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Abstract

We study how candidates’ negotiation behavior affects employer demand using a two-
sided field experiment in which 493 professional recruiters evaluated more than 7,000 job
applications and counteroffers and advised on final compensation packages. We develop
a framework in which negotiation intensity updates employer beliefs about candidates’
outside options and productivity, which map differently into wages and discretionary
career decisions. Consistent with this framework, we find that counteroffers above the
target salary range lead recruiters to revise upward both outside-option and productiv-
ity assessments. Despite similar wage gains for men and women, we document large
gender differences in discretionary outcomes. Women who negotiate above the target
range experience a 6.8 percentage point decline in senior-role recommendations and a
2.7 percentage point larger increase in rejection. These differences reflect differential pro-
ductivity updating, with recruiters revising upward productivity-related assessments for
men but not for women. Pay transparency attenuates gender differences in the returns
to negotiation for senior-role recommendations.
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Introduction

Individual-level bargaining is widespread in labor markets, even in settings with formal pay
structures (Hall and Krueger, 2012; Lachowska et al., 2022; Caldwell, Haegele and Heining,
2023). Standard search and bargaining models emphasize that wages reflect workers’ outside
options (Manning, 2011; Caldwell and Danieli, 2024; Jéger et al., 2024). In practice, however,
these determinants are not directly observed by employers. During hiring, negotiation behavior
can therefore become a signal that employers use to infer whether a candidate has strong
outside options, high productivity, or both. These inferences can shape multiple margins of
employer demand—including wages, non-wage amenities, career placement, and rejection—
with consequences for job quality and inequality (Rosen, 1974; Lamadon, Mogstad and Setzler,
2022). Yet there is limited direct evidence on how employers interpret negotiation behavior
and translate those inferences into compensation and placement decisions across these margins.

Bargaining is also a key source of between-group inequality in the labor market. Differences
in pay-setting practices contribute to the gender wage gap (Card, Cardoso and Kline, 2016;
Biasi and Sarsons, 2022; Palladino et al., 2025), and a large body of evidence documents gender
differences in negotiation behavior and outcomes, often reflecting women’s lower willingness
to negotiate (Niederle and Vesterlund, 2007; Babcock et al., 2013; Leibbrandt and List, 2015;
Save-Soderbergh, 2019; Biasi and Sarsons, 2022; Roussille, 2020; Cullen, Pakzad-Hurson and
Perez-Truglia, 2025). However, it remains unclear whether they arise from differences in
worker behavior (Bowles, Babcock and Lai, 2007; Amanatullah and Morris, 2010; Roussille,
2020; Exley, Niederle and Vesterlund, 2020) or from differences in how identical behavior is
evaluated and rewarded by employers. Because these interpretations rely on inference from
incomplete information, they may vary systematically across workers, and identical negotiation
behavior can yield different outcomes across groups.

Understanding these questions requires direct evidence on employer belief formation during
negotiation, which remains scarce (Cullen, 2024). This paper studies how employers interpret
and respond to negotiation behavior beyond the screening stage, focusing on both wages and
non-wage job attributes. We examine whether identical negotiation behavior yields similar
returns across workers and, if not, through which mechanisms disparities emerge. We also eval-

uate whether institutional constraints such as pay transparency reduce disparities by limiting



employer discretion.

We first propose a partial equilibrium framework in which firms choose wages and senior-
track placement after observing candidates’ negotiation intensity. Negotiation updates em-
ployer beliefs about outside options and productivity, and these beliefs map differently into
different decision margins. Higher perceived outside options increase the value of raising wages
to preserve acceptance, while higher perceived productivity increases the returns to both wages
and senior placement. Senior-track recommendations are particularly valuable when produc-
tivity is complementary to senior roles, but their response to outside options is ambiguous.
Senior placement can help attract the candidate but yield productivity gains only if the can-
didate accepts. As a result, the same negotiation signal can affect wages and senior-track
recommendations differently. When productivity complementarity is strong and wage-setting
is relatively rigid, senior-track recommendations can be more responsive to productivity as-
sessments than wages are, while wages can respond more strongly to perceived outside options
than senior-track recommendations. The framework further makes clear that group differences
in outcomes depend on both differential belief updating and the sensitivity of each margin to
those beliefs.

We test these ideas in a two-sided field experiment in which we assumed the role of a
technology firm and hired 493 actual recruiters and HR professionals, who were compensated
with real wages to provide HR advisory services. These recruiters evaluated fictitious can-
didates who had already received job and salary offers, submitted counteroffers, and were
actively engaged in negotiation. We did not inform the recruiters that the applications were
fictitious. The recruiters were instructed to review the candidates and advise the firm on
the final compensation packages. This setting mirrors a real-world recruitment outsourcing
model, which has become increasingly common in the past two decades, where companies
outsource part or all of their recruiting to third-party firms. Our approach builds on Agan,
Cowgill and Gee (2021), who similarly hired recruiters to examine employer responses in the
context of salary history disclosure. Our main data come from evaluation forms completed
by each recruiter, which included final salary recommendations, assessments of candidacy,
non-wage amenities, and qualitative impressions of candidate characteristics. The form also
asked recruiters whether they would recommend each candidate for a concurrently open senior

position. After the evaluations, we conducted a follow-up survey to further investigate the



underlying mechanisms behind the recruiters’ decisions.

To examine negotiation dynamics, we introduced four key levels of randomization. First,
in each batch of 16 resumes that a recruiter evaluated, half of the candidates were assigned
a female first name, and the other half a male first name. Second, within each batch, a
proportion of randomly-selected candidates requested counteroffers above the target salary
range, while the remaining candidates requested counteroffers below the range. Third, within
each recruiter’s resume packet, the proportion of candidates presenting counteroffers above
the maximum salary was either 25 percent, 50 percent, or 75 percent. Fourth, we use a cross-
recruiter randomization to evaluate the impact of pay transparency on recruiters’ decisions.

Our first set of results shows that counteroffers above the target range are interpreted as
signals of both market value and productivity. Recruiters revise upward their estimates of
candidates’ current salaries and best outside offers, and they also increase some productivity-
related assessments, including technical skills and initiative. At the same time, they view
intensively negotiating candidates as less likely to accept the offer and more likely to be
rejected. Outcome responses are concentrated on the wage margin: recommended salaries rise
substantially, while senior-track recommendations show little average change in the overall
sample.

Our second set of results shows that these effects differ sharply by gender. Men and women
receive similar salary gains from more intense negotiation, consistent with nearly symmetric
updating of outside-option beliefs across genders. However, discretionary outcomes diverge.
When candidates negotiate above the target range, women become 2.7 percentage points more
likely to be rejected relative to men and 6.8 percentage points less likely to be recommended for
a concurrently open senior position. These differences reflect a reversal in evaluation patterns:
women are evaluated more favorably than men when making moderate counteroffers, but face
increasing penalties relative to men at higher levels of negotiation intensity.

These patterns are closely linked to differential productivity updating, consistent with
Sarsons (2019). Recruiters revise upward productivity-related assessments—technical skills,
team skills, and initiative—for men who negotiate aggressively, but not for women. The
evidence is consistent with an asymmetric mapping from beliefs to outcomes: senior-track
recommendations and rejection decisions are more sensitive to the productivity component of

employer beliefs, while wages respond primarily to perceived outside options. These patterns



imply that the returns to negotiation intensity differ by gender. Consistent with this, we
estimate that the counteroffer that maximizes candidates’ certainty equivalent is lower for
women than for men, at 14-25 percent of the initial offer for women and 19-30 percent for
men.

We next examine contextual factors that shape these gender differences in returns to intense
negotiation. We document substantial heterogeneity across recruiters: the rejection penalty
for female candidates with high counteroffers is concentrated among recruiters who exhibit
more male-favoring evaluation patterns. We also find that gender differences in senior-track
recommendations are driven by recruiters located in regions with higher implicit gender bias.
In addition, we find suggestive evidence of negotiation spillovers. Gender gaps in promotion
are more pronounced when a larger share of female candidates in the evaluation set also
negotiate aggressively.

Finally, we study how pay transparency affects employer behavior during negotiation. Pay
transparency policies have expanded rapidly in recent years, motivated in part by the goal
of reducing employer discretion and narrowing labor market disparities. We experimentally
vary whether recruiters are informed that the salary range was disclosed to candidates. We
find that transparency increases recruiters’ awareness of the costs of offering salaries above
the target range. While we find limited effects on salary levels during the negotiation stage
overall, transparency meaningfully reduces discretion in senior-track recommendations and
substantially attenuates the gender differences in the returns to negotiation for senior recom-
mendations.

Our paper contributes to the literature on models of wage-setting (Burdett and Mortensen,
1998; Postel-Vinay and Robin, 2002; Cahuc, Postel-Vinay and Robin, 2006; Alan, 2011; Hall
and Krueger, 2012; Jager et al., 2020). Recent empirical work has documented heterogeneity in
the role of wage posting versus bargaining across the wage distribution (Brenzel, Gartner and
Schnabel, 2014; Card, Cardoso and Kline, 2016; Harmon and Caldwell, 2019; Lachowska et al.,
2022; Card, 2022; Morchio and Moser, 2023; Caldwell, Haegele and Heining, 2023). However,
observational data often make it difficult to isolate the mechanisms underlying employer bar-
gaining behaviors and their consequences on the gender wage gap. Our experimental approach
overcomes this challenge by holding candidate productivity constant while varying bargaining

behavior, to examine the relative role of perceived skills, outside options, and beliefs about



preferences.

This paper also contributes to the literature on gender differences in bargaining (Babcock
et al., 2013; Hall and Krueger, 2012; Leibbrandt and List, 2015; Card, Cardoso and Kline,
2016; Roussille, 2020; Exley, Niederle and Vesterlund, 2020; Biasi and Sarsons, 2022; Cullen,
Pakzad-Hurson and Perez-Truglia, 2025) by unpacking employers’ decision-making during the
negotiation stage of hiring. Among recent studies examining negotiation in a labor market
setting, Roussille (2020) focuses on initial salary requests, while recent RCTs on negotiation
training (Chotiputsilp and Kim, 2023; Cullen, Pakzad-Hurson and Perez-Truglia, 2025) as-
sess overall candidate-firm interactions. In contrast, we isolate the phase in which recruiters
respond to counteroffers, after the screening process (interviews, test results) is complete.
Focusing on counteroffers allows us to capture a more direct measure of negotiation, as this
stage reflects active employer-candidate bargaining rather than initial signaling through salary
expectations. The back-and-forth negotiation phase provides a critical window for employ-
ers to differentially interpret assertiveness and risk preferences and to make decisions about
non-salary components of the offer (Caldwell, Haegele and Heining, 2023).

By combining this targeted setting, variation in negotiation intensity, and detailed re-
cruiter assessments, we are able to analyze how different types of information are conveyed
and interpreted during bargaining. This approach offers a novel and rich view into the mecha-
nisms driving gender differences in negotiation outcomes. We also capture a broader range of
negotiation outcomes including offers of non-wage amenities — a critical but often overlooked
component of job quality (Rosen, 1974, 1986; Mas and Pallais, 2017; Wiswall and Zafar, 2018;
Lamadon, Mogstad and Setzler, 2022; Maestas et al., 2023; Morchio and Moser, 2023). We
also study recruiters’ recommendations for senior positions, which have important implica-
tions for long-term career progression, and complement recent findings on gender disparities
in advancement potential assessments (Haegele, 2022; Benson, Li and Shue, 2024).

Finally, our paper contributes to highlighting the role of contextual factors in shaping
negotiation outcomes. Research has indicated that reducing information friction regarding
pay can decrease wage disparities (Mas, 2017; Burn and Kettler, 2019; Bennedsen et al., 2022;
Seitz, Gulyas and Sinha, 2022; Duchini, Simion and Turrell, 2022; Baker et al., 2023; Cullen and
Pakzad-Hurson, 2023). When firms are required to disclose expected compensation, they have

less latitude to differentially set pay, potentially curbing inequities. Understanding how these



policies influence negotiation dynamics is critical for designing more effective interventions.
However, to date, no field data have captured candidate-employer bargaining under varying
transparency regimes. By examining variations across recruiters’ negotiation behaviors, we
also highlight the role of hiring managers’ discretion in shaping inequality in labor market
outcomes (Hoffman, Kahn and Li, 2018; Adler, 2020; Agan, Cowgill and Gee, 2021; Benson,
Li and Shue, 2024; Minni et al., 2026).

The rest of the paper is structured as follows. In Section 1, we propose a conceptual
framework to motivate the experiment. In Section 2, we discuss the experimental design
and provide summary statistics. In Section 3, we present the econometric specifications. In
Section 4, we then present results on returns to negotiating more intensely and differential
returns by gender and Section 5 examines how these differences are influenced by contextual
factors such as recruiter characteristics and pay transparency regimes. Section 6 discusses the

findings, and Section 7 concludes.

1 Conceptual Framework

We present a simple partial equilibrium search model that motivates the empirical analysis in
Section 2. Appendix A provides details and proofs.

A hiring professional observes a candidate’s negotiation intensity n and chooses a wage w
and a senior-track recommendation s € [0,1]. Negotiation can reflect a strong outside option
(high w), and/or high skill (high v), which affects productivity and the firm’s returns to senior
placement. We allow employers to interpret negotiation differently across groups—negotiation

may signal different attributes (skill versus outside options) for different demographic groups.

1.1 Environment

Candidate attributes. A candidate belongs to group g € {m, f} and has latent skill v and

outside option w. The joint prior over (v,w) is group-specific and Gaussian:

2
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We assume that oy 4 # 0 which allows skill and outside options to be correlated within each

group (e.g., higher-skill candidates may systematically have better outside alternatives).

Negotiation signal. The employer observes negotiation intensity n generated by
nzﬁv,gv—i—ﬁw,gw—l—e, ENN(()?U?)v (2)

where 3, 4 > 0 measures how informative negotiation is about skill for group g, and 3, 4 >
0 measures how informative it is about outside options. This symmetric structure allows
negotiation to be differentially informative about both skill and outside options across groups.

Given (n,g), the employer forms a posterior distribution over (v,w), denoted fq(v,w | n).
Under the normal-linear signal structure and Gaussian priors, the posterior is jointly normal

(see Appendix A.1).

Acceptance. The candidate accepts with logistic probability

1

Placcept | w,s,0) = Alw+7s—w),  Ale) ==,
e

where 7 > 0 is the candidate’s utility value of senior-track placement.

Organizational benchmark and deviation costs. The organization specifies a role-level bench-
mark wage w that applies uniformly across groups (e.g., “Senior Analyst” has a standard wage
regardless of gender). The organization also specifies a role-level benchmark for senior-track

placement s that applies uniformly across groups. Deviation costs are:
Cwl(w) = 22 (w —w)?, Cs(s) = = (s —5)2, Kuw, ks > 0. (4)

The parameter k,, captures wage rigidity (pay-band constraints, internal equity pressures),
while ks captures the cost of deviating from standard senior-placement practices due for mer-

itocratic reasons for instance.

Rejection penalty. If the candidate rejects, the firm incurs a loss cg > 0 (vacancy costs,

recruiter performance penalties, operational delays).



Production. If hired, output is increasing in skill and senior placement:
output = v(1 +4s), 5 >0, (5)

where ¢ captures the complementarity between skill and senior-track roles. The wage is paid

only upon acceptance.

1.2 Firm’s Problem

The firm chooses (w,s) to maximize expected profit, integrating acceptance probability, sur-
plus, and rejection costs over posterior beliefs (04(n),0q(n)).

Fix group g and signal (n,g), hence posterior fy(v,w |n). For any choice (w,s) define the
acceptance index

T=W+TS—Ww.

If the candidate accepts, net surplus is
S(v,w,s) =v(140s) —w — ~2(w—w)? — (s —35)% (6)
Expected profit integrates over the posterior:

IT(w,s | n,g)://{A(w—i—Ts—w)S('U,w,s)— (1—A(w+7's—w))cR] fo(v,w|n)dvdw (7)

1.3 Negotiation Intensity and Firm’s Optimal Response

The firm chooses (w,s) to maximize expected profit, integrating acceptance probability, sur-
plus S(v,w,s) = v(l +ds) —w — Cyp(w) — Cs(s), and rejection costs over posterior beliefs.
Appendix A.3 derives first-order conditions and characterizes optimal responses.

Wages increase with perceived productivity ©, as higher skill raises surplus, and with
perceived outside options @w when acceptance is interior and rejection costs are positive, since
higher outside options require wage increases to preserve acceptance. Institutional rigidity in
wages (ky) dampens both responses.

Senior-track recommendations also increase with perceived productivity, as higher skill

raises the marginal productivity return from senior placement (dv). In contrast, the response



to perceived outside options is ambiguous. Higher outside options increase the value of using
senior placement as an offer sweetener (acceptance channel), but reduce expected productivity

returns since output is realized only upon acceptance.

Differential instrument responses. The model allows for an asymmetric mapping from beliefs
to outcomes. When candidates value advancement (7 > 0), productivity complementarity is
positive (6 > 0), wage rigidity exceeds senior rigidity (k. > Ks), and acceptance rates are
high (making rigidity dominate curvature), Appendix A.4 shows that senior recommendations
respond more strongly to productivity assessments than wages: ds*/00 > dw* /00.

These conditions are plausible in professional labor markets. Senior roles offer meaningful
complementary productivity gains, candidates value career advancement, wages face stronger
institutional constraints than promotion decisions (pay bands, internal equity, legal scrutiny),
and our empirical acceptance rate averages 90%.

The differential response to outside options is more ambiguous analytically. However,
wages respond positively through the acceptance motive (higher outside options require wage
increases to avoid costly rejections), while senior recommendations face offsetting forces: higher
outside options increase the value of using senior placement as an offer sweetener but reduce
expected productivity returns since output is realized only upon acceptance. With sufficiently
strong productivity complementarity, this productivity dilution can make wages more respon-

sive to outside-option assessments than senior recommendations are.

1.4 Group Differences and Negotiation Intensity

Negotiation affects outcomes through posterior beliefs. For any outcome y € {w*,s*}, the

response to negotiation intensity is:

dy; _ dy*disy | Oy diy
dn 0 dn O dn’

Group differences therefore arise from two sources:

dyr, dyi Oy Aoy didy Loy Aoy, dby "
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A, =outside-option updating gap Ay =productivity updating gap
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The first channel reflects differential updating of outside-option beliefs (5,1, # B, f), while
the second reflects differential updating of productivity beliefs (3 m # 5y, 1)-

When productivity updating differs across groups (A, # 0) but outside-option updating
is similar (A, =~ 0), outcome gaps should be larger on margins that are more responsive to

perceived productivity.

1.5 Testable Implications

The framework shows how negotiation affects wages and senior-track recommendations through
belief updating, with the same signal potentially mapping differently across decision margins.
We test three implications using experimental variation in negotiation intensity, candidate

gender, and pay transparency.

Implication 1: Negotiation intensity and differential responses. When candidates negotiate

above the target salary range:
(a) They receive higher assessments of both productivity and outside options
(b) Salary offers increase. Senior-track recommendations are ambiguous.

(c) Senior-track recommendations are more responsive to perceived productivity than wages.

Implication 2: Belief updating and gender gaps. The decomposition in equation (A.27)

implies that gender gaps in outcomes depend on differences in belief updating:

(a) When there are outcome gaps, we also see differential updating of outside-option beliefs

(Ay) and/or differential updating of productivity beliefs (A,)

(b) When productivity beliefs update differently (A, # 0), gaps should emerge on margins

that are more responsive to productivity (senior recommendation)

Implication 3: Pay transparency through institutional rigidity. Pay transparency increases
institutional rigidity by making deviations from benchmarks more visible. Comparing re-

cruiters informed that salary ranges were disclosed versus not disclosed:
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(a) If wages already face strong institutional constraints, transparency should have limited

effects on wage levels

(b) If senior-track recommendations are more discretionary, transparency should have larger

effects on senior-track recommendations

2 Experimental Design

Our experimental design mimics a real-world recruitment process where a firm, in the midst
of a large-scale ramp-up of hiring, outsources part of their HR recruiting process. In order to
ensure the realism of our study, we consulted with three professional recruiters and collaborated
closely with one participant from our study pool during the design phase. This consultant also
reviewed all study materials to ensure the language aligned with industry-specific recruiting
terminology.

One notable trade-off in creating a realistic setting is that deception was used in our
design. In a way, our design resembles a resume audit study, and it is important to address
some recent criticisms of audit studies regarding deception. Some critiques are that study
subjects learn from our study materials, and can lead to potential negative spillover effects
on future job candidates. We considered an incentivized resume-rating approach like Kessler,
Low and Sullivan (2019) as an alternative method, but determined that it would be difficult
to implement in a study of negotiation without risking experimenter demand effects. In our
setting, we involved external consultants, rather than direct participation from firms, which
mitigates these effects. Moreover, unlike traditional resume audit studies, our study does not
involve actual responses from candidates, so it does not lead to consequential learning for

employers based on null actions, which is a common concern in other resume audit studies.

2.1 Recruitment and Incentives

Between May 2024 and November 2024, we invited all recruiters and HR professionals from a
popular platform for employers to hire contractors, who were located in the U.S. and Canada
and whose hourly rates were below $150. We ultimately collected our data from 493 recruiters

and HR professionals.
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In our recruitment process (see Appendix C for details), we aimed to mimic how companies
typically approach recruiters when outsourcing portions of their hiring. Over the past two
decades, this practice has become increasingly common as companies have delegated more of
their recruiting efforts. Firms hire individual recruiters on a temporary basis or outsource the
entire recruiting function to a third-party organization (Landay and DeArmond, 2018; Black,
Hasan and Koning, 2020; Cappelli, 2019; Cowgill et al., 2021). Over the past two decades, this
practice has become increasingly common as companies have delegated more of their recruiting
efforts. According to Cappelli (2019), about 40 percent of firms have outsourced much if not
all of their hiring process to recruitment process outsourcing firms (RPO), which in turn rely
on subcontractors.

These outsourcing arrangements take several forms. End-to-end RPO transfers the entire
hiring function to an external provider, while project-based RPO engages contractors for a
defined hiring campaign. Modular RPO-the most relevant form for our purposes—outsources
specific components of the recruitment process, such as candidate sourcing, screening, or the
provision of market intelligence on compensation trends and competitor hiring patterns. This
form is particularly common among firms with existing talent acquisition teams that require
supplemental capacity in targeted areas (PeopleScout, 2023; Robert Walters, 2023).

In such settings, as Agan, Cowgill and Gee (2021) document, when firms rely on external
recruiters to evaluate candidates, contractors are typically asked to screen applications and
provide compensation recommendations, making the offer and negotiation stage a natural
component of the contracted scope in settings such as ours.

Turning to the characteristics of our sample, Table 1 presents summary statistics of the
sample of recruiters. The majority of recruiters in our sample are female (74 percent) and
white (53 percent). Most have completed at least a bachelor’s degree (89 percent) and have
more than five years of professional experience (77 percent). Study participants were paid
their hourly wages posted on their profile pages. The mean hourly rate paid was $64, which
aligns with national estimates from the Bureau of Labor Statistics’ 2023 National Occupational
Employment and Wage Estimates for human resources professionals. In 2023, human resources
specialists had a mean hourly wage of $37, while human resources managers earned an average
of $74. This suggests that the HR professionals recruited through our platform are broadly

representative of a wider segment of HR workers in terms of compensation.
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Each participant was informed that they would evaluate 16 candidates as a consultant
in the later stages of recruitment. We explained that a rapidly growing technology firm
needed help assessing software engineering applicants and finalizing compensation packages.
To comply with employment law, recruiters were instructed not to seek any information about
candidates online, and all communication took place through the platform’s built-in messaging
system.

Other than the hourly payment, the recruiters were not offered any additional bonuses. An
alternative to paying a fixed hourly wage is to include an incentive scheme based on candidate
retention. However, this approach could induce a strategic response where recruiters might
evaluate candidates based on their perceptions of the likelihood of a candidate accepting the
offer. Because we want to ensure that evaluations are free from such strategic concerns and
are solely based on the quality of the candidates, we decided not to incentivize recruiters
beyond their hourly wage. Furthermore, recruiters on this platform are commonly paid a
fixed hourly rate, and their incentive lies in delivering quality work and maintaining a strong
reputation among future clients through reviews and feedback from previous clients. In our
view, this is sufficient to ensure that recruiters provide adequate effort in reviewing candidates.
In Section 4.4.2, we show that HR professionals in our sample paid attention to the materials
we provided. For instance, they respond to specific keywords in the resumes and to key details

that are indicative of candidate quality, and they evaluate applicants accordingly.

Procedures After a potential recruiter accepted our job offer, each recruiter received four
materials. First, they received a job offer prompt that outlined their instructions and provided
details about the employer’s profile as a software company. We indicated that informal offers
with a salary of $130,000 had been extended to candidates and mentioned that some expressed
a willingness to negotiate with suggested counteroffers. The description stated our aim to
navigate these negotiations effectively and ensure competitive compensation packages tailored
to each candidate’s unique profile. It also highlighted that all candidates had successfully
passed rigorous technical assessments. Recruiters were informed of the budgeted salary range
for the position ($115,000 to $155,000) and advised that offers outside this range could be

considered for exceptional candidates.

I Appendix C presents the job posting.
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Second, we provided them with a document showing the job advertisement we stated we
had posted. This document details the job responsibilities and outlines the profile of ideal
candidates.

Third, they received a packet containing 16 resumes, each representing a candidate profile
within the software development industry. Before the study began, we created 32 biographies
separated into two packets to ensure that our study participants reviewed a diverse group
of candidates. Each recruiter received one randomly selected packet of 16 resumes. These
fictitious profiles were based on actual resumes obtained from popular job board sites. The
resume characteristics were derived from 208 actual resumes of software engineers with 3-10
years of experience from major cities in the US, all of whom had education and work experience
in the U.S. We ensured that the career progressions in the randomized biographies made sense.

Fourth, they received a list of counteroffers, which included the candidate ID, name, and
the counteroffer amounts proposed by the fictitious candidates. To ensure recruiters could
provide actionable input, each of the 16 candidate on the list was designed to have submitted

a counteroffer, as candidates without counteroffers did not require further consideration.

2.2 Randomization

The primary randomized feature in this study is the candidate’s gender, which is assigned
using either a female or male first name. To avoid confounding gender with racial perceptions,
we used names that are generally perceived as White or racially neutral. In each recruiter’s
packet, a randomly selected half of the 16 biographies are assigned a female name, while the
other half are assigned a male name.

Additionally, we introduced a sub-treatment of negotiation intensity. Attached to each
candidate’s resume, we provided counteroffer salaries to the firm’s initial offer of $130,000.
These counteroffers, all above the initial offers, were randomly assigned and represent negoti-
ation intensity. A certain portion of the candidates were shown to present counteroffers below
the maximum salary range (but above the initial offer), while others presented counteroffers
above the maximum, up to 20 percent above the threshold (i.e., from $156,000 to $185,000).
Within each recruiter’s resume packet, the proportion of candidates presenting counteroffers
above the maximum salary was either 25 percent, 50 percent, or 75 percent. The distribution

of counteroffers are presented in Figure B1.

15



To understand how pay transparency affects employer behavior, we divided the recruiters
into two groups. Half of the recruiters were assigned to the transparency treatment, where
they were informed that the employer’s job advertisements displayed the target salary range.
The remaining recruiters were part of the no-transparency treatment, where they received
information about the target salaries without any indication of transparency in the job adverts.

Recruiters were prompted the following depending on their treatment condition:

Our allocated salary range for these roles is $115,000 to $155,000. However, we are open
to considering offers outside this range for exceptional candidates.

[Treatment: Posted Range|] To adhere to local labor laws concerning pay transparency in
certain offices, we have explicitly mentioned this range in our job advertisement.

[Treatment: No Posted Range] We did not mention the target salary range in the job

advertisement.

In addition, recruiters in the transparency treatment received job advertisements that
purportedly included the salary range for the position, whereas those in the no-transparency
treatment received job advertisements that included the phrase “Competitive salary based on
experience and qualifications” instead.

Because recruiters participate sequentially, there is a risk that standard randomization
may not achieve balance across recruiter covariates. To mitigate this, we implemented a re-
randomization process similar to that used by Agan, Cowgill and Gee (2021). Each time a
new batch is launched and random treatment statuses are assigned, we conduct a balance
test. For instance, we performed this test on the sample of recruiters collected to date by
regressing recruiters’ characteristics (e.g., experience, race, and gender) on indicators for the
randomized treatments (e.g., percentage of candidates requesting salaries above the stated
range, biography packet version 1 or 2, and transparency treatment). If the balance check
fails (i.e., the p-value is less than 0.2), we re-randomized the treatment status and experimental
material until balance is achieved.

We perform a series of standard data quality checks to ensure that the randomization
was successful and that the experimental design was not compromised. For example, we test
whether resumes with counteroffers exceeding the maximum salary range were more likely to

be evaluated by certain types of recruiters or had different resume characteristics. Table B2
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shows that the types of recruiters (e.g., experience, race, and gender) evaluating counterof-
fers made below or above the target are similar, and that resumes with higher counteroffers
are just as likely to have female names as male names. Additionally, we perform a balance
test by regressing recruiters’ characteristics on indicators for the pay transparency treatment.
The results, presented in Table B3, confirm that recruiter characteristics on the platform are

balanced across the transparency treatment and the control group.

First Survey We provided recruiters with a structured questionnaire to capture their percep-
tions of the candidates they review (see Appendix E.1). Instead of using Qualtrics, which is
more common in academic settings but less familiar to practitioners, we chose Google Forms.
Although Google Forms may not be as optimal for data collection, it aligns more closely with
the tools participants typically use in their work and makes it less likely that participants will
recognize the evaluation exercise as an academic study.

The questionnaire begins with evaluations of qualitative characteristics such as technical
skills, teamwork skills, and initiative, measured using a 4-point Likert scale to assess levels
of agreement or disagreement. To determine whether employers perceive negotiating candi-
dates as having stronger outside options, we asked for recruiters’ opinions on the candidates’
potential other offers and their best estimate of current salaries.

Subsequently, recruiters were asked how much they would offer the candidate, their rec-
ommendation on work-from-home days, and whether they would recommend each candidate
for a concurrently open senior position. Finally, we gathered input on how to respond to the

candidate’s counteroffer.

Post-Experiment Survey Once recruiters completed the evaluation of each profile, we asked
them fill out a post-experiment survey (see Appendix E.2). The survey is designed to measure
recruiters’ perceptions about the overall quality of the pool of candidates and their perceptions
of the behavior exhibited by other employers in the market. We asked them about their per-
ceived prevalence of negotiation, as well as potential reasons why recruiters might be reluctant

to accommodate wage negotiations.
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2.3 Summary Statistics

Table 1 presents summary statistics for the recruiters who participated in our study. Seventy-
four percent of the recruiters are female, and half are White. On average, they have logged
366 hours on the platform, with an hourly rate of $64. Eighty-nine percent hold bachelor’s
degrees, and 77 percent percent have five or more years of recruiting experience.

The counteroffers made by candidates are distributed across recruiters in accordance with
our expectations for correct randomization. At the recruiter level, the average proportion of
resumes with counteroffers exceeding the salary range is approximately 50 percent. Addition-
ally, the likelihood of receiving resume packets with 25 percent, 50 percent, or 75 percent of
candidates requesting higher salaries than the salary range is similar across all three groups.

Finally, half of the recruiters were assigned to the pay transparency treatment.

3 Econometric Specifications

3.1 The Impact of Negotiation Intensity on Labor Market Outcomes

To explore how firms’ compensation decisions differ based on the intensity of negotiation, we
use the following specification to test the difference between candidates requesting salaries

above the maximum salary range and those requesting salaries below it:
Yi; = B3 x OverTarget;; + B4 X X;+ 6; + € 9)

where Y;; is the outcome of job seeker i who is reviewed by recruiter j, and QverTarget;;
is a dummy variable equal to one if the counteroffer exceeds the salary target. X; includes
recruiters’ controls, such as the gender, race, experience level. ¢§; indicates candidate biography
fixed effects. In all of our regressions, we cluster standard errors at the recruiter level.

To test whether the effect of requesting a salary above the target range differs based on the

candidate’s gender, we look at the interaction with the gender of the candidate by including

18



an interaction term between the negotiation intensity and gender:

Yij = p5x Female;j x OverTarget;j + 3 X Female;;

+ Br x QverTarget;; + B x X+ 0; + € (10)

where and Female;; is a dummy variable equal to one if the gender of the candidate is
female.

Finally, we examine pre-registered heterogeneity in recruiter evaluations based on recruiter
characteristics and the conditions under which they assess candidates. For example, to in-
vestigate how concentrated or diffused recruiters’ propensities are, we first construct a male-
favoring propensity score for each recruiter and analyze heterogeneity across recruiter types.
We use a pre-registered method to assign male-favoring propensities to recruiters. From the
post-experimental survey, we asked each recruiter to name the top three candidates. We then
compile a list of the top 6 biographies mentioned by all recruiters and calculate for each re-
cruiter the ratio of male resumes selected to the total number of top 6 resumes presented
to them with male names. Figure B2 shows that some biographies are disproportionately
mentioned as top choices. Among the 32 resumes, some were mentioned fewer than 20 times,
while others were mentioned more than 80 times. The number of times each biography was
presented to recruiters ranges from 231 to 252, with a mean of 242. A predictor for a resume
being one of the top 6 is longer job experience. Since it is possible that a recruiter may never
be shown a top male candidate by chance, we add one to the denominator to avoid division
by zero. If a recruiter did not rank anyone, we treat this as missing data for their propensity.
The distribution of male-favoring propensities across recruiters is shown in Figure B3. We
then analyze heterogeneity by recruiter propensities, excluding any resumes based on the top
6 biographies.

We also examine heterogeneity based on the prevalence of negotiation within a batch seen
by a recruiter. Each packet was randomized such that 25 percent, 50 percent, or 75 percent of
candidates may ask for counteroffers above the target salary range, while the rest submitted
counteroffers below the range. To analyze how this prevalence affects evaluations, we further
examine heterogeneity by low prevalence (25 percent) and high prevalence (50 percent and

75 percent) groups.
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3.2 Pay Transparency Policy

To test the impact of the pay transparency policy, we use the following specifications:
Yij = B1 x T'ransparency;j + B2 x X +0; + €;5 (11)

where Transparency;; is an indicator variable equal to one if the recruiter was informed
that the advertisement listed a posted salary range. We also test an interaction model with

indicators from the main specification that examines gender differences.

4 Results: Negotiation Intensity and Gender Disparities

4.1 Descriptive Evidence on Negotiation

In the post-experimental survey, we asked recruiters a series of questions to explore their views
on negotiation.? Table 1 presents novel evidence about wage setting from these responses. A
significant 91 percent of recruiters indicated that counteroffers above the target salary range are
common, highlighting the prevalence of intense negotiation. However, when asked specifically
about female candidates, only 62 percent of recruiters reported that intense counteroffers are
common for women. This suggests that recruiters perceive a lower willingness to negotiate
among female candidates compared to male candidates.

The survey responses also support the two informational channels emphasized in the model.
Sixty-two percent of recruiters report that counteroffers reveal information about current
salaries and outside options, while 43 percent say they reveal something about the candidate’s
personality. Recruiters also report meaningful constraints in accommodating high requests:
66 percent cite concerns about broader renegotiation within the organization, and 65 per-
cent cite fairness concerns across candidates. A smaller share (26 percent) mentioned legal
consequences for making exceptions to the salary range.

These responses suggest that counteroffers convey information about candidates that may
shape negotiation outcomes, while organizational constraints limit how firms can respond to

that information.

2These questions were asked after participants completed the main survey to avoid any experimenter de-
mand effects.
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4.2 Signaling Value of Higher Counteroffers

The framework in Section 1 implies that negotiation intensity can update employer beliefs
about both outside options (w) and skill (v). These belief updates can, in turn, affect wages
and discretionary evaluations such as senior-track recommendations. We begin by examining
these patterns in the overall sample.

Table 2 shows that counteroffers exceeding the indicated salary target serve as a strong sig-
nal of market value. When a candidate asks above the announced target—a roughly 20 percent
increase from $142,000 to $170,000—recruiters recommend significantly higher salary offers,
increasing by $14,567 (10.5 percent of the baseline mean). Senior-track recommendations show
little average change in the pooled sample, though we document substantial heterogeneity by
gender below.

Recruiters revise upward their estimates of candidates’ current salaries (9.7 percent, p <
0.01) and best outside offers (9.5 percent, p < 0.01), consistent with counteroffers convey-
ing information about market value. Recruiters also increase some productivity assessments:
technical skills rise 2.5 percent (p = 0.072) and initiative rises 3.7 percent (p < 0.01). However,
these changes are smaller in magnitude than the shifts in perceived market value.

At the same time, recruiters view these candidates as more difficult to hire. They are less
likely to believe that candidates will accept the recommended offer (-0.171; p < 0.01), more
likely to advise against accepting the counteroffer (0.31; p < 0.01), and more likely to reject
candidacy (0.046; p < 0.01).

Employer responses are therefore concentrated on the wage margin. Salary offers increase
substantially with inferred outside options, while senior-track recommendations show little
average change. This pattern is consistent with wages responding more strongly to perceived
outside options compared to senior-track recommendations.

We examine differential responses to skills in the analysis of gender differences below, where
variation in productivity updating provides a more informative setting to assess how outcomes
respond to skill assessments.

Taken together, the overall results suggest that intensive negotiation signals both higher

market value and lower acceptance probability. These patterns hold despite recruiters’ com-
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pensation being independent of candidate acceptance.?

4.3 Gender Differences in Returns to More Intense Negotiation

We next examine whether these belief updates differ by gender and how they map into out-
comes. The model predicts that gender differences should emerge on margins that are most

sensitive to the dimension along which belief updating differs across groups.

Symmetric Wage Responses. Figure 1 and Table 3 show that salary offers increase similarly
for male and female candidates who negotiate intensively-approximately 10.5 percent for both
groups when counteroffers exceed the target range. This symmetry suggests that negotiation
conveys comparable information about market value across genders.

These stem from changes in recruiters’ estimates of current salaries and best outside offers.
Market value estimates increase with counteroffer amounts for both groups. Male candidates
experience modestly larger increases above the target range: $2,100 in current salary estimates
(p =0.021) and $1,074 in outside offer estimates (p = 0.12). However, these differences are
economically small (1.6 percent and 0.77 percent of respective means), which suggests that
outside-option updating is nearly symmetric across genders. This near-symmetric belief up-
dating directly explains the symmetric wage responses. Interestingly, we find no differential
returns by gender in terms of work-from-home (WFH) recommendation, as both men and
women are more likely to be offered WFH days when negotiating intensively, suggesting no

differential inference about preferences along this dimension.

Divergent Discretionary Outcomes. In sharp contrast, senior-track recommendations and
rejection decisions diverge substantially by gender. Female candidates who negotiate inten-
sively are 3.4 percentage points less likely to be recommended for senior positions, while male
counterparts are 3.4 percentage points more likely. This generates a gender gap of 6.8 per-
centage points (p = 0.023; 19.9 percent of male mean below target). Female candidates also
face significantly higher rejection rates, increasing 2.7 percentage points (31 percent of male

mean; p = 0.047).

3We specified that the company was experiencing rapid growth and had numerous openings across multiple
locations.
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Figure 2 graphically illustrates the benefits and costs of negotiating more intensively, disag-
gregated by gender. The top panel shows the average final offers recommended by recruiters,
plotted against the counteroffer amounts suggested by candidates within $1,000 incremen-
tal cells. The final offers increase consistently with counteroffer amounts, with similar gains
observed for both men and women. The bottom panels plot the likelihood of evaluators recom-
mending senior positions and the probability of application rejection on the vertical axis. The
bottom panels reveal stark divergence. Women receive relatively favorable senior-track recom-
mendations at lower counteroffer levels, but their likelihood declines sharply when exceeding
the target range. Men exhibit the opposite pattern: recommendations rise continuously with
negotiation intensity. Similarly, women’s rejection rates increase steeply with counteroffer

amounts, while men’s remain flat until $155,000.

Differential Skill Updating. We examine skill assessments to understand this divergence.
While female candidates receive slightly more favorable baseline assessments in some dimen-
sions, increases in skill assessments with negotiation are driven almost entirely by male can-
didates. For men, higher counteroffers generate increases of 3.4 percentage points in technical
skills, 3 percentage points in team skills (p = 0.04), and 4.5 percentage points in initiative
(p = 0.002). These increases significantly exceed those for women: 3.0 percentage points
larger for technical skills (p = 0.1), 3.9 percentage points for team skills (p = 0.03), and 2.9
percentage points for initiative (p = 0.093). Taken together, these patterns suggest a sizable
gender gap in the productivity-related component of belief updating

The decomposition in the model implies that outcome gaps depend on both differential
belief updating and how strongly each margin responds to those beliefs. In our setting, outside-
option updating appears nearly symmetric across genders (A, = 0), while productivity-related
updating differs substantially. At the same time, wages show little gender divergence despite
clear differences in productivity assessments, whereas senior-track recommendations diverge
sharply. This pattern is consistent with the model’s asymmetric mapping from beliefs to
outcomes: wage responses appear to be driven primarily by outside-option assessments, while
senior-track recommendations are more sensitive to the productivity component of employer
beliefs. As a result, asymmetric productivity updating translates into divergent senior-track

outcomes even when wage responses remain similar across genders.
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Optimal Negotiation Strategy. The estimates above describe how recruiters respond to ne-
gotiation intensity along several margins—salary offers, senior-role recommendations, and re-
jection. We now ask what these responses imply for a candidate’s optimal counteroffer. Using
the estimated relationships between counteroffer levels and these outcomes, we compute the
certainty equivalent of negotiating at each counteroffer level under alternative assumptions
about risk aversion—ranging from risk neutrality to values consistent with the mean esti-
mate in Chetty (2006) based on 33 estimates—and for different values of the wage premium
associated with being placed in a senior role.

Figure 3 plots the resulting optimal counteroffers by gender. Across all parameter com-
binations we consider, the counteroffer that maximizes expected utility is lower for women
than for men. For women, the optimal counteroffer lies roughly 14-25 percent above the
initial offer, compared with 19-30 percent for men. This gap is not driven by weaker wage
responses for women. Instead, it reflects the steeper discretionary penalties women face at
high counteroffer levels. Rejection risk rises more sharply and senior-role recommendations
decline, shifting the certainty-equivalent-maximizing ask downward. Thus, a female candidate
who correctly anticipates employer responses would optimally negotiate less aggressively than

an otherwise identical male candidate.

4.4 Robustness Checks and Additional Data Quality Checks

4.4.1 Alternative Specifications

We estimate several alternative specifications to assess the robustness of our findings. The first
specification is the baseline model without any controls. The second specification controls for
recruiter-level pre-treatment characteristics observed on the platform, including gender, race,
hours worked, hourly rate, education, and recruiting experience. The third specification adds
biography fixed effects to absorb persistent differences across resume templates. The fourth
specification replaces these recruiter controls with recruiter fixed effects. The fifth specification
includes evaluation-order fixed effects, controlling for the position in which each resume was

entered into the evaluation system.?

4Since all recruiters within a treatment arm received the same package of candidates, we do not observe
the actual order in which each recruiter chose to review individual resumes. The evaluation-order fixed effects
therefore capture the system entry position rather than the actual viewing sequence.
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Tables B7 and B8 present the results. Across specifications, the estimated effects remain
stable, consistent with successful randomization and indicating that the findings are not driven
by observable recruiter characteristics, resume-template composition, recruiter-specific evalu-

ation tendencies, or evaluation-order effects.

4.4.2 Incentive Compatibility and Recruiter Attentiveness

We have made a deliberate decision not to layer our experiment with incentive compatibility
mechanisms—such as performance bonuses tied to evaluation accuracy—in order to avoid
introducing gaming incentives where recruiters might select the candidate they perceive as
most employable rather than providing their best assessment of each candidate’s fit. This
leads to a natural question: are recruiters in our sample exercising genuine effort in their
evaluations, or are they paying insufficient attention to the candidate materials we provide?
If it is the latter, our estimates risk capturing noise rather than true evaluative responses to
candidate characteristics and negotiation behavior.

To address this concern, we perform two exercises. Both exploit non-experimental variation

in resume content that is orthogonal to our treatment assignments.

Leadership keywords and skill evaluations. We count the number of leadership and management-
related keywords appearing in each candidate’s resume (e.g., led, managed, supervised, coor-
dinated, mentored; see Table B9 for the full list) and define an indicator for whether this
count exceeds the sample median. The logic is straightforward: if recruiters are reading the
resumes, candidates whose materials contain more signals of leadership ability—even noisy
ones—should be rated more favorably on skill dimensions. Table B9 confirms this. Candi-
dates with above-median leadership keywords are rated significantly higher across all three
skill dimensions, with the strongest effect on team skills: a 5.9 percentage point increase in
the probability of receiving a positive rating (p < 0.01)—consistent with the content of the
keywords. The effect on technical skills (2.6 percentage points, p < 0.01) and initiative skills
(1.3 percentage points, p < 0.10) is positive but smaller in magnitude.

Table B10 turns to recruiter decisions. Candidates with above-median leadership keywords
are 1.4 percentage points less likely to have their applications rejected (p < 0.05). We do not

find a significant effect of leadership keywords on senior recommendations, work-from-home
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recommendations, or salary offers.

Resume quality index and recruiter decisions. We construct a composite resume quality
index based on observable candidate characteristics. Specifically, we compute the mean of
three indicators: (i) whether the candidate holds a computer science degree, (ii) whether
the candidate has senior-level work experience (identified by job titles containing I1” or Sr.”),
and (iii) whether the candidate has above-median total work experience (in months). We then
classify candidates as high-quality if their index exceeds the sample median. The idea is that if
recruiters are engaging meaningfully with the candidate packages, their decisions should differ
systematically between high- and low-quality resumes—and they do. Table B11 shows that
high-quality candidates are rated significantly higher on technical skills (3.4 percentage points,
p < 0.01) and initiative skills (2.7 percentage points, p < 0.01), with no significant difference
on team skills. Table B12 turns to recruiter decisions. High-quality candidates receive higher
salary offers (1,281, p < 0.01), are 2.9 percentage points more likely to be recommended for
senior positions (p < 0.05), 2.1 percentage points more likely to receive a work-from-home
recommendation (p < 0.05), and 2.2 percentage points less likely to have their applications
rejected (p < 0.01).

Taken together, these two exercises provide reassuring evidence that recruiters were at-
tentive to the candidate materials. Non-experimental variation in resume content—whether
measured through keyword counts or a composite quality index—systematically predicts re-

cruiter evaluations in directions consistent with the informational content of the resumes.

4.5 Heterogeneity by Candidates’ Characteristics

Recruiters may differentially evaluate negotiating candidates based on other observable char-
acteristics in their resumes. Although these characteristics are balanced across genders in our
sample, returns to negotiation could still vary with attributes such as experience. Alterna-
tively, our results could be driven by a specific subgroup of female candidates. For example,
women of childbearing age may face greater penalties in senior-track recommendations.

We examine these possibilities in Table B1 by exploring heterogeneity across candidate
characteristics. To proxy for age and potential fertility-related concerns, we use the graduation

year reported on the CV (Panel A). We also exploit variation in years of work experience (Panel
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B). Overall, we find no evidence of heterogeneous effects along these dimensions, suggesting
that the gender penalty associated with aggressive counteroffers is unlikely to be driven by

concerns related to fertility or experience.

5 The Role of Contextual Factors in Negotiation

5.1 Heterogeneity by Recruiters

We examine the extent to which gender disparities in evaluations are prevalent across re-
cruiters. To do this, we constructed a measure of how male-favoring each recruiter is, as
described in Section 3.1. We find that recruiters who favor male candidates evaluate female
candidates less favorably than their counterparts. As shown in Table B4, male-favoring re-
cruiters recommend salaries that are $873 lower for female candidates than for male candidates
when the counteroffer is below the target range (p-value = 0.11). When female candidates
counteroffer above the target, the penalty increases to $2,154 (p-value = 0.04). Recommen-
dations for senior positions are largely similar across recruiter types. However, the penalty
female candidates face for counteroffering above the target in terms of outright rejection is
entirely driven by male-favoring recruiters.

We next examine whether the main patterns vary with the level of gender bias in the
recruiter’s location. Following Kline, Rose and Walters (2022), we construct MSA-level mea-
sures of gender bias using Gender-Science Implicit Association Test (IAT) scores from Har-
vard’s Project Implicit, averaged over 2015-2020. Higher values indicate stronger stereotypical
associations linking males with science.

As shown in Table B5, the differential effects on senior position recommendations are
concentrated in MSAs with higher gender bias. In these locations, female candidates who
negotiate more aggressively are less likely to be recommended for senior roles. We also find
some evidence that recruiters in high-bias MSAs are more likely to offer work-from-home
flexibility when candidates make moderate counteroffers, but this pattern reverses at higher
levels of negotiation intensity.

In terms of recruiters’ own characteristics, we show that female and male recruiters make

similar assessment of candidates’ salary estimates and quality (Table B6). Generally similar,
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female recruiters make $1,612 less in salary offers to candidates who counteroffer beyond the

target range. The gender differences are not significantly different by female recruiters.

5.2 The Spillover Effect of Other Negotiating Candidates

We also assess how evaluation patterns shift when a larger share of candidates negotiate
intensively. A higher prevalence of negotiation may shift relative comparisons (Radbruch and
Schiprowski, 2025; Kessler, Low and Shan, 2026), or the rationing of senior-track positions,
thereby affecting how individual candidates are evaluated. Recruiters were randomly assigned
to batches in which 25 percent, 50 percent, or 75 percent of applicants submitted counteroffers
exceeding the target salary range. Table B13 presents the differential effects in batches with
high prevalence of intense negotiation (i.e., 50 and 75 percent batches). Overall, we find
limited evidence that the share of over-target counteroffers in the batch significantly affects
gender gaps in returns to negotiations.

However, we find suggestive evidence of spillover effects of other female candidates on
employer responses. Table B14 shows that when the share of women making aggressive coun-
teroffers is high (i.e., 50 and 75 percent), the gender gap in senior-track returns to intense
negotiation widens. This gap is driven both by an increase in returns for men and negative
returns for women. This pattern points to group-contingent decision rules: a higher prevalence
of aggressive negotiation among women appears to increase the salience of gender and amplify

the penalty associated with such behavior in senior-track recommendations.

5.3 The Impact of Pay Transparency

Next, we examine the impact of pay transparency on gender differences in candidates’ salary
outcomes and assessments. Pay transparency could mitigate these disparities by narrowing the
scope for negotiation and creating clearer expectations. However, it might also exacerbate the
gap if recruiters penalize candidates, particularly women, who negotiate beyond the boundaries
set by the disclosed salary range.

We introduced pay transparency to the treatment group by informing recruiters that a
target salary range was included in the job advertisement. In contrast, the control group was

only informed that pay would be commensurate with experience and market levels. To assess
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whether the pay transparency treatment was salient and whether recruiters paid attention to
the message, we examine their responses in Table 4. Specifically, we test whether recruiters in
the treatment group were more likely to express concerns commonly associated with pay trans-
parency. Recruiters in the pay transparency treatment were 6.6 percentage points more likely
to report concerns about potential legal consequences for making exceptions to accommodate
higher salary requests from candidates exceeding the target pay range (p-value = 0.095). This
aligns with the message presented to them prior to accepting the task. Additionally, treated
recruiters were 6.3 percentage points more likely to mention concerns about renegotiation
pressures and the need to offer higher salaries to future candidates (p-value = 0.14). These
findings provide first-stage evidence that recruiters paid attention to the treatment and that
the message influenced their attitudes.

We present the results for the treatment effects in Table 5. Overall, we find that the
transparency treatment has minimal impact on candidates’ salary offers. However, in the
second column, we observe that pay transparency moderates the discretion previously observed
in recommendations for senior positions. Specifically, differences in how recruiters rewarded
candidates based on gender and whether they counteroffered above the target are mitigated
under transparency.

For example, among male candidates, without pay transparency, counteroffers above the
target increase the likelihood of receiving a senior recommendation by 7.6 percentage points
(p-value = 0.001). Under pay transparency, this effect disappears. Female CVs receive 6.8
percentage points higher recommendations than male CVs when counteroffers are below the
target in the absence of transparency (p-value = 0.001), but this differential is reduced by 4 per-
centage points under pay transparency (p-value = 0.18). Similarly, without pay transparency,
women face an 11.2 percentage point penalty for negotiating beyond the target compared to
men (p-value < 0.001); this gap shrinks by 8.4 percentage points under transparency (p-value
= 0.055). The effects on candidacy rejection is mostly null.

It is important to note that this does not imply the full consequence of pay transparency
on salaries. Pay transparency can influence outcomes at the initial offer stage, which we
abstract from in this analysis. When we presented recruiters with scenarios involving a wage
counteroffer, the perceived informational advantage of candidates under pay transparency was

mitigated. Recruiters could assume that candidates, even in the non-transparency treatment,
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had some indirect information about the wage range to inform their counteroffers. While this
limitation affects our ability to fully measure the impact of pay transparency policies, our
results suggest that such policies can play a role in mitigating the discretion that contributes

to disparities in negotiation outcomes.

6 Discussion: Why Does Skill Updating Differ by Gender?

Our results show that the same negotiation behavior leads to different updates in perceived
skill for men and women. In particular, more intense negotiation is associated with larger
increases in skill assessments for men than for women, and these differences translate into
divergence in discretionary outcomes such as senior-track recommendations.

One potential explanation is that these assessments reflect normative expectations about
appropriate behavior. Social role theory provides one framework for understanding this asym-
metry (Eagly and Wood, 1999). According to this perspective, men are expected to display
assertiveness and agency, while women are expected to embody communality and warmth
(Conway, Pizzamiglio and Mount, 1996; Ridgeway and Berger, 1986). When individuals
behave in ways that are inconsistent with these expectations, evaluations may be affected
(Rudman, 1998; Bowles, Babcock and Lai, 2007).

Our findings are consistent with this interpretation. Women who submit counteroffers
within the target range are relatively more likely to be recommended for senior positions com-
pared to men, but this advantage reverses when counteroffers exceed the target range. In
contrast, men’s likelihood of receiving senior recommendations increases steadily with negoti-
ation intensity (Figure 2). These opposing patterns are consistent with assertive negotiation
being interpreted as a signal of leadership for men but less favorably for women.

We also find that these patterns are more pronounced in locations with stronger gender
norms, providing further suggestive evidence for this interpretation. At the same time, our
design does not allow us to distinguish whether these differences arise from gender-specific
priors about productivity, from preferences over behavior (e.g., penalties for norm violations),
or from other forms of evaluative bias.

What we can conclude is that differential updating of skill assessments is empirically impor-

tant, consistent with the framework, and sufficient to generate the observed gender differences
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in discretionary outcomes.

External Validity and Generalizability. The generalizability of our findings may be affected
by concerns related to selection, attrition, naturalness, and scale (List, 2020). Regarding selec-
tion, our sample of recruiters is comparable to the sample of HR professionals in the Current
Population Survey (CPS) in terms of gender composition and average compensation. Attri-
tion in our study was minimal (1.7 percent) and does not vary systematically with recruiters’
observable characteristics (see Table B15). With respect to external validity, our design uses
a 50:50 male-to-female ratio within each batch of 16 candidates to ensure sufficient statistical
power. This differs from the gender distribution in the software engineering workforce, where
women represent approximately 27 percent of workers (Amer, Craig and Van Effenterre, 2024).
However, this feature of the design is unlikely to bias our results upward. If anything, it may
lead us to understate the extent of gender disparities. First, a higher share of female candidates
may signal a stronger emphasis on diversity, which would tend to attenuate discriminatory
behavior; any bias we detect should therefore be interpreted as a lower bound. Second, if
recruiters interpret a higher female share as indicative of lower average quality among female
candidates, this would be reflected in lower overall ratings. Instead, Table B16 shows that,
on average, female candidates are, if anything, evaluated more favorably on observable skill

dimensions, absent heterogeneity by negotiation intensity.

7 Conclusion

In a first examination of how employers perceive and evaluate negotiation in a labor market
setting, we show that the negotiation stage contributes to gender differences in outcomes
beyond initial selection. Using a two-sided field experiment in which we assume the role of an
employer and enlist professional recruiters, we find that negotiation behavior is interpreted as a
signal of both market value and productivity, but that these signals are mapped differently into
wages and career-related decisions. While recruiters generally evaluate female candidates more
favorably than male candidates when counteroffers are moderate, these advantages reverse at
higher levels of negotiation intensity. When candidates negotiate above the target range,

male candidates receive more favorable updates in productivity-related assessments and are
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more likely to be recommended for senior roles, while female candidates are penalized through
higher rejection rates and lower promotion recommendations. In contrast, wage responses are
similar across genders, consistent with similar updating of outside-option beliefs.

These patterns suggest that gender differences in negotiation outcomes arise not from dif-
ferences in how outside options are inferred, but from differences in how negotiation behavior
shapes perceived productivity and how these beliefs translate into discretionary decisions. Our
findings highlight that the consequences of negotiation extend beyond wages to outcomes such
as rejection and career advancement, which play a central role in shaping inequality. Focus-
ing solely on wage outcomes may therefore understate the role of negotiation in generating
disparities. Overall, our results underscore the importance of understanding how employers
interpret negotiation behavior and how these interpretations translate into decisions across
multiple margins.

Our findings carry important policy implications. Promoting negotiation strategies among
women requires a nuanced approach. We show that disparities vary across decision-makers
and are shaped by the broader negotiating environment: a higher share of female candidates
who negotiate intensively increases gender disparities, pointing to the presence of spillovers.
This highlights the importance of considering equilibrium effects when evaluating “lean-in”
approaches, as individual negotiation strategies can influence how others are evaluated.

Second, we find that pay transparency laws have a moderating impact on non-salary dis-
parities. Although these non-wage dimensions are not directly targeted by pay transparency
laws, they may still be influenced by pay transparency. Future research should further ex-
amine how institutional constraints and market design shape negotiation processes and their

implications for inequality.
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Figures and Tables

FIGURE 1. The Effects of Intensity of Negotiation by Gender
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Notes: This figure displays the coefficients for the indicator variable representing whether candidates
counteroffers exceeded the target salary range, separately by gender. We also report the statistical
significance of the interaction between this variable and the female indicator, showing significance levels as
follows: * p < 10%, ** p < 5%, and *** p < 1%.

33



FIGURE 2. Benefits and Costs of Intense Negotiation
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Notes: This figure illustrates the relationship between hypothetical counteroffers made by fictitious
candidates and various perceptions and decisions by recruiters, separately by gender. The figure is organized
clockwise from the top left: final salary offer recommendations, whether recruiters recommended senior
positions, and whether the candidate’s application was rejected. To create the graphs, we calculated the
mean of the outcome variable within each $1,000 increment of the counteroffer range.
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Ficure 3. Optimal Counteroffer by Gender
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Notes: This figure plots the counteroffer that maximizes the certainty equivalent of negotiating at different
counteroffer levels separately for male and female candidates. The certainty equivalent is computed using
estimated relationships between counteroffers and salary offers, rejection probabilities, and senior-role
recommendations. Conditional on acceptance, pay equals the recommended salary, with an additional
premium when the candidate is recommended for a senior role. Specifically, expected pay upon acceptance is
w(n)-(1—s(n))+w(n) (1+9¢)-s(n), where w(n) is the recommended salary, s(n) is the probability of a
senior recommendation, and ¢ is the senior-role wage premium. If the candidate is rejected, utility is
normalized to a baseline value of 0. Utility is assumed to follow a constant relative risk aversion (CRRA)
form, u(c) = c¢'=7/(1 —+), with y = 0 corresponding to risk neutrality. The first two bars in each of the three
panels assumes risk neutrality; alternative specifications allowing for risk aversion (including values
consistent with the mean estimate in Chetty (2006)) and different values of ¢ yield similar patterns.
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TABLE 1 — SUMMARY STATISTICS - RECRUITERS

Variables Mean SD Min Max N
Recruiter Profiles
Female 0.736 0.441 0 1 493
White 0.533 0.499 0 1 493
Black 0.247 0.432 0 1 493
Total Hours 366.207 1,266.645 0 11,294 493
Hourly Rate 64.130 30.709 10 150 493
Bachelor degree 0.892 0.310 0 1 493
5 years of experience or more 0.769 0.422 0 1 493
Resume characteristics
Female CV 0.505 0.057 0 1 493
Total Experince (Month) 53.761 5.334 19 704 493
Counteroffer over target 0.514 0.211 .143 1 493
Percent over target: 25 0.325 0.469 0 1 493
Percent over target: 50 0.310 0.463 0 1 493
Percent over target: 75 0.365 0.482 0 1 493
Pay Transparency Advert 0.513 0.500 0 1 493
Recruiter Opinions on Counteroffers
Counteroffers over target are common 0.911 0.285 0 1 493
Counteroffers over target for women are common 0.615 0.487 0 1 493
Counteroffer is informative about current salary 0.621 0.486 0 1 493
Counteroffer is informative about outside options 0.548 0.498 0 1 493
Counteroffer is informative about personality 0.430 0.496 0 1 493
Recruiter Concerns on Accommodating Above-Range Salary Requests
Wider re-negotiations; higher salaries to future candidates  0.663 0.473 0 1 493
Considerations of fairness to other candidates 0.647 0.478 0 1 493
Concerns about legal consequences for making exceptions 0.264 0.441 0 1 493

Notes: This table presents summary statistics for the 493 recruiters hired for this study. The first
panel provides information on recruiter demographics and job experience, which are used as control
variables in subsequent analyses. The second panel presents recruiter-level averages based on the 16
resumes each recruiter evaluated. This includes the percentage of female candidates, the total work
experience listed on resumes, the proportion of resumes with counteroffers above the salary range, and
whether the packet included 25, 50, or 75 percent of candidates submitting counteroffers more than
the target range. The table also includes summary statistics indicating whether the recruiter’s packet
was assigned to the pay transparency regime. The third panel summarizes responses from post-
experimental debriefing questions. These include whether counteroffers above the target salary range
are common overall and specifically for female candidates, as well as how informative counteroffers are
perceived to be. Responses were coded into a dummy variable indicating answers above the midpoint
on a 4-point scale. Additionally, recruiters were asked about concerns related to accommodating
above-range salary requests, with dummy variables coded for whether each concern was selected.
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TABLE 2 — EFFECT OF COUNTEROFFER OVER SALARY RANGE

Variables Below Target Over Target Difference p-value

(1) (2) 2)-(1)

Salary Recommendations

Salary offer 138,184 152,775 14,567.15%**  0.000
(390.60)

Accept counter offer 0.556 0.247 -0.309%** 0.000
(0.015)

Market Value and Options

Current salary estimate 125,237 137,407 12,152.54***  0.000
(654.74)

Best outside offer estimate 139,606 152,907 13,249.12***  0.000
(553.14)

Candidate will likely accept 0.893 0.723 -0.171%¥* 0.000
(0.012)

Skill Assessments

Technical skills - High 0.800 0.821 0.020* 0.072
(0.011)

Team skills - High 0.806 0.818 0.011 0.321
(0.011)

Initiative skills - High 0.814 0.844 0.030%** 0.004
(0.011)

Other Recommendations

Reject application 0.077 0.121 0.046%** 0.000
(0.008)

Recommends WFH offer 0.586 0.644 0.058%** 0.000
(0.016)

Recommend for senior position 0.366 0.368 0.000 0.977
(0.013)

N 7,749

Number of clusters 493

Notes: This table examines how recruiters perceive and evaluate candi-
dates who request counteroffers above the target salary range compared
to those who request below it. The first section presents recommendations
on the final salary offer, whether to accept the candidate’s counteroffer,
reject the application altogether, offer work-from-home arrangements, and
recommend the candidate for a new senior position. The second section
reports recruiters’ estimates of the candidate’s market value and likelihood
of accepting the offer. The third section provides results for recruiters’ as-
sessments of candidates’ skills. Except for salary estimates, all variables
are binary, coded as 1 if they exceed the midpoint on a 4-point scale.
All regressions include biography fixed effects and recruiter controls, with
standard errors clustered at the recruiter level.
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TABLE 3 — EFFECT OF COUNTEROFFER OVER SALARY RANGE By GENDER

Female CV Male CV Difference F-M
Below Target Difference p-value Below Target Difference p-value Difference p-value
(1) 2) ®3) (4) (5) (6) (7) 8)

Salary Recommendations

Salary offer 138,123 14,374.08%**  0.000 138,247 14,734.91%%*  0.000 -379 0.376
(467.43) (420.78) (428.08)

Accept counter offer 0.568 -0.316%** 0.000 0.544 -0.306%** 0.000 -0.009 0.659
(0.018) (0.018) (0.021)

Market Value and Options

Current salary estimate 125,513 11,137.54%%%  0.000 124,951 13,147.81*%%  (0.000 -2,100%* 0.021
(878.06) (679.04) (905.40)

Best outside offer estimate 139,677 12,732.72%%%  0.000 139,534 13,740.06***  0.000 -1,074 0.117
(615.30) (673.44) (683.45)

Candidate will likely accept 0.897 -0.182%F* 0.000 0.890 -0.159%** 0.000 -0.023 0.175
(0.015) (0.015) (0.017)

Skill Assessments

Technical skills - High 0.810 0.004 0.760 0.790 0.034** 0.020 -0.030 0.101
(0.014) (0.015) (0.018)

Team skills - High 0.823 -0.008 0.536 0.788 0.030** 0.039 -0.039** 0.033
(0.014) (0.015) (0.018)

Initiative skills - High 0.832 0.016 0.208 0.795 0.045%** 0.002 -0.029* 0.093
(0.013) (0.015) (0.017)

Other Recommendations

Reject application 0.066 0.059%** 0.000 0.087 0.033%** 0.003 0.027** 0.047
(0.010) (0.011) (0.013)

Recommends WFH offer 0.599 0.066*** 0.000 0.572 0.049** 0.012 0.017 0.413
(0.018) (0.019) (0.021)

Recommend for senior position 0.389 -0.034** 0.047 0.342 0.034** 0.036  -0.068***  0.002
(0.017) (0.016) (0.022)

N 3,905 3,844

Notes: This table examines how recruiters perceive and evaluate candidates who request counteroffers above the

target salary range compared to those who request below it, with differential effects by gender.

The first and

second panels provide separate results for male and female candidates, while the third panel tests the difference in
outcomes between genders. The first section presents recommendations on the final salary offer, whether to accept
the candidate’s counteroffer, reject the application altogether, offer work-from-home arrangements, and recommend
the candidate for a new senior position. The second section reports recruiters’ estimates of the candidate’s market
value and likelihood of accepting the offer. The third section provides results for recruiters’ assessments of candidates’
skills. Except for salary estimates, all variables are binary, coded as 1 if they exceed the midpoint on a 4-point scale.
All regressions include biography fixed effects and recruiter controls, with standard errors clustered at the recruiter

level.
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TABLE 4 — EFFECT OF PAY TRANSPARENCY ON RECRUITER ATTITUDES

Variables Effect of Pay Transparency p-value

Informational value of negotiations

Quality of the pool of candidates: High 0.008 0.847
(0.043)

Counteroffer is informative about current salary 0.045 0.311
(0.044)

Counteroffer is informative about outside options 0.030 0.505
(0.045)

Counteroffer is informative about personality 0.048 0.288
(0.045)

Prevalence of negotiations

Counteroffers over target are common -0.021 0.410
(0.026)

Counteroffers over target for women are common 0.000 0.993
(0.044)

Concerns regarding pay transparency

Fear of wider re-negotiations & need of higher salaries to future candidates 0.063 0.142
(0.043)

Considerations of fairness to other candidates 0.045 0.295
(0.043)

Concerns about potential legal consequences for making exceptions 0.066* 0.095
(0.040)

N 493

Notes: This table shows results from the post-experimental survey where we asked recruiters
about various aspects of negotiation. In the pay transparency treatment, recruiters were informed
that the job advertisement disclosed the salary range. In contrast, the control group was told that
the advertisement only stated the salary would be commensurate with experience. The variables
include whether counteroffers above the target salary range are common overall and specifically
for female candidates, as well as how informative counteroffers are perceived to be. Responses
were coded into a dummy variable indicating answers above the midpoint on a 4-point scale.
Additionally, recruiters were asked about concerns related to accommodating above-range salary
requests, with dummy variables coded for whether each concern was selected. Robust standard
errors are used.
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TABLE 5 — EFFECTS OF PAY TRANSPARENCY

Salary Offer Recommend for Reject Work from

Senior Position  Application Home
Pay transparency 584 0.043 0.015 -0.005
(420) (0.027) (0.017) (0.038)
Over target 15,076*** 0.076*** 0.034** 0.058**
(624) (0.023) (0.015) (0.027)
Over target x Pay transparency -529 -0.077** -0.008 -0.017
(848) (0.032) (0.022) (0.038)
Female CV 118 0.068*** -0.023** 0.028
(301) (0.023) (0.011) 0(.019)
Female CV x Pay transparency -474 -0.04 0.005 -0.003
(436) (0.03) (0.017) (0.027)
Over target x Female CV -878 -0.11%** 0.026 0.029
(623) (0.03) (0.018) (0.031)
Over target x Female CV x Pay transparency 798 0.084* 0.004 -0.022
(886) (0.043) (0.027) (0.042)

Y mean 145,638 0.37 0.099 .62
N 7,749 7,749 7,749 7,749

Notes: This table examines how recruiters evaluate candidates under pay transparency treat-
ment compared to the control group, with differential effects by gender. In the pay transparency
treatment, recruiters were informed that the job advertisement disclosed the salary range. In
contrast, the control group was told that the advertisement only stated the salary would be
commensurate with experience. Except for salary estimates, all variables are binary, coded as
1 if they exceed the midpoint on a 4-point scale. All regressions include biography fixed effects
and recruiter controls, with standard errors clustered at the recruiter level.
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A Conceptual Framework

A.1 Beliefs: Informational Value of Negotiation

Posterior means. Define the signal loading vector

. Bv,g | Hv,g
ag = s Iug =
Bu,g Hew,g

Then the signal can be written as n = a;z + & where z = (v,w)’. The posterior mean is
o\ —1
Elz | n, 9] = pg +Xqa4 (algzgag + Ua) (” - algﬂg> : (A1)
Define the total signal variance
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Expanding (A.1) componentwise yields the posterior means:
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Slopes: How negotiation updates beliefs. The key comparative statics are the slopes of

posterior means in n:
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Both slopes are positive under standard assumptions (0379,03’9 > 0 and oy,,4 not too

negative). The critical observation is that both slopes can differ across groups: negotiation

may raise inferred skill more for men (doy,/dn > dtv/dn) while simultaneously raising inferred
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outside options more for women (d&y/dn > diy, /dn), or vice versa.

A.2 Firm’s Problem

Expected profit integrates over the posterior:
[M(w,s|n,g) = // {A(w—i—rs—w)S(v?w,s) — (1—A(w+75—w))cR] fe(v,w|n)dvdw. (A7)
Letting [E,, 4[] denote expectation under f,(- | n),

IT(w,s|n,g) =Ep4

A@) S(v,w,s) — (1 —A(x))cR] (A.8)
Define the value of acceptance relative to rejection
B(v,w,s) = S(v,w,s)+cg (A.9)
Then

M(w,s | n,g) =Ey,4|A(x) B(v,w,s)| —cr (A.10)

so the constant —cp drops out of the choice problem.

A.3 Optimality Conditions and Comparative Statics

We derive first-order conditions by differentiating (A.8). All derivatives below are justified by
standard regularity conditions, which hold here because A is smooth and bounded and the
posterior is Gaussian.

Denote
AN (z)=A(z)(1 - A(x)) >0, A'(z) =N (x)(1-2A(x)).
A.3.1 Wage Choice and Responses

Wage FOC (full expectation). Differentiate IT w.r.t. w. Since 0z /0w =1 and

0B _ 05
ow  Ow

=—1— Kky(w—w),



we obtain

0= gg - En,g[A'(x) B(v,w,s) + A(x) (=1 — rw(w — w))} . (A11)
Rearranging yields:
]Emg[/\'(m) B(v,w, s)] - Emg[A(az)} [1+ (w0 — )] (A.12)

The left side is the expected marginal acceptance gain from raising the wage (weighted by
the value of closing the hire, B). The right side is the expected marginal cost: the direct wage
bill plus the adjustment cost penalty from deviating from the organizational benchmark w.

Fix s and define

F(w;n,g,s) =Ky, A’(:U)B(v,w,s)} —Ep 4| A(z)

1+ Kuw(w—w)]. (A.13)

Then w*(n,g,s) solves F(w;n,g,s) =0. Assume the one-dimensional wage problem is locally
concave so that

0°I1
Fw(w*;n,g,s):w(w*,ﬂn,g)<O, (A14)

which ensures a locally unique wage best response.

Impact of © on the wage FOC. We differentiate with respect to the posterior mean parameter
(g(n), holding the posterior shape (variance and correlation structure) fixed.
This is equivalent to writing w = & 4+ & with © mean-zero under the posterior, so a change

in @ shifts & one-for-one:

ox

=—1.
ow

r=w+71s— (W+O)

B(v,w,s) does not depend on w, hence does not depend on & directly:

0B

=0.
ow
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Differentiate F' in (A.13) with respect to & by differentiating inside the expectation:
Fy

En,g[/\”(:c) % B(v,w, s)] —E, 4
E

ox

A/

i (@)

nyg[—A’/(x)B(U,w,s)} +En7g{A'(x)
By the implicit function theorem,

B

w} [1 + K (w —u?)}
1+ R (w — ).

with

ow* _ F(:,
o Fy
Hence the sign is determined by Fi:

F, <.

(A.16)
sign(aalg ) = sign(Fy).

Sufficient condition for positive wage response to outside options.
Since

A convenient sufficient
condition for Fj > 0 is that the posterior mass lies in an interior region where acceptance is

reasonably likely (A(x) > 1/2) and the match generates positive surplus (B > 0).
A'(z) = N(x)(1-2A()),

we have A”(x) <0 whenever A(z) > 1/2. In that region,

positive probability.

—A"(x)B >0 whenever B > 0.

The second term,

Thus the first term in Fy, is nonnegative and strictly positive when both conditions hold with

B[ A'(@)] [1 4 (w0 = )],
is positive when w > w (wage above benchmark). In our setting, the employer has offered an
that amount, so we have w 2 w.

initial offer price at the median of the pay band, and all suggested final offers are larger than

A-5
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Therefore, under interior regularity conditions with positive surplus, F; > 0 and hence

ow*
90 > ().

An increase in @ creates a mechanical reduction in acceptance probability for any fixed
wage: OA(x)/0L < 0. To restore acceptance and avoid rejection costs, the firm must raise w.

This is a first-order effect that operates regardless of skill assessments.

Impact of o on the wage FOC. Analogously, ¢ is the posterior mean parameter of v (holding
posterior shape fixed). We write v =040, so dv/00 = 1. = does not depend on v, so z; = 0.

But B =S + cg depends on v linearly through output v(1+ ds), hence

OB 0
96~ 90

(v(l + (53)) =1+9ds.

Differentiating (A.13) with respect to o:

oB
Fy=E, | A'(2) aA] —E, | A(2)] (1+45) > 0. (A17)
0
The implicit function theorem implies
ow* F;
au; = _FZ; >0, since I > 0 and Fy, <O0. (A.18)

Higher skill raises expected surplus B, making the hire more valuable. This creates in-
centive to raise wages to improve acceptance probability. However, this operates through a
surplus trade-off rather than a mechanical acceptance effect: the firm balances higher surplus

against the marginal cost of wage adjustment (including the deviation cost k).

Wage rigidity «,,. From the implicit-function formulas,

ow* B F; ow* F,

o0 F, o Fy,

F, <.
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The key object is Fy,, which can be computed as:

B
Fy— En,g[A”(x)B 4 2A’(az)g } By A@)]
w
= By g| A" () B] = 2B o[ A" (@) [1 4 fu(w = 0)] = 5B | A(2)] - (A.19)
curvature term marginal-cost term direct rigidity term

Because E,, 4[A(z)] > 0, a higher &, makes F;, more negative by approximately E,, ;[A(z)]
per unit increase in k. Therefore |F,| increases with r,,, and both |0w*/00| and |0w* /0D)|
shrink. Thus wage rigidity dampens both channels.

The model delivers conditions under which wage-setting is more sensitive to outside-option
beliefs than to skill beliefs.

Using the implicit-function representation

ow* Fy

=—— F, <0
ae Fw’ w )

relative sensitivity is governed by the numerators Fy, and Fj. Outside-option effects are more
likely to dominate whenever

From the earlier derivations,

F,= En,g{_/\//(w) B(U,w,s)] +Eng A (z)

[1+ Ky (w —w)],

Py = Emg{/\/(x)

(1446s).

The model implies that outside-option dominance is more likely under the following con-

ditions:

(i) Failed hires are costly. A larger rejection cost cp raises the value of closing, B = S+ cg,
which scales the curvature-weighted term E[—A”(z)B] and amplifies the marginal value

of increasing acceptance.

(ii) Offers lie on the high-acceptance side of the interior. For the logistic function,

A'(z) = N'(z)(1-2A()).
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Hence —A”(z) > 0 exactly when A(z) > 1. When the posterior places substantial mass
in this region (acceptance is more likely than not but not near certainty), the term
E[—A"(z)B] is positive and increasing in B, strengthening the outside-option (closing)
channel.

Under these conditions, wages function primarily as a closing instrument, responding

strongly to inferred outside options, while skill assessments are more naturally absorbed by

less rigid margins such as senior-track recommendations.

A.3.2 Senior-Track Recommendation and Responses

Senior FOC (full expectation). Differentiate (A.8) w.r.t. s. Now dx/Jds =7 and 0B/0s =
05/0s = 0v — ks(s — 5). The senior FOC is

0= %13 =By 4|7 A () B(v,w, ) + A(x) (60— k(s — 5))} (A.20)

Total differentiation for comparative statics. Fix w at the wage best response or treat (w, s)

jointly; for sign arguments it is enough to consider the implicit equation in s. Define

H(s;n,g,w) =E, 4|7 A(z) B(v,w,s) + A(x) ((51} — ks(s— 5)) , T=w+TS—w.

An interior optimum satisfies H(s*;-) = 0 and assume local concavity Hg(s*;-) < 0. Then for

any belief parameter 0 € {0,&},

0s* @

00 H’

Hg <0. (A.21)

Skill effect on s*. Treat v = 0+ © with fixed posterior shape. Holding s fixed, = does not

depend on v, hence x3; = 0. Compute H; by differentiating inside the expectation:

OB
0v 0
:Emg{TA/(x)(1+6s)+A(x)5} > 0. (A.22)

Hy = Enyg{TA/(l‘) + A(x) 8(51))}

Therefore, since Hy < 0,
os* H@

o0 H,

>0 (A.23)
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Higher inferred skill raises the marginal productivity return from senior placement (év)

and also raises surplus, making acceptance more valuable.
Outside-option effect on s*. Treat w =&+ @, so x5, = —1 and B =0. Then

H, = En’g|:7'/\”($) x5 B(v,w,s) + A (x) xg (51} — Ks(s— s))}

= En’g|:—7'A”<I) B(v,w,s) — A (z) (5U — ks(s— s))] . (A.24)
Hence
0s*  Hy
oo Hy’

and the sign depends on the posterior distribution and parameter values.

Unlike wages, senior recommendations do not respond monotonically to outside options.
The first term in Hg, captures an acceptance effect (higher & makes acceptance harder, raising
the value of instruments that improve acceptance). But the second term shows that when the
productivity margin v — rs(s—8) is positive, the direct negative effect on acceptance (through

—A'(z)) can dominate.

A.4 Differential Instrument Responses to Skill vs. Qutside Options

We now examine whether wages and senior-track recommendations respond differentially to
skill versus outside-option assessments. We show that the model allows for asymmetric re-
sponses, with certain parameters favoring stronger senior responsiveness to skill while simul-
taneously favoring stronger wage responsiveness to outside options.
Since F, <0 and Hs < 0 (concavity), the implicit function theorem gives:
os* ow* H; F;

> <
o~ o0 FARSVH)

and similarly for outside options:

8s*>8w* PN H, F
on o H R

Each comparison involves numerators (measuring how first-order conditions respond to
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belief changes) and denominators (measuring curvature of the objective function). We identify

factors that can generate differential instrument responses.

A.4.1 Skill Responses
From earlier derivations:
Fy =E[A'(2)](1+65)
Hy = ]E[TA/(Z‘)(l +ds) + A(z)d
When candidates value senior placement (7 > 0) and productivity complementarity is
positive (6 > 0):
Hy > Fy.

This numerator advantage arises because senior recommendations benefit from both the
acceptance channel (scaled by 7) and the direct productivity channel (A(x)d), while wages
benefit only from the acceptance channel. Larger ¢ strengthens this advantage.

The second-order conditions are:

P, = ]E[A”(:c)[SJrcR] N (@)1 + (w0 — @) — A(2) kg

H,—F [72/\"(:5) (S + cr] + 27 A () [6v — k(s — 5)] — A(x)ns]

The relative magnitudes depend on: (i) institutional rigidity (k. vs ks), (ii) candidate
valuation of senior placement (7), and (iii) productivity complementarity (4).
In settings with high acceptance rates—such as our empirical context where mean accep-

tance is approximately 0.9-the logistic derivatives become small. For example:
A(x) =09, A(x)=0.09, |A"(x)]~0.07.

When A(z) dominates its derivatives by an order of magnitude, the rigidity terms —A () kK,

and —A(z)rs dominate acceptance curvature and cross-derivative effects, giving:

|H5| s

~

’Fw’ "fw.

If wage-setting faces stronger institutional constraints than senior-track placement deci-



sions (ky > Kg), the denominator ratio favors senior responsiveness.

Factors favoring stronger senior skill responsiveness. Combining numerator and denomina-

tor effects, senior recommendations respond more strongly to skill when:

o Numerator: Candidates value advancement (7 large) and productivity complementarity

is strong (0 > 0), ensuring H; > Fj

e Denominator: Wage rigidity exceeds senior rigidity (k, > Ks), ensuring |Hg| < |Fy|

under high acceptance
When these factors align, both numerator and denominator favor stronger senior respon-

siveness: 0s*/00 > dw* /00.

A.4.2 Outside-Option Responses

From earlier derivations:

Fy = IE[ - A"(x)B(v,w,s)} + E{A'(m)} 1+ Ky (w—w)]
Ho—E { — A" (1) B(v,w,5) — N (2) (60— kg (s — 5))}

where B =S + cp is the net benefit of acceptance.

For wages, both terms are positive when acceptance is interior (A > 1/2 implies A” < 0):
 Acceptance curvature: E[—A”B] >0
o Direct closing cost: E[A'][1+ ky(w —w)] >0

Therefore Fy, > 0, and wages respond positively to outside options.

For senior recommendations, two forces offset:
o Acceptance channel: E[—7A”B] > 0 (using s as offer sweetener, scaled by 7)

o« Productivity dilution: —E[A’(dv — ks(s — 5))] is negative when productivity margin is

positive

The second term reflects that higher outside options reduce acceptance probability, which

reduces the expected productivity return from senior placement (output dv is realized only
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upon acceptance). When productivity complementarity is strong, this dilution effect can
dominate, making H; small or even negative.
The model cannot analytically determine which instrument responds more strongly to

outside options—it requires empirical validation.

A.4.3 Differential Responses Through Complementarity

Role of productivity complementarity. Notably, larger 0 has opposing effects across the two

comparisons:

o Skill responsiveness: Larger ¢ increases H; through the direct productivity channel,

making senior MORE responsive to skill assessments

o Outside-option responsiveness: Larger ¢ increases the negative productivity dilution term
in Hg, making senior LESS responsive (or even negatively responsive) to outside-option

assessments

This creates the potential for differential instrument responses: the same parameter (&
large) that makes senior respond more strongly to skill assessments simultaneously makes
wages respond more strongly to outside-option assessments.

This complementarity-driven pattern of differential responses is reinforced when: (i) can-
didates value advancement (7 large), (ii) wage rigidity exceeds senior rigidity (K, > ks), and
(iii) acceptance rates are high (making rigidity dominate curvature).

The key insight is that both instruments respond to both signals, but parameters can create
asymmetry in the magnitudes. When productivity complementarity is strong, we expect senior
recommendations to be relatively more responsive to skill signals and wages to be relatively

more responsive to outside-option signals.



A.5 Group Differences and Negotiation Intensity

Using the mean-slope formulas (A.5)—(A.6), any outcome y(w*, s*) responds to n via the chain

rule. In particular, for each group g,

dw’ ~ Owrday | Qw* diy,

g _J
dn  0& dn 0v dn’ (A.25)
ds®  0s* do 0s* dv
asg _ 0Us dwg @ty
dn 06 dn 96 dn (A.26)

Decomposition of group differences. The difference in wage responses across groups is

dwp, _dwj owt (dbw iy 0wt (diw _dor) A
dn dn oW dn dn ov \ dn dn
outside-option updating gap skill updating gap

Similarly for senior recommendations.

Subtract the wage-gap from the senior-gap and use the chain-rule decompositions

dst,  ds} dwy, dwy Js*  oJw* 0s*  ow*
G~ ) = (a2~ )+ (G5~ )™
dn  dn

dn  dn o 0h o6 Od

Rearranging, we obtain

os*  Jw* ow* 0Js*
(a@ _a@)A“> (a@ - 8(D>Aw
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B Additional Results

F1GURE B1. Distribution of Counteroffers

(A) Whole Sample
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Notes: This figure shows the distribution of hypothetical counteroffers made by fictitious candidates for the whole sample (Panel
A) and separately by gender (Panel B). Attached to each candidate’s resume, we provided counteroffer salaries to the firm’s initial
offer of $130,000. These counteroffers, all above the initial offers, were randomly assigned and represent negotiation intensity. A
certain portion of the candidates were shown to present counteroffers below the maximum salary range of $155,000 (but above the
initial offer), while others presented counteroffers above the maximum, up to 20 percent above the threshold (i.e., from $156,000
to $185,000).
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FiGUrE B2. Distribution of Biographies Mentioned as Top by Recruiters
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Notes: This figure shows the distribution of biographies that were mentioned as one of the top three by recruiters. It illustrates
how many times each biography was mentioned, regardless of the assigned gender. There are 32 biographies in total. The number
of times each biography was presented to recruiters ranges from 231 to 252, with a mean of 242.

Ficure B3. Distribution of Male-Favoring Propensity Across Recruiters
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Notes: We construct a male-favoring propensity score for each recruiter. We use a pre-registered method to assign male-favoring
propensities to recruiters. From the post-experimental survey, we asked each recruiter to name the top three candidates. We
then compile a list of the top 6 biographies mentioned by all recruiters and calculate for each recruiter the ratio of male resumes
selected to the total number of top 6 resumes presented to them with male names. Since it is possible that a recruiter may never
be shown a top male candidate by chance, we add one to the denominator to avoid division by zero. If a recruiter did not rank
anyone, we treat this as missing data for their propensity.



F1GURE B4. Current Salary and Outside Option Estimates from Higher Counteroffers
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Notes: This figure illustrates the relationship between hypothetical counteroffers made by fictitious
candidates and various perceptions and decisions by recruiters, separately by gender. The figure is organized
clockwise from the top: current salary estimates and best outside options. To create the graphs, we
calculated the mean of the outcome variable within each $1,000 increment of the counteroffer range.



TABLE B1 — HETEROGENEITY BY CANDIDATES’ GRADUATION YEAR AND WORK EXPERIENCE

Salary Offer =~ Recommend for Reject Work from
Senior Position  Application Home
Panel A: Candidates’ Graduation Year
Young -691.236** -0.014 -0.009 0.041
(349.020) (0.024) (0.015) (0.026)
Over target 15738.267*** 0.017 0.014 0.074**
(674.491) (0.026) (0.017) (0.031)
Over target X Young -1345.451* 0.029 0.023 -0.037
(758.549) (0.032) (0.021) (0.034)
Female CV -475.652 0.060** -0.025 0.072***
(393.420) (0.026) (0.016) (0.024)
Female CV x Young 541.687 -0.018 0.008 -0.068**
(466.317) (0.033) (0.019) (0.030)
Over target x Female CV -1209.394 -0.053 0.057** -0.053
(866.128) (0.038) (0.025) (0.038)
Over target x Female CV x Young 1081.321 -0.023 -0.042 0.104**
(1057.704) (0.047) (0.029) (0.045)
Y mean 145,638 0.37 0.099 0.62
N 7,749 7,749 7,749 7,749
Panel B: Candidates’ Work Experience
Experienced 1425.305*** 0.039* -0.031** 0.036
(331.469) (0.023) (0.013) (0.023)
Over target 13726.917*** 0.017 0.035** 0.054**
(554.783) (0.023) (0.016) (0.026)
Over target x Experienced 2125.587*** 0.037 -0.012 -0.007
(650.392) (0.031) (0.020) (0.033)
Female CV 264.030 0.041* -0.028* 0.017
(328.221) (0.023) (0.014) (0.022)
Female CV x Experienced -734.967 0.013 0.014 0.020
(482.026) (0.032) (0.018) (0.032)
Over target x Female CV -910.746 -0.048 0.031 0.043
(683.038) (0.032) (0.021) (0.032)
Over target x Female CV x Experienced 925.003 -0.038 -0.004 -0.052
(990.737) (0.043) (0.027) (0.045)
Y mean 145,638 0.37 0.099 0.62
N 7,749 7,749 7,749 7,749

Notes: This table examines how recruiters evaluate candidates depending on their gradua-
tion year (Panel A) and their experience level (Panel B), with differential effects by gender.
Candidates’ age is proxied by their year of graduation: young candidates graduated be-
tween 2016-and 2022, versus 2007-2015 for the older candidates. Experienced candidates
have above-median average years of experience (4.5 years or more). Except for salary esti-
mates, all variables are binary, coded as 1 if they exceed the midpoint on a 4-point scale.
All regressions include biography fixed effects and recruiter controls, with standard errors
clustered at the recruiter level.



FIGURE B5. Evaluation Order

Gender Distribution by Evaluation Order
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Notes: The top panel displays the count of male and female resumes evaluated at each position in the
sequence, showing how gender was distributed across evaluation order. The bottom panel presents the mean
outcome variable by evaluation position, averaged separately for male and female candidates
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TABLE B2 — BALANCING TEST OVER SALARY RANGE - RECRUITERS

Variables Control Treatment Difference p-value

Sociodemographic characteristics

Female 0.738 0.732 -0.006 0.711
White 0.536 0.535 -0.000 0.994
Black 0.250 0.240 -0.009 0.561
Total Hours 390.220 355.803 -34.417 0.477
Hourly Rate 63.738 64.555 0.818 0.483
Bachelor degree 0.892 0.900 0.008 0.473
5 years of experience or more  0.766 0.765 -0.001 0.928
Test of joint significance F-stat: 0.300 (p-value: 0.945)

Resume characteristics

Female CV 0.508 0.500 -0.008 0.457
Total Experince (Month) 54.009 53.633 -0.377 0.369
N 3,790 3,959

Notes: We perform data quality checks to ensure that the ran-
domization was successful. In this table, we test whether re-
sumes with counteroffers exceeding the maximum salary range
were more likely to be evaluated by certain types of recruiters or
had different resume characteristics. We compare the types of
recruiters (e.g., experience, race, and gender) evaluating coun-
teroffers made below or above the target range, and resume
characteristics that are considered under the two conditions.



TABLE B3 — BALANCING TEST OVER SALARY RANGE - RECRUITERS

Variables Control Treatment Difference p-value

Sociodemographic characteristics

Female 0.733 0.737 0.003 0.934
White 0.530 0.541 0.011 0.815
Black 0.259 0.232 -0.027 0.490
Total Hours 315.321 426.133 110.812 0.335
Hourly Rate 64.960 63.405 -1.555 0.577
Bachelor degree 0.892 0.900 0.008 0.760
5 years of experience or more  0.809 0.725 -0.085 0.027
Test of joint significance F-stat: 1.100 (p-value: 0.349)

Resume characteristics

Female CV 0.503 0.504 0.001 0.671
Total Experince (Month) 54.072 93.579 -0.493 0.277
Counter offer over target 0.503 0.518 0.015 0.435
Percent over target: 25 0.342 0.301 -0.040 0.340
Percent over target: 50 0.303 0.327 0.024 0.571
Percent over target: 75 0.355 0.371 0.017 0.705
N 3,741 4,008

Notes: We perform a balance test by regressing recruiters’ char-
acteristics on indicators for the pay transparency treatment.
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TABLE B4 — EFFECTS OF MALE-FAVORING RECRUITERS

Salary Offer Recommend for Reject Work from

Senior Position  Application Home

Male favoring recruiters 934* 011 -0.026 -0.011
(524) (0.034) (0.024) (0.045)

Over target 14,724 0.1%** 0.05* 0.012
(834) (0.035) (0.027) (0.039)

Over target x Male favoring recruiters -328 -0.065 -0.031 0.046
(1,014) (0.041) (0.032) (0.047)

Female CV 520 0.052* -0.035* 0.021
(456) (0.032) (0.021) (0.03)
Female CV x Male favoring recruiters -873 0.00031 0.007 -0.0021
(547) (0.037) (0.024) (0.035)

Over target x Female CV 557 -0.089** -0.0013 0.042
(859) (0.041) (0.032) (0.044)

Over target x Female CV x Male favoring recruiters -2,154** 0.021 0.065* -0.033
(1,049) (0.052) (0.037) (0.053)

Y mean 144,991 0.36 0.12 0.59
N 5,927 5,927 5,927 5,927

Notes: This table examines how recruiters who favor male candidates evaluate candidates differently.
This figure displays the coefficients for whether the recruiter is designated as male-favoring. See notes
in Figure B3 for constructing the variable for male-favoring propensity. Male-favoring recruiters are
defined as those who have the propensity greater the median. All regressions include biography fixed
effects and recruiter controls, with standard errors clustered at the recruiter level.
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TABLE B5 — EFFECTS OF RECRUITERS WITH HIGH MSA-LEVEL GENDER BIAS

Salary Offer ~Recommend for Reject Work from

Senior Position  Application Home

Gender Bias -26.262 -0.002 0.001 -0.024
(490.814) (0.032) (0.019) (0.045)

Over target 14404.634*** 0.004 0.054** 0.037
(642.460) (0.028) (0.018) (0.033)

Over target x Gender Bias 1130.120 0.032 -0.026 0.037
(982.030) (0.038) (0.026) (0.046)

Female CV -374.039 -0.004 0.002 -0.025
(374.534) (0.026) (0.015) (0.022)
Female CV x Gender Bias 469.085 0.084** -0.033 0.084***
(534.384) (0.036) (0.020) (0.031)

Over target x Female CV -175.055 0.001 0.004 0.085**
(706.597) (0.036) (0.023) (0.035)
Over target x Female CV x Gender Bias -1077.710 -0.106** 0.025 -0.099**
(1055.848) (0.053) (0.033) (0.049)

Y mean 145,728 .36 1 .63

N 5,571 5,571 5,571 5,571

Notes: This table examines whether candidates face differential negotiation penalties de-
pending on the gender bias prevalent in the recruiter’s MSA. Coefficients reported are for
the interaction term indicating a high-bias MSA. MSAs are classified as high-bias if their
average Gender-Science IAT score exceeds the sample median. The GenderaScience IAT
captures implicit associations between gender and fields (e.g., science versus liberal arts),
with higher values indicating stronger stereotypical associations linking males with science.
IAT scores are averaged at the MSA level using respondents from 2015-2020. All regressions
include biography fixed effects and recruiter controls, with standard errors clustered at the
recruiter level.
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TABLE B6 — EFFECTS OF FEMALE RECRUITERS

Salary Offer Recommend for Reject Work from

Senior Position  Application Home

Female recruiters 302 0.003 -0.003 0.12%**
(484) (0.032) (0.02) (0.041)

Over target 15,993*** 0.026 0.047** 0.11%**
(844) (0.034) (0.023) (0.036)
Over target x Female recruiters -1,612* 0.014 -0.023 -0.089**
(974) (0.039) (0.026) (0.042)

Female CV 36 0.063** -0.018 0.07***
(476) (0.03) (0.019) (0.025)
Female CV x Female recruiters -225 -0.021 -0.004 -0.059**
(534) (0.035) (0.022) (0.029)

Over target x Female CV 397 -0.084* 0.022 -0.036
(862) (0.044) (0.027) (0.042)

Over target x Female CV x Female recruiters -1,184 0.02 0.009 0.072
(1,004) (0.051) (0.032) (0.049)

Y mean 145,638 0.37 0.099 0.62
N 7,749 7,749 7,749 7,749

Notes: This table examines how male and female recruiters differentially perceive and evaluate
candidates of different gender. Except for salary estimates, all variables are binary, coded as 1
if they exceed the midpoint on a 4-point scale. All regressions include biography fixed effects
and recruiter controls, with standard errors clustered at the recruiter level.
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B.1 Robustness Checks

TABLE B7 — ROBUSTNESS CHECKS - EFFECT OF COUNTEROFFER OVER SALARY RANGE

Variables Baseline With Controls With Bio FE With Recruiter FE With Order FE

Difference p-value Difference p-value Difference p-value Difference p-value Difference p-value

M @ ® @ ) O] ) ®) © (10)

Recommendations

Salary offer 14,591.21%*%*%  0.000  14,575.53***  0.000  14,567.15¥**  0.000  14,043.87***  0.000  14,584.31***  0.000
(1396.32) (1393.67) (390.60) (1370.45) (1 396.68)

Accept counter offer -0.309%%* 0.000 -0.309%*+* 0.000 -0.309%** 0.000 -0.339%+* 0.000 -0.308%** 0.000
(0.015) (0.015) (0.015) (0.014) (10.015)

Reject application 0.044%* 0.000 0.044%*% 0.000 0.046%** 0.000 0.053%** 0.000 0.044%** 0.000
(10.008) (10.008) (10.008) (10.008) (10.008)

Recommends WFH offer 0.058*** 0.000 0.058*** 0.000 0.058*** 0.000 0.067*** 0.000 0.058%** 0.000
(0.016) (0.015) (0.016) (0.011) (0.016)

Recommend for senior position 0.002 0.887 0.002 0.890 0.000 0.977 0.005 0.662 0.002 0.877
(0.013) (0.013) (0.013) (0.012) (10.013)

Market Value and Options

Current salary estimate 12,170.52%%*%  0.000  12,163.75***  0.000  12,152.54***  0.000  13,198.11***  0.000  12,138.33***  0.000
(1670.58) (1656.49) (1654.74) (1497.31) ( 672.05)

Best outside offer estimate 13,301.13%*%%  0.000  13,251.93***  0.000  13,249.12***  0.000  13,238.70***  0.000  13,281.85***  0.000
(578.18) (1558.98) (553.14) (441.28) ( 578.77)

Candidate will likely accept -0.170%%* 0.000 -0.170%** 0.000 -0.171%F* 0.000 -0.199%** 0.000 -0.169%** 0.000
(10.012) (0.012) (0.012) (0.012) (0.012)

Skill Assessments

Technical skills - High 0.021* 0.065 0.022* 0.055 0.020* 0.072 0.020%* 0.019 0.021* 0.061
(10.011) (10.011) (0.011) (10.009) (10.011)

Team skills - High 0.012 0.272 0.012 0.274 0.011 0.321 0.002 0.821 0.012 0.277
(0.011) (0.011) (0.011) (10.008) (10.011)

Initiative skills - High 0.031%%* 0.005 0.031%** 0.003 0.030%** 0.004 0.024%** 0.003 0.031%** 0.005
(0.011) (0.011) (10.011) (10.008) (10.011)

N 7,749 7,749 7,749 7,745 7,749

Number of clusters 493 493 493 493 493

Controls No Yes Yes No No

Bio FE No No Yes No No

Recruiters FE No No No Yes No

Order FE No No No No Yes

Notes: This table provides robustness checks for Table 2, presenting results when including only specific subsets of controls. For
variable descriptions, refer to the notes in Table 2. Column (1): baseline with no controls. Column (2): adds recruiter-level controls.
These controls include recruiter gender, race, total platform hours, hourly rate, a bachelor’s degree indicator, and a 5+ years of
recruiting experience indicator. Column (3): adds biographical fixed effects, absorbing the identity of each unique resume template.
Column (4): recruiter fixed effects, absorbing all recruiter-level heterogeneity. Column (5): evaluation order fixed effects, where the
order is determined by the chronological sequence in which each recruiter submitted their evaluations. Standard errors clustered at
the recruiter level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01
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TABLE B9 — CORRELATION BETWEEN LEADERSHIP KEYWORDS AND SKILL ASSESSMENT

Technical Skills Team Skills Initiative Skills
(1) @) 3) (4) (&) (6) (7) (8) 9)
Full Female Male Full Female Male Full Female Male

Abov. Median Leadership 0.026**  0.020  0.033*** 0.059"* 0.058*** 0.060** 0.013*  0.006  0.020
(0.008) (0.012) (0.012) (0.009) (0.013) (0.013) (0.008) (0.011)  (0.013)

Constant 0.796**  0.802***  0.791%* 0.779"* 0.786™* 0.772"** 0.822*** (.836** (.808"**

(0.011)  (0.013)  (0.013) (0.012) (0.014) (0.014) (0.012) (0.013)  (0.014)
Observations 7749 3905 3844 7749 3905 3844 7749 3905 3844
R-squared 0.001 0001 0002 0006 0005 0006 0000 0000  0.001

Notes: Above Median Leadership is an indicator equal to one if the candidate’s count of leadership-
and management-related keywords exceeds the sample median. Keywords include: led, lead, lead-
ing, leader, leadership, managed, manage, managing, manager, management, supervised, supervise,
supervising, supervision, directed, directing, director, coordinated, coordinate, coordinating, coordi-
nator, coordination, team lead, project management, strategic planning, mentored, mentor, mentor-
ing, mentorship, hiring, oversaw, oversee, overseeing, oversight. Standard errors clustered at the
recruiter level are reported in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

TABLE B10 — CORRELATION BETWEEN LEADERSHIP KEYWORDS AND RECRUITER DECISIONS

Reject Senior Recommendation WFH Recommendation Offer
(1) ) () (4) (5) (6) (7) (8) (9) (10) (11) (12)
All Female Male All Female Male All Female Male All Female Male
Abov. Median Leadership -0.014** -0.020**  -0.007  -0.004  -0.008 0.001 -0.002  -0.003  -0.002 126.511 -261.825 -261.825
(0.006)  (0.009) (0.010) (0.010) (0.016) (0.015) (0.009) (0.014) (0.015)  (273.399) (427.252) (427.252)
Constant 0.107**  0.108**  0.106*** 0.369*** 0.378"** 0.360*** 0.617** 0.635"** 0.599"** 145567.956*** 145547.718** 145547.718***
(0.007)  (0.009)  (0.009) (0.010) (0.013) (0.013) (0.016)  (0.017)  (0.018) (340.360) (416.487) (416.487)
Observations 749 3905 3844 7749 3905 3844 7749 3905 3844 7749 3905 3905
R-squared 0.001 0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Notes: Above Median Leadership is an indicator equal to one if the candidate’s count of
leadership- and management-related keywords exceeds the sample median. Reject is an in-
dicator for application rejection. Senior Recommendation is an indicator for recommending
the candidate for a senior position. WFH Recommendation is the recruiter’s work-from-home
recommendation. Offer is the final salary offer in dollars. Standard errors clustered at the
recruiter level are reported in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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TABLE B11 — CORRELATION BETWEEN RESUME QUALITY INDEX AND SKILL ASSESSMENT

Technical Skills Team Skills Initiative Skills

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Full Female Male Full Female Male Full Female Male

High Quality 0.034** 0.035** 0.033*** -0.000 -0.007  0.006  0.027** 0.028"* (.026*
(0.008)  (0.012)  (0.013)  (0.008) (0.012) (0.013) (0.007) (0.010) (0.012)
Constant 0.799%*  0.800%** (.798"* 0.812"* 0.821** 0.803** 0.820*** 0.830*** (.811***
(0.010)  (0.011)  (0.012)  (0.011) (0.011) (0.012) (0.011) (0.012)  (0.012)

Observations 7749 3905 3844 7749 3905 3844 7749 3905 3844
R-squared 0.002 0.002 0.002 0.000 0.000 0.000 0.001 0.001 0.001

Notes: High Quality is an indicator equal to one if the candidate’s resume quality index
exceeds the sample median. The index is the mean of three indicators: whether the candidate
holds a computer science degree, has senior-level work experience (job title containing “II” or
“Sr”), and has above-median total work experience (in months). Standard errors clustered at
the recruiter level are reported in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

TABLE B12 — CORRELATION BETWEEN RESUME QUALITY INDEX AND RECRUITER DECISIONS

Reject Senior Recommendation WFH Recommendation Offer
(1) 2 3) ) (5) (6) (M 8) 9) (10) (11) (12)
All Female Male All Female Male All Female Male All Female Male
High Quality -0.022*** -0.026** -0.019*  0.029** 0.037**  0.020  0.021**  0.011  0.032**  1281.307** 1357.596*** 1208.458***
(0.007)  (0.010)  (0.010)  (0.011)  (0.016)  (0.016)  (0.010)  (0.015)  (0.016) (286.185) (409.356) (437.977)
Constant 0.107**  0.105***  0.108***  0.357** 0.360*** 0.353™* 0.608*** 0.629** 0.587*** 145203.711*** 144936.639*** 145473.087***
(0.007)  (0.008)  (0.008)  (0.009) (0.011) (0.011)  (0.016) (0.017)  (0.017) (318.966) (352.676) (369.852)
Observations 7749 3905 3844 7749 3905 3844 7749 3905 3844 7749 3905 3844
R-squared 0.001 0.002 0.001 0.001 0.001 0.000 0.000 0.000 0.001 0.002 0.002 0.002

Notes: High Quality is an indicator equal to one if the candidate’s resume quality index exceeds
the sample median. The index is the mean of three indicators: whether the candidate holds a
computer science degree, has senior-level work experience (job title containing “II” or “Sr.”),
and has above-median total work experience (in months). Reject is an indicator for application
rejection. Senior Recommendation is an indicator for recommending the candidate for a senior
position. WFH Recommendation is the recruiter’s work-from-home recommendation. Offer
is the final salary offer in dollars. Standard errors clustered at the recruiter level are reported
in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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TABLE B13 — SPILLOVER EFFECTS OF OTHER NEGOTIATING CANDIDATES

Salary Offer Recommend for Reject Work from

Senior Position  Application Home
High % over target 898.022** -0.042 -0.039** -0.010
(408.147) (0.028) (0.017) (0.039)
Over target 12590.217*** -0.002 0.032 0.062**
(893.108) (0.031) (0.023) (0.028)
Over target x High % over target 2306.558"* 0.062* 0.012 -0.010
(1014.579) (0.037) (0.026) (0.035)
Female CV 101.775 0.021 -0.033** 0.040**
(290.799) (0.021) (0.013) (0.017)
Female CV x High % over target -446.205 0.051* 0.024 -0.024
(434.941) (0.030) (0.017) (0.027)
Over target x Female CV 814.615 -0.041 0.030 0.006
(1118.593) (0.046) (0.031) (0.040)
Over target x Female CV x High % over target -1362.578 -0.053 -0.010 0.021
(1238.827) (0.053) (0.035) (0.049)

Y mean 145,638 .37 .099 .62
N 7,749 7,749 7,749 7,749

Notes: This table examines how recruiters evaluate candidates varying the share of candidates
who actively negotiate, with differential effects by gender. In the high-share group, more than 50%
candidates or more negotiate over the salary target. In the low-share group, 25% of candidates
negotiate over the salary target. Except for salary estimates, all variables are binary, coded as 1
if they exceed the midpoint on a 4-point scale. All regressions include biography fixed effects and
recruiter controls, with standard errors clustered at the recruiter level.

TABLE B14 — SPILLOVER EFFECTS OF OTHER NEGOTIATING FEMALE CANDIDATES

Salary Offer Recommend for Reject Work from

Senior Position  Application Home
High % Women over target 598.007 -0.061** -0.018 -0.024
(441.526) (0.027) (0.016) (0.039)
Over target 14176.390*** 0.026 0.023 0.056**
(580.544) (0.021) (0.015) (0.024)
Over target x High % Women over target 865.119 0.046 0.020 -0.001
(845.524) (0.033) (0.021) (0.037)
Female CV -3.349 0.020 -0.024** 0.018
(244.851) (0.017) (0.010) (0.015)
Female CV x High % Women over target -344.221 0.101*** 0.009 0.031
(527.299) (0.034) (0.020) (0.031)
Over target x Female CV -467.809 -0.053* 0.047** 0.005
(667.368) (0.030) (0.019) (0.027)
Over target x Female CV x High % Women over target -21.782 -0.080* -0.033 0.005
(940.657) (0.046) (0.029) (0.046)

Y mean 145,638 .37 .099 .62
N 7,749 7,749 7,749 7,749

Notes: This table examines how recruiters evaluate candidates varying the share of female candidates
who actively negotiate, with differential effects by gender. In the high-share group, more than 25%
female candidates negotiate over the salary target. In the low-share group, 25% of female candidates or
less negotiate over the salary target. Except for salary estimates, all variables are binary, coded as 1 if
they exceed the midpoint on a 4-point scale. All regressions include biography fixed effects and recruiter
controls, with standard errors clustered at the recruiter level.
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TABLE B15 — ATTRITION

Probability of Not Completing the Task

Recruiters’ characteristics:

Female -0.002
(0.012)
‘White 0.008
(0.010)
Black 0.006
(0.013)
Bachelor -0.032
(0.026)
Work Experience: 5 years or more 0.004
(0.011)
Y mean .017 .017 .017 .017 .017
N 7,749 7,749 7,749 7,749 7,749

Notes: This table examines how attrition varies with recruiters’ so-
ciodemographic characteristics. Each column reports the estimate of
a separate univariate regression of the covariate on recruiters’ prob-
ability of completing less than 16 candidates’ evaluations. Standard
errors are clustered at the recruiter level.
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TABLE B16 — EFFECT OF FEMALE CANDIDATE CV

Variables Male Candidate Female Candidate Difference p-value
(1) (2) (2)-(1)
Salary Recommendations
Salary offer 145,880 145,400 -433.14%* 0.090
(255.18)
Accept counter offer 0.388 0.408 0.022%* 0.032
(0.010)
Market Value and Options
Current salary estimate 131,816 131,099 -652.49* 0.051
(332.87)
Best outside offer estimate 146,695 146,100 -501.12 0.104
(308.00)
Candidate will likely accept 0.809 0.804 -0.005 0.522
(0.008)
Skill Assessments
Technical skills - High 0.809 0.813 0.005 0.517
(0.007)
Team skills - High 0.805 0.819 0.016** 0.035
(0.007)
Initiative skills - High 0.819 0.839 0.021%** 0.003
(0.007)
Other Recommendations
Reject application 0.102 0.096 -0.006 0.331
(0.006)
Recommends WFH offer 0.598 0.633 0.038*** 0.000
(0.009)
Recommend for senior position 0.360 0.373 0.011 0.308
(0.011)
N 7,749
Number of clusters 493

Notes: This table shows how recruiters perceive and evaluate male and female
candidates across various dimensions. The first section presents recommenda-
tions on the final salary offer, whether to accept the candidate’s counteroffer,
reject the application altogether, offer work-from-home arrangements, and rec-
ommend the candidate for a new senior position. The second section reports
recruiters’ estimates of the candidate’s market value and likelihood of accept-
ing the offer. The third section provides results for recruiters’ assessments of
candidates’ skills. Except for salary estimates, all variables are binary, coded
as 1 if they exceed the midpoint on a 4-point scale. All regressions include
biography fixed effects and recruiter controls, with standard errors clustered at

the recruiter level.
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C Recruitment Materials

C.1 Job Posting for Recruiters

Help Set Compensation Packages for Candidates

We are a specialized software company dedicated to crafting Al-driven solutions. As a
venture-backed, cutting-edge firm, we are experiencing rapid growth and have numerous ex-
citing openings across multiple locations. Currently, we're in a mass hiring period for computer
software engineer roles in Chicago, Boston, Austin, and Seattle. Given the scale of our hiring
needs, we're seeking your expertise to finalize compensation packages for several key positions
within our tech firm.

Responsibilities:

e Your participation in this task will likely require around 50 minutes of your time, followed

by a brief 10-minute debriefing session.

o During this period, we ask you to review 10-20 candidate profiles and provide thoughtful
evaluations using the evaluation form provided. Each evaluation will consist of around 10
short questions for each candidate. We expect you to offer insights and recommendations

based on industry standards and candidate qualifications in response to our questions.
Qualifications:
o Expertise in HR, compensation setting, or a related field.
o Strong communication skills, both verbal and written.

o Ability to think critically about client needs and provide valuable advice from the client’s

perspective.
o Familiarity with current industry trends and best practices in compensation.
o Detail-oriented with a focus on accuracy and thoroughness.

If you're passionate about shaping the future of tech talent and have the expertise to help us
navigate our hiring process, we’d love to hear from you. Join us in this exciting opportunity

to contribute to our growth and success.
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C.2 Recruitment Email

I hope this message finds you well. I'm reaching out with an opportunity for a short-term
recruiting project that requires a brief 1-hour commitment with $50 compensation. My client,
a specialized software company focused on Al-driven solutions, is currently in a mass hiring
phase for computer software engineer roles across Chicago, Boston, Austin, and Seattle.
We're seeking someone with an HR/recruiting background to assist in finalizing compen-
sation packages for key positions within the tech team. The task will take approximately 50
minutes, followed by a 10-minute debriefing session. This project is posted on [the platform
name|, where you would work through the platform. If you're interested, I'd love to provide

more details. Looking forward to hearing from you.

C.3 Recruiters’ Instructions

Please review the following information carefully, as it contains important details about the
task at hand.

We are a specialized software company dedicated to crafting Al-driven solutions. As a
venture-backed, cutting-edge firm, we are experiencing rapid growth and have numerous ex-
citing openings across multiple locations. Currently, we're in a mass hiring period for computer
software engineer roles in Chicago, Boston, Austin, and Seattle. Given the scale of our hiring
needs, we're seeking your expertise to finalize compensation packages for several key positions
within our tech firm.

Please review the attached job posting, which provides detailed information regarding the
responsibilities and requirements for these positions. Our allocated salary range for these
roles is $115,000 to $155,000. However, we are open to considering offers outside this range
for exceptional candidates. [V1 To adhere to local labor laws concerning pay transparency
in certain offices, we have explicitly mentioned this range in our job advertisement.] [V2
We did not mention the target salary in the job advertisement.|

We have extended informal offers to candidates, with an initial offer of $130,000. However,
we have received indications from some of the candidates that they may be open to negotiation
and have suggested counteroffers. With your insights, we aim to navigate these negotiations

effectively, ensuring competitive compensation packages tailored to each candidate’s unique
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profile. All candidates have successfully cleared our rigorous technical assessments.

Given the different responses we received from the candidates, we are now seeking input
from a compensation expert regarding suitable final compensation packages. We will share
resumes of the 16 candidates who suggested counteroffers along with their respective coun-
teroffer amounts. To streamline the process and gather your feedback efficiently, we have
prepared a survey form, which we kindly request you to complete.

We estimate that your involvement in this task will require approximately 50 minutes of
your time, followed by a brief 10-minute debriefing session. Your prompt response would be
greatly appreciated, as we are eager to finalize our hiring decisions. Thank you for your time
and contribution to our hiring efforts.

Please refrain from reaching out to any of these candidates. Your task solely involves
evaluating them and providing us with your private assessments. Our team will handle further
communication with the candidates. To avoid unintentional contact, we have redacted their
contact details in the application forms provided. Our hiring strategy emphasizes making
decisions exclusively on the submitted materials and interviews. Therefore, we advise against
seeking additional information about individual candidates beyond the materials we provide,
including online platforms.

Attached please find the following materials:

1. Information on the advertised openings

2. Resumes of the 16 candidates who suggested counteroffers

3. An Excel sheet detailing counteroffers proposed by the candidates
4. A link to a questionnaire to organize your suggestions: [LINK]

Your Contract ID is XX. For payment purposes, please indicate that when asked in the

questionnaire.

C.4 Email — Task Description

Hello,
Thank you for your interest in the job post. I wanted to share a bit more information

about the project with you.
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As outlined, our company is currently experiencing rapid growth and has numerous exciting
openings across multiple locations. Given the scale of our hiring efforts, we're seeking external
assistance in candidate evaluation and finalizing compensation packages.

We will provide resumes of approximately 16 candidates in the late stages of recruitment.
Your task will involve evaluating these candidate profiles and advising us on their compen-
sation. To streamline this process and gather your feedback efficiently, we have prepared
instructions and a survey form consisting of around 10 questions for each candidate. At this
point, we do not need you to contact or seek additional information about the candidates
themselves.

We estimate that your involvement in this task will require approximately 50 minutes of
your time, followed by a brief 10-minute debriefing session. If you are interested, please let me
know, and I will be in contact shortly. Please note that this is a one-time opportunity requiring
one hour of work. If you believe you will require additional time to complete this task, please
reach out in advance to request additional hours of work. Thank you for considering this

opportunity.

C.5 Job Posting

Salary Range: $115,000 - $155,000 per year About Us: We're on the lookout for a Senior
Software Engineer who’s ready to dive into the dynamic world of technology solutions. Join
our team and play a pivotal role in crafting and refining software applications that power
our business operations. From collaborating with stakeholders to implementing innovative
solutions, you’ll be at the forefront of driving efficiency and excellence. Job Details: As a Senior
Software Engineer, you’ll be an integral part of our tight-knit team, dedicated to pushing the
boundaries of innovation and service excellence. With a focus on cutting-edge technologies,

you’ll make meaningful contributions to our business and industry. Responsibilities:

o Design, develop, and implement top-tier software solutions aligned with user needs and

business objectives.
o Spearhead the development of core platform capabilities for our innovative product.

o Foster collaboration among team members and stakeholders to cultivate a culture of

teamwork and innovation.
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o Lead all stages of the development lifecycle, from requirements analysis to production

deployment.

« Drive continuous improvement efforts, enhancing software architecture and development

processes.
o Ensure the performance, quality, and responsiveness of our applications.
o Develop APIs for seamless integration with other software components.
o Craft user-friendly Uls using modern technologies like React.

e Provide technical leadership and mentorship to junior team members, contributing to

team growth.
Qualifications:
o 3-10 years of experience in software development.
o Proficiency in C#, .NET, React, and Django.
« Strong background in API and UI development.
o Deep understanding of the financial services industry and consumer finance.
o Proven track record of delivering high-quality software in fast-paced environments.
o Exceptional problem-solving skills with a creative and analytical mindset.

o Excellent communication and collaboration abilities, both independently and within a

team.

o Bachelor?s degree in Computer Science, Information Technology, or related field, or

equivalent experience.
o Self-motivated with a drive to contribute to company success.
« Passion for technology and a commitment to staying abreast of industry trends.

If you're ready to make your mark and drive innovation alongside a talented team, we want

to hear from you! Apply now and embark on a rewarding journey with us.
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FiGure C6. Example of Resumes

CBEB_5012
Benjamin [
Candidate Information
Candidate ID: CBEB_5012 Mailing Address: || EGTGTcTcTNRNGEEEE
ziv: I Prooc I Citystace: [
Email: [ urL:
Are you legally authorized to work in the US? Y Are you over the age of 18? Y
Are you willing to relocate? Y Will you require visa sponsorship? N

Employment History (Last three jobs

Title: Software Engineer
Company name: In-Depth Engineering
Location: Columbia, MD Dates: 2022-05 - Present

= Identify and patch software bugs within the AEGIS Combat System, utilizing C/C++, Java
and Git for issue tracking and version control

= Develop full stack web applications that track shared engineering design documents

= Create and deploy REST endpoints that accept and serve engineering design drawings

® Migrate Access databases to MySQL, improving scalability and performance

Title: Software Engineer
Company name:  Procraft, LLC
Location: Remote Dates: 2021-02 -2022-05

s Managed and maintained the entire codebase for Soulveyor.

s Merged the Steamworks API throughout the code to allow the user’s Steam client to
interact with thegame.

® Designed a fully-fledged client prediction and server reconciliation framework entirely
within C# toreliably ensure state across all clients, and to reduce RTT network latency by
an average of 22ms.

s (Created custom editor tools to reduce the asset/model/texture iteration, importation, and
integrationworkload from over10 minutes of repetitive tasks, down to the simple click of
a button.

® Orchestrated development for mobile devices, focusing on gameplay mechanics,
performanceoptimizations, and ergonomicUI which resulted in a runtime performance
improvement by an average of 54 FPS.

Title: Software Developer

Company name: Telesis

Location:  Bgtimore, MD Dates:  5018-09 - 2021-02
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D Resume Construction

We developed a structured approach to resume construction. All resumes follow a standardized
format, giving the impression that they are internally generated. Each resume is assigned a
unique identification number within the material packet. The resumes were sourced from
208 actual resumes found on popular job board sites, focusing on candidates with software
engineering experience from major US cities. Each resume includes three primary randomizing
modules: work history, education, and first name.

The work history section features up to the last three jobs, with each job tenure ranging
from 3 to 36 months. For the most recent position, there is a 50 percent chance of indicating
current employment, and unemployment spells between roles range from 0 to 3 months. Each
job entry combines the company name, location, and job description, which are drawn from
the job experience section in the pool of sourced resumes. This means that our tailored
resumes may combine elements, such as the first job from one version and the second job from
another, to best match the job description. The education section includes institution names,
attendance dates, and degrees, with each element independently selected from the resume
pool to enhance variety. For names, first names are drawn from a list of popular baby names
from the last 10 years, based on official government data (Social Security Administration), to
ensure realism and cultural relevance.

Using this approach, we created 32 resume templates, from which we randomly selected
16 resumes to form a packet. To ensure realism and consistency, we take several additional
steps. First, we use GEN-AI to paraphrase job descriptions within the job experience section
to ensure that all three jobs maintain consistent writing styles. Second, we manually review
all 32 resumes for consistency in terms of career progression and overall coherence within each
template and across the entire packet. Third, we consulted professional recruiters to ensure

that all materials align with industry standards.
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E Questionnaire to Recruiters

E.1 First Questionnaire to Recruiters

We employ a systematic approach to recruitment, utilizing comprehensive questionnaires as a
pivotal part of our screening process. This method ensures that we thoroughly assess candi-
dates based on both their qualifications and their potential fit within our organization. Please

choose one answer for each of the question below.

1. How would you evaluate each candidate in the following dimensions?

Exceptional Above Average Below Average Inadequate

Technical Skills

Team skills or ability to work well with others

Initiative

2. What is your best estimate of the candidate’s current annual base salary (in their most

recent job)? Please provide a numerical number in dollars.

3. Based on your understanding of the candidate’s experience, industry standards, and
any information available about potential outside offers from competitors, what is your
estimate for the candidate’s best annual outside offer?” Please provide a numerical

number in dollars.

4. Given the candidate’s skills, experience, and market standards, what annual salary offer
would you recommend to remain competitive and attract the candidate? Please provide

a specific numerical recommendation in dollars.

5. Our company offers varying levels of work-from-home days based on experience and
qualifications. Given the candidate’s preferences and the competitiveness of the offer,
do you recommend including work-from-home days in the compensation package to

enhance its appeal?’

(a) Strongly recommend.
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(b) Moderately recommend.
(¢) Moderately advise against.
(d) Strongly advise against.

6. Given the recent developments at our company, a new, higher-level position may be-
come available. Reflecting on your assessment of the candidate’s qualifications and their
negotiation behavior, would you recommend considering this individual for the newly
opened, more senior role?

(a) Strongly recommend.
(b) Moderately recommend.
(c) Moderately advise against.

(d) Strongly advise against.

7. Do you suggest accepting the candidate’s counteroffer?
(a) Yes
(b) No

8. If you answered ?No’ in question 8, how would you recommend getting back to the

candidate?

(a) Attempt to negotiate with this candidate to reach closer to the initially offered

salary.

(b) Explore negotiating with this candidate by offering non-salary benefits but main-

taining our initial offer.
(c) Reject this application.
(d) Other: please specify
9. Based on your assessment of the candidate’s profile and our job opening, what is the like-

lihood that the candidate would accept the job offer if presented with the compensation

package you recommended?
(a) Very likely
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(b) Likely
(c) Unlikely

(d) Very unlikely

E.2 Post-Experiment Questionnaire to Recruiters

As part of our debriefing process, we would like to ask some follow-up questions. To gather

your feedback more effectively, we have prepared this survey form.

1. From your experience as a recruiter, how would you rate the overall quality of these 16

of candidates who applied to our company relative to other tech companies.

Excellent

Above average

Average

Below average

2. How informative are the candidates’ counteroffers regarding their current salaries?

Very informative

Somewhat informative

Slightly informative

Not informative

3. How informative are the candidates’ counteroffers regarding other opportunities the

candidates have apart from the positions at our firm?

Very informative

Somewhat informative

Slightly informative

Not informative

4. How informative are the candidates’ counteroffers regarding their personalities?
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Very informative

Somewhat informative

Slightly informative

Not informative

5. Of the 16 candidates you reviewed, based on quality alone, which three candidates stand
out the most in terms of qualifications? Please provide their candidate numbers and

narmes.

6. In your professional experience, do you consider any of these reasons to be legitimate
concerns that other firms may have when accommodating higher salary requests from
candidates above the target pay range for the position? Feel free to select more than

one or choose none of the above.

Fear of wider re-negotiations among employees or the necessity of offering higher

salaries to future candidates

o Considerations of fairness to other candidates regarding exceptions to the salary

range
o Concerns about potential legal consequences for making exceptions.

¢ None of the above

7. In your experience, for job postings like ours, how common is it for candidates to suggest

counteroffers exceeding the target pay range?

Very common
o Common

Rare

Very rare

8. In your experience, for job postings like ours, how common is it for female candidates

to suggest counteroffers exceeding the target pay range?

e Very common
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o« Common
e Rare

o Very rare
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