

A second question that the reform effects raise is the follow-
ing: why are firms not decreasing their demand for female labor,
compared with men, in response to the increase in women’s ask
after the reform? This section provides a framework to better un-
derstand this ex ante surprising result. 

I first investigate, descriptively, the relationship between the
number of bids received and the residual ask for all candidates.
Online Appendix Figure B.6 documents a bell-shaped relation-
ship: for residual log ask salaries between −0.7 and 0.15, the
number of bids received increases with the ask. Beyond 0.15, the
relationship becomes negative, that is, asking for more is associ-
ated with a lower number of bids received. The existence of an
upward-sloping range can be rationalized by the following idea:
firms interpret the ask salary as a signal of unobserved quality. 26 

When deciding whether to send an interview request to a can-
didate, the firm considers the trade-off between the final salary
it will have to pay the candidate and the expected return to the
match. For a given set of résumé characteristics, the expected re-
turn to the match is increasing in the quality of the candidate.
While the firm cannot directly observe this quality before inter-
viewing the candidate, the ask sends a positive signal about it. 

The ask salary therefore plays an ambiguous role in the
firm’s decision to interview the candidate. On the one hand, firms
predict that a higher ask leads to a higher final offer. On the other
hand, a higher ask is a signal of unobserved quality and therefore
a higher return to the match. The relative size of these effects de-
termines the sign of the relationship between the ask and the
probability of getting an interview request from any given firm. 
26. Using the methodology developed in Roussille and Scuderi (2023) to cal- 
culate firms’ productivity, Online Appendix Figure G.1 plots the relationship be- 
tween the average (normalized) productivity of firms and the residualized log ask 
salary of candidates. There is a clear, increasing relationship between the resid- 
ual ask salary candidates list and the mean productivity of firms that bid on those 
candidates: candidates with higher residual asks tend to receive bids from more 
productive firms. This provides additional support for the idea that firms interpret 
the ask salary as a signal of unobserved quality. 

ibrary user on 29 M
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The idea of price as a signal of quality, while understudied in 

he context of wage bargaining, has been theorized for consumer 
roducts in the fields of industrial organization and game the- 
ry. Seminal papers in this literature (Wolinsky 1983 ; Milgrom 

nd Roberts 1986 ) study conditions under which product price or 
ome combination of price and another quality signal, such as ad- 
ertising, can effectively signal product quality when consumers 
re not fully informed. 

In Online Appendix H, adapting Wolinsky’s (1983) model to 

he labor market, I propose a framework to explain how, in a 

ontext of imperfect information about a candidate, a separating 

quilibrium in which the candidate’s ask salary is a signal of their 
uality can exist. The intuition for the equilibrium in this model 
an be summarized as follows. For a given ask salary, firms ex- 
ect a certain unobserved quality of the candidate. A candidate 

hat asks for a given salary may be of lower quality, but informa- 
ion revealed during the interview will enable some prospective 

rms to find this out and, provided there are competing candi- 
ates, they will not hire this one. Therefore, in deciding whether 
o ask for a higher salary than what the firm expects given their 
uality, the candidate weighs the decrease in their chances of be- 
ng hired against the gain in salary in the event they get an offer. 
f the chances of detection are large enough to outweigh the po- 
ential salary gains, it is best for the candidate to signal their true 

uality. 
Firms differ in the candidates’ quality-ask combination that 

aximizes their expected profit. I model this as firms having a 

ifferent match-productivity parameter: the match with a high- 
uality candidate has a higher return to the firm if the job in- 
olves complex tasks. In equilibrium, candidates receive inter- 
iew requests from their ideal firm type, that is, the type that is 
illing to pay them the most for their quality. Therefore, whether 
 higher candidate’s ask is associated with more or less interview 

equests entirely depends on the empirical distribution of firm 

ypes on the platform. As explained in the model Online Appendix
.5, we can approximate a given firm type by estimating the 

ange of residual asks in which it interviews. Online Appendix
igure H.2 shows this relationship is also bell-shaped, providing 

urther theoretical foundations to my empirical findings. 
In this model, women have downward-biased beliefs about 

he salary they can ask for that stem from inaccurate information 

bout the equilibrium but firms do not learn about these biases 
4
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because interviews go equally well for men and women. This fea-
ture comes from the signal design: it can only provide firms with
a “red flag,” that is whether the candidate is below their expected
quality. But in equilibrium, neither men nor women end up rais-
ing this flag because candidates of any gender either are of the
quality they signal (men) or above (women). 

We can now return to our initial question: why is it that
firms are not decreasing their demand for female labor, compared
with men, in response to the increase in women’s ask after the
reform? The model now provides an answer to this: if firms in-
terpret women’s higher ask as a signal of better quality, their de-
mand for women does not necessarily decrease. Their demand for
women may even increase if the women whose ask was shifted
up by the reform are in the increasing region of Online Appendix
Figure B.6. Table VIII , columns (6) to (8) investigate this hypoth-
esis. First, column (6) adds the ask salary and ask salary squared
to column (1). This addition pushes the coefficient on the inter-
action between the female and after dummy from 0.190 to 0.037.
Therefore, the small estimated increase in the number of bids re-
ceived by women post-reform is entirely explained by their in-
creased ask salary. The dependent variable in column (7) is the
predicted number of bids received using the specification in col-
umn (1) on the pre-period. The coefficient on the interaction be-
tween the female and after dummies is 0.034 and insignificant.
This confirms that aside from their ask salary, women pre- and
post-reform do not differ in their likelihood of getting a bid based
on their résumé. Finally, the dependent variable in column (8)
is the predicted number of bids received using the specification
in column (6) in the pre-period. The coefficient on the interac-
tion is now 0.178 (positive but insignificant). The fact that this
coefficient is between that of column (1) and that of column (6)
is consistent with the statistical relationship between the num-
ber of bids received and the ask salary being structural. Further-
more, this positive coefficient indicates that the women whose
ask was shifted up by the reform are in the increasing region of
Online Appendix Figure B.6, which explains why they do not face
a penalty for asking for more. 

VIII. CONCLUSION 

This article introduces the gender ask gap to the gender
pay gap literature. Using novel data from a leading recruitment
 4
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latform, I document a 2.9% adjusted gender ask gap for a large 

ample of high-wage workers in the tech industry. This gap is sta- 
istically significant and economically meaningful: it represents, 
n average, $3,830 in annual salary. The 3.3% raw bid gap can 

ntirely be explained by the ask gap: solely controlling for the 

sk salary, the bid gap falls to 0.2%. Conversely, controlling for 
he candidates’ résumé characteristics only narrows the bid gap 

y 33%. These results qualitatively carry through to the 7,582 

nal salary offers for the subsample of hired candidates. On this 
latform, women are not discriminated against at the extensive 

argin. In particular, conditional on their résumé characteris- 
ics, women in fact receive slightly more bids than men, and, 
onditional on interviewing, women are just as likely as men to 

et a final offer. Finally, I show that a reform wherein candidates 
aw their ask salary field prefilled with the median value of bids 
or similar candidates changed the adjusted ask gap from 2.9% to 

0.6%, and similarly changed the adjusted bid gap from 2.5% to 

0.3%. Yet the number of bids received by women, compared to 

en, or their likelihood of getting a final offer was not affected. 
his suggests that there is little penalty to asking for more. These 

esults were obtained in the context of well-documented labor 
upply shortages and high levels of competition between employ- 
rs for qualified workers. 27 Given recent lab-based evidence that 
autions against “lean in” recommendations (Exley, Niederle, 
nd Vesterlund 2020 ), a better understanding of the contexts 
nd conditions under which asking for more benefits rather than 

arms women is an important avenue for future research. 

ASSACHUSETTS INSTITUTE OF TECHNOLOGY, UNITED STATES 

SUPPLEMENTARY MATERIAL 

An Online Appendix for this article can be found at 
he Quarterly Journal of Economics online. 

DATA AVAILABILITY 

The code underlying this article is available in the Harvard 

ataverse, https://doi.org/10.7910/DVN/HTATUN (Roussille 

024 ). 
27. The unemployment rate of U.S. tech workers had hit a record low in the 
tudy period (Warner 2019 ). 
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