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1 Introduction

Salary negotiations are a common feature of labor markets, with the potential to shape

key outcomes such as compensation levels, pay inequality, and the gender wage gap. Yet

despite their prevalence and potential importance, there is limited direct evidence on how

salary negotiations unfold in practice and what effects they have. In this paper, we use survey

and experimental data from active job seekers in the U.S. tech sector to uncover new empirical

facts about the negotiation process. While existing workhorse models of negotiation under

full information (e.g., Mortensen and Pissarides, 1994; Postel-Vinay and Robin, 2002; Cahuc

et al., 2006) have notable merits, they cannot rationalize some key experimental and non-

experimental findings. We therefore develop a new theoretical framework that accounts for

the new facts and enables counterfactual and policy analysis.

A central empirical motivation for our study is the striking variation in negotiation behav-

ior: some employees attempt to negotiate job offers, while others do not. Yet those who do

negotiate are often successful, securing significantly better compensation terms. This pattern

raises a central question: why don’t all employees attempt to negotiate? The lack of negotiation

is not necessarily inconsistent with complete information. For example, some employees may

forgo negotiation because they do not have leverage and thus have no chance of improving

their offer. However, based on anecdotal accounts, we hypothesize that employees’ reluctance

to negotiate may stem, at least in part, from information frictions.

We consider two types, or margins, of uncertainty. Extensive-margin uncertainty posits that

employees may refrain from attempting to negotiate because they believe that the employer is

not open to negotiations. For example, employees may have a fear—real or perceived—that it

may be a take-it-or-leave-it offer and thus attempting to negotiate would carry significant risks,

such as a rescinded offer or a strained employer relationship. On the other hand, intensive-

margin uncertainty posits that employees may refrain from negotiating because they feel like

they lack the information and skills necessary to conduct the negotiation. For example, they

may be unsure about how much to ask for, or how best to draft an email detailing their requests.

These information frictions are noteworthy not only to the extent that they could explain why

employees do not negotiate more often, but also because they can have welfare and policy

implications. In a world with full information, employees who choose not to negotiate might

be right not to—for instance, recognizing that without leverage, they have nothing to gain.
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However, in the presence of information frictions, employees who forgo negotiation may leave

money on the table or end up matching with an employer who does not value them most.

To shed light on how salary negotiations play out in real-world settings, we conducted a

survey targeting professionals in the U.S. tech sector who were actively navigating the job

market. Our research was conducted in partnership with levels.fyi, a company that provides

detailed compensation data. We invited a large sample of their users to participate in our

study. The baseline survey captured detailed information on participants’ backgrounds and an

embedded experiment with two treatment arms. Starting 45 days later, we conducted a follow

up survey to track key outcomes, such as whether the subject attempted to negotiate a job offer

and whether the offer improved from initial to final compensation terms.

The first treatment arm, called the encouragement treatment, was designed to address

uncertainty at the extensive margin. This light-touch informational intervention encouraged

participants to negotiate the terms of their job offers. In addition to a narrative promoting

negotiation, the message included factual survey data on the share of individuals who attempt to

negotiate and the proportion of those attempts that successfully result in higher compensation.

Prior to receiving this information, we elicited participants’ beliefs about these two statistics.

This enables us to examine heterogeneity in treatment effects based on prior beliefs, consistent

with standard practice in information-provision designs.

The second treatment arm, referred to as the coaching treatment, was designed to address

uncertainty at the intensive margin. Levels.fyi offers a negotiation coaching service in which

individuals are assigned to an experienced coach who provides personalized one-on-one guid-

ance to equip candidates with the knowledge and skills needed to negotiate their job offers. The

service is currently priced at $1,250 for the mid-level package and $2,450 for the senior package.

In this treatment arm, details about the service were described to both the treatment and control

groups. However, only the treatment group received a deep discount (80%+ off) to access the

service. Moreover, before the treatment assignment stage we measured stated willingness to

pay (WTP) for the coaching service using an incentive-compatible method. These data allow

us to explore heterogeneity between individuals with higher versus lower WTP for the service.

We recruited 1,620 subjects who completed both surveys. In the control group, the av-

erage participant earned $217,039 annually and had 7 years of work experience.1 Common

roles included Software Engineer, Product Manager, Data Scientist, and Director, with top

1Statistics refer to subjects in the control group, who did not receive either treatment.
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employers such as Google, Meta, and Apple. Most respondents (73%) were employed but

actively job searching. About 86% received at least one job offer; of those, 47.7% attempted to

negotiate, and 48.5% of negotiators succeeded in increasing their compensation. Ultimately,

76.0% accepted one of the offers.

Some basic descriptive statistics suggest that the information frictions we hypothesize

could be a plausible barrier to negotiation. Suggestive of extensive-margin uncertainty, when

asked open-ended about the main barriers preventing people from negotiating, coaches cited

fear of retaliation as a key factor. Also in open-ended questions, some participants explicitly

mentioned concerns about backlash, and a few of them mentioned having already experienced

it—such as job offers being withdrawn or relationships with employers being strained. These

concerns may be especially salient in our context, where 40% of initial offers are made ver-

bally, allowing employers to withhold written offers without formally retracting them. And

suggestive of intensive-margin uncertainty, nearly half of participants had no prior experience

negotiating salaries; and while some had read a book or taken a course, most reported no

formal training in negotiation.

The results of the encouragement treatment arm indicate that extensive-margin uncertainty

is a significant barrier to negotiations. The encouragement treatment significantly increased

both the likelihood of negotiating and the probability of securing better compensation. More

precisely, the treatment raised the rate of negotiation attempts by 7.3 percentage points (pp),

from 53.7% to 61.0% (p = 0.008), and the share who experienced compensation gains by

5.7 pp, from 30.3% to 36.0% (p = 0.012). These effects imply that a great majority of the

marginal negotiation attempts induced by the treatment were successful, suggesting that many

individuals underestimated their ability to improve their offers. And as predicted by the

belief-updating channel, the effects were concentrated among individuals whose prior beliefs

underestimated how common or successful negotiations typically are.

By contrast, the results from the coaching treatment suggest that intensive-margin un-

certainty is not a major barrier to negotiation. Demand for the service was very low—in

the control group (who faced the full price) only 1.1% of subjects took up the service. The

treatment had a statistically significant but economically small effect on take-up: even in the

treatment group, which received an 80%+ discount, only 3.0% took up the service. The effects

were somewhat stronger among individuals with higher stated WTP, but remained small even

within that group. Reflecting the limited take-up, the coaching treatment had no meaningful
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effect on negotiation attempts, increasing the likelihood of negotiating by an insignificant 0.9

pp (p = 0.752). Overall, limited access to affordable coaching does not appear to be a key

factor explaining why individuals choose not to negotiate.

The above evidence indicates that among the general population of tech employees,

intensive-margin frictions do not appear to be a major barrier to negotiation. However,

there may be a minority of individuals for whom intensive-margin frictions are significant. To

explore this possibility, we conducted another wave, referred to as Wave 2, in which we aimed to

recruit subjects with the highest demand for the coaching service. We included an organic link

to our survey on the levels.fyi website, right below an easy-to-see “Book Now” button, to sign

up for the coaching service. We recruited 1,586 subjects in this second wave. We successfully

attracted a sample with high demand for the service, as shown by both the stated WTP and the

actual take-up: in the control group (who faced the full price), 12.0% of Wave 2 control group

took up the coaching service, compared to just 1.1% in Wave 1. Due to the higher demand,

in Wave 2 the coaching treatment had a large effect on take-up—raising it by 24 pp (p < 0.001).

Despite the strong effect on take-up, the treatment still had no significant impact on negotiation

attempts (1.4 pp, p = 0.648). In sum, the evidence suggests that even among individuals with

high demand for coaching, most would have negotiated anyway without the service.

To assess whether our results are surprising or predictable, we conducted an expert forecast

survey. We recruited 117 academic experts with relevant publications, described the exper-

iment to them, and asked them to predict the treatment effects. The experts largely missed the

mark. For instance, most predicted that the coaching treatment would be more effective than

the encouragement treatment in increasing negotiation rates and compensation—whereas we

find the opposite.2

Motivated by the evidence, we propose a theoretical model of salary negotiations which we

use as a lens to interpret our empirical results and to explore welfare and policy implications.

While existing workhorse models of labor market bargaining offer valuable insights, our

model incorporates three key features that are jointly necessary to account for the patterns we

observe. First, negotiation involves “pushing the envelope”—employees are not passive price

takers and can choose to counter employers’ initial offers. Second, employees face extensive-

margin uncertainty about offer negotiability—they are unsure whether negotiating will lead to

backlash, such as the offer being withdrawn. Third, we allow employees to receive multiple job

2Results reported in Supplement H.
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offers, framing bargaining under risk as a portfolio choice problem à la Chade and Smith (2006).

Upon receiving job offers from a set of employers, an employee elects to negotiate by

making counteroffers to any subset of them. Extensive-margin uncertainty may dissuade

the employee from negotiating altogether. She weighs the risks and rewards of negotiating

with one employer, conditional on her decision to bargain with others. For example, an

employee may choose to negotiate with one employer only if she has a sufficiently compelling

“safety” offer from another employer with which she does not negotiate. We characterize the

employee’s optimal bargaining strategy and show that it follows a “top down” structure: she

initiates bargaining with the employers offering the highest match value and negotiates with

additional employers only if the expected gains exceed the inside option provided by the rest

of her portfolio in expectation.

The model helps rationalize our key experimental finding. Under standard complete-

information models, an information treatment like our encouragement intervention should have

no effect. In contrast, our model explains why the encouragement treatment increases the share

of employees who attempt to negotiate and secure compensation gains. It also captures a series

of non-experimental findings that conflict with predictions from canonical models. For exam-

ple, standard bargaining models based on Bertrand competition (e.g., Postel-Vinay and Robin,

2002; Cahuc et al., 2006) predict that employees negotiate their lowest offers upward to match

their best offer, leading to a reduction in the dispersion of final compensation terms. In sharp

contrast, our model predicts that employees begin by negotiating their top offers, treating the

others as fallback options, and leading to an increase in dispersion of compensation terms. Con-

sistent with our model, the data show that employees are more likely to negotiate their best of-

fers than their worst, and that negotiations increase the dispersion in final compensation terms.3

We leverage the model to examine welfare and policy implications, for which it is crucial

to account for equilibrium effects. For instance, what would happen if our encouragement

treatment were scaled across the entire market? In our experiment, we treat only a negligible

fraction of employees, so it is reasonable to hold employers’ wage-setting practices fixed.

However, a market-wide rollout would likely lead to more widespread negotiation attempts,

prompting employers to optimally adjust their wage-setting behavior in response (see Cullen

and Pakzad-Hurson, 2023). To capture these dynamics, we embed the employee’s negotiation

problem into a richer framework that endogenizes employer responses. Employers choose both

3Offer matching may be the predominant form that bargaining takes in other markets—most notably,
universities are known for adjusting pay to match competing offers in academia.
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wage offers and whether to make them negotiable, aiming to maximize profits. In equilibrium,

employees’ beliefs about negotiability are consistent with employers’ decisions.

A policymaker can use various levers to make salary negotiations more or less common in

equilibrium. While numerous pay transparency policies have been enacted around the world

(Perez-Truglia, 2023; Cullen, 2024), there are currently no policies specifically targeting salary

negotiations. That said, several proposals have been put forward. Some aim to encourage

leaning-in—that is, promoting negotiation—by offering free negotiation workshops (Enwe-

meka, 2016), launching information campaigns similar to our encouragement treatment, or

imposing penalties on employers who retaliate against negotiation attempts. Other proposals

aim to encourage leaning-out, for example by banning negotiations altogether (Kray, 2015).

Existing models are largely silent on whether pushing in either direction is beneficial or

harmful for welfare—and folk wisdom on the matter is divided.

Our model demonstrates that inducing a lean-in equilibrium—in which employers are

always open to negotiating—increases employee de facto bargaining power and achieves

the highest possible efficiency across equilibria. The efficiency gains arise in part because

bargaining is frictionless, eliminating any “waste” from failed negotiations. Additionally,

employers are compelled to concede the maximum surplus to employees, aligning employee

incentives to maximize wages with those of a social planner who seeks to maximize efficiency.

Indeed, we show that counteroffers need not be actually made in a “lean-in” equilibrium,

because the threat of a counteroffer alone compels employers to make high initial wage offers.

We also show that, consistent with our experimental findings on gender gaps, the lean-in

equilibrium promotes greater equity among employees with similar labor market prospects.

We formalize how the lean-in equilibrium could be achieved through an information campaign

that scales up our encouragement treatment. Finally, we show that the lean-out equilibrium

leads to the lowest-employee-surplus outcome in certain labor markets.

Our paper contributes to several strands of literature. First, we contribute to the literature on

bargaining in labor markets, offering both empirical and theoretical insights. On the empirical

side, evidence on the role of salary negotiations remains limited. Card et al. (2016) use matched

employer-employee administrative data to estimate a model that decomposes wage inequality

into components attributable to sorting and bargaining. To get direct measures of negotiation

rates, Hall and Krueger (2012) use survey data and find that roughly one-third of U.S. employ-

6



ees engage in wage bargaining.4 More recently, Caldwell et al. (2024) provides comprehensive

survey evidence from Germany on the role of bargaining in labor markets. We contribute by

uncovering novel evidence that information frictions and fear of employer backlash are key

barriers to negotiation. We offer a bargaining microfoundation for firm-level wage premia,

complementing Kline (2025a) and Card et al. (2018). Moreover, from a methodological

standpoint, our study is related to Cortes et al. (2024) and Capozza (2024), who conducted

experiments informing individuals about the gender pay gap in negotiations. For further

discussion, see Supplement E.2, where we report the heterogeneity of the effects by gender.

On the theoretical side, our model builds on existing frameworks while incorporating new

features that we believe are essential for explaining key findings. Some standard approaches

for bargaining are based on Nash’s reduced-form bargaining solution (e.g., Mortensen and

Pissarides, 1994), the alternating-offer model (e.g., Rubinstein, 1982; Stole and Zwiebel, 1996;

Gentile Passaro et al., 2024), and Bertrand-like competition for employees (e.g., Postel-Vinay

and Robin, 2002; Cahuc et al., 2006). More closely related to our approach, there are some

bargaining models incorporating incomplete information (e.g., Myerson and Satterthwaite,

1983; Chatterjee and Samuelson, 1983; Fudenberg et al., 1985; Fuchs and Skrzypacz, 2010), al-

though they capture something closer to intensive-margin uncertainty than to extensive-margin

uncertainty.5 Although existing bargaining models offer valuable insights, they fail to capture

the novel experimental and non-experimental findings that our model successfully explains.

The remainder of the paper is organized as follows. Section 2 describes the institutional

context, experimental design, and implementation details. Section 3 presents the effects of

the encouragement treatment, while Section 4 covers the effects of the coaching treatment.

Section 5 introduces the model. The final section concludes.

2 Experimental Design

2.1 Overview of the Experimental Design

We collected panel data, consisting of a baseline survey and a follow-up survey. The main

goal of the baseline survey was to administer the treatments. The main goal of the follow-up

4Salary negotiations are more common in high-skill positions (Hall and Krueger, 2012), presumably because
these roles require more tailored offers (Cullen et al., 2022).

5In other words, the central tension agents must resolve is how much to ask for, not whether to ask for more.
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survey was to measure the outcomes of interest, such as whether the subject attempted to

negotiate. A sample of the baseline and follow-up survey instruments are attached as Appen-

dices I and J, respectively. The survey was largely adaptive—for example, if an individual

reported to have an offer, we would ask additional questions about that offer, like the compen-

sation terms and whether he or she attempted to negotiate it. The full survey logic is detailed

in Figures B.1 and B.2. The surveys typically took between 5 and 10 minutes to complete.6

To encourage participation in the study, we paid subjects $50 via electronic gift card.7

The baseline survey started with a series of questions that were used as filters. To qualify

for the study, subjects must have: had permission to work in the U.S., been at least 20 years

old, had a college degree, and either had an offer or been actively looking for one.8 The survey

collected identifiable information, including full name, email address, and employment history.

In addition, we were able to match 78% of participants to a LinkedIn profile.9 The LinkedIn

data allows us to validate survey responses, capture additional subject characteristics, and track

subsequent job mobility—even for participants who did not complete the follow-up survey.

The baseline survey gathered detailed subject characteristics, including demographics,

prior negotiation experience or training, and information about the respondent’s current or

most recent job—such as employer, job title, and compensation. To standardize compensa-

tion reporting, we closely followed the approach used by levels.fyi. Specifically, we asked

separately about annual base salary, annual equity compensation, annual bonuses, and re-

location or sign-on bonuses. Unless otherwise noted, compensation refers to annual total

cash compensation following the definition used by levels.fyi: the sum of annual base salary

(on average, 77.9% of the total), annual equity compensation (15.9%), and annual bonuses

(6.2%).10 This definition implicitly assumes that employees value the three components

roughly equally—motivated by anecdotal evidence suggesting that employees primarily care

about total cash compensation. Moreover, a simple analysis of individuals’ choices between

offers supports this approximation—see Supplement C.5.

6Median completion time was 8.38 minutes for the baseline survey and 5.25 minutes for the follow-up survey.
7There were some small variations in these financial incentives—see Appendix B.1.
8For more details, see Appendix B.1. Additionally, we used data on IP addresses and LinkedIn profiles

to confirm that the vast majority of subjects were indeed based in the U.S.
9In the first wave, we manually matched respondents to their LinkedIn profiles. Beginning in the second

wave, we required participants to provide a valid LinkedIn profile at the start of the survey—see Appendix B.4.
10In practice, equity may vest unevenly over several years. Following the levels.fyi definition, we asked

participants to report the average annual value across all vesting years. Since relocation and sign-on bonuses are
one-time payments, following levels.fyi’s definition we exclude them from the definition of annual compensation.
In any case, these bonuses are relatively small—on average, only 3.5% relative to a year’s worth of compensation.
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The goal of the follow-up survey was to track how job search unfolds—for example,

whether participants receive offers and attempt to negotiate them. One implementation

challenge was the varying pace of job searches across individuals, so we staggered the invitation

emails to accommodate this variation. Approximately 45 days after the baseline survey, we

sent the first round of follow-up invitations. If a participant responded but had not yet received

any offers, we sent a second invitation 45 days later. If they still had not received any offers

by that second checkpoint, we sent a final invitation four weeks later. Participants who did not

respond to an invitation were sent multiple reminders. Among individuals who completed the

follow-up survey, the median time between the baseline and follow-up surveys was 56 days.11

In the baseline survey, we asked participants whether they had any job offers at the time.

For those who did, we collected detailed information, including compensation terms. To keep

the baseline survey manageable, we asked for details on only one offer—if they had multiple,

we asked them to report their preferred one.12 In the follow-up survey, participants were

reminded about the offer they listed at baseline, and they were asked to list any additional offers

and to provide details for each. We allowed individuals to list up to three new offers, including

any offers from their current employer. A small minority of participants (2%) had more than

three additional offers; in those cases, we asked them to report their top three. For each offer

reported (including the one from the baseline), the follow-up survey included a series of

questions used to construct outcome variables, such as whether the participant attempted to

negotiate and whether the compensation terms improved—more details in Section 2.4 below.

2.2 Encouragement Treatment Arm

The two treatment arms were located toward the end of the baseline survey. Treatment

assignment was cross-randomized, so that 25% received the encouragement treatment, 25%

received the coaching treatment, 25% received both, and 25% received neither.

The encouragement treatment arm targeted what we call extensive-margin uncertainty:

people may choose not to negotiate because they believe the employer is not open to nego-

tiations. This treatment consisted of a light-touch informational intervention that encouraged

participants to negotiate job offers. Half of the subjects randomly assigned to the encourage-

ment treatment saw an additional screen with the encouragement message (reproduced in Panel
11For more details, see Appendices B.3 and C.1.
12Subjects with multiple offers at baseline were a minority: approximately 13.6% had two offers, and 6.6%

had three or more.
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A of Figure 1), while the other half—the control group—did not see this screen. In addition to

a narrative encouraging negotiations, the message included factual information from a recent

survey (Fidelity, 2022) stating that 42% of individuals attempt to negotiate offers and that 85%

of those who do are successful.13 The message also included additional arguments in favor

of negotiating—for instance, that one should not feel guilty about negotiating, that companies

expect it, and a mention of a Harvard Business School course highlighting the long-term

financial benefits of negotiating.

Given that the treatment message included information about the share of individuals who

negotiate and their success rate, it is natural—under standard learning models—to expect

heterogeneous effects by prior beliefs. For example, individuals who underestimate the share

of negotiators should update their beliefs upward in response to the information and thus

become more likely to negotiate themselves. By contrast, individuals with accurate beliefs

should not update and therefore should not respond to the information. Indeed, leveraging

heterogeneity by prior beliefs is a common approach in information-provision experiments

(see e.g., Cullen and Perez-Truglia, 2022). With this in mind, we measured beliefs about

the share of individuals who attempt to negotiate and their success rate immediately be-

fore the encouragement-provision stage. These data allow us to explore the (pre-registered)

heterogeneity by prior beliefs.

2.3 Coaching Treatment Arm

The coaching treatment arm was designed to capture intensive-margin frictions: i.e., even

if individuals are aware that negotiating is an option, some may refrain from negotiating simply

because they feel they lack information or skills needed to succeed. Successful negotiations

may involve multiple tasks. Individuals must determine what to ask for—should they negotiate

for a higher base salary, a larger bonus, or more equity compensation? Or should they focus

on non-compensation benefits instead? Even if they know what to ask for, pinpointing the

right amount can be challenging, though websites like levels.fyi provide readily available data.

Additionally, small tasks such as crafting negotiation emails could be intimidating. Even with

a basic understanding, individuals may lack the confidence to negotiate and ultimately choose

to forgo it altogether.

The coaching treatment consisted of a special offer providing a deep discount on a negotia-

13To enhance credibility, the treatment message included hyperlinks to all the referenced articles.
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tion coaching service offered by levels.fyi. Before learning whether they received the discount,

all subjects—both treatment and control—were shown a brief description of the service,

including its main features and standard price. As part of the service, a subject was assigned

to a dedicated coach who was available via video or phone for a three-month period.14 During

this time, the coach could assist with planning communications, drafting emails, and advising

on outreach. The service was highly rated by users.15 Reviewers praised the responsiveness

and professionalism of the coaches and highlighted the personalized attention and tailored

advice. Many reviews also mentioned that the sessions were effective not only for maximizing

pay, but also for other purposes such as managing anxiety and making decisions about which

offer to accept.

Half of the subjects, randomly assigned to the treatment group, were shown an additional

screen (reproduced in Panel B of Figure 1) offering the service for a heavily discounted price

($250), while the other half—the control group—did not see this screen.16 Individuals in

the control group could still book the negotiation service through the levels.fyi website, but

without the discount. In consultation with the partner organization, we deliberately designed

the treatment as a deep discount rather than making it entirely free.17 We made it as easy as

possible for recipients to claim the discount. They had the option to schedule their first meeting

with the coach directly from the survey. If they did not do so, we later sent them a reminder

via email informing them that the discount was still available.

There were two relevant packages—mid-level and senior-level—each tailored to candi-

dates with different levels of experience and priced accordingly.18 In our sample, about 61%

of subjects fit into the mid-level service, while the remaining 39% fit in the senior-level. The

service cost $1,250 for the mid-level package and $2,450 for the senior package.19 The implied

14For more details, Figure B.3 shows a screenshot of levels.fyi’s frequently asked questions for the negotiation
coaching service.

15In addition to our own survey data, we also draw on publicly available customer reviews from levels.fyi’s
website—Figure B.4 shows a screenshot with sample reviews.

16In response to feedback from levels.fyi, we revised the terms of the offer during the initial months of
recruitment, ultimately converging to these final terms—see Appendix B.2.

17One concern was that a free offer might be perceived as too good to be true. Another concern was that
providing the service entirely for free could lead individuals to take it up without taking it seriously (e.g., not
meeting with the coach).

18There was also a leadership-level package, which was tailored to a small minority and not relevant because
it was not included in the experiment.

19Since recruitment for the two waves spanned nearly two years, there was one price change during the
sample period: in February 2024, the company increased the price of the mid-level service from $650 to $1,250,
and the price of the senior service from $1,887 to $2,450.
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discount was then 80% for the mid-level package (from $1,250 to $250) and about 90% for

the senior package (from $2,450 to $250).20

After introducing all subjects to the levels.fyi negotiation coaching service—but before

informing them whether they would receive the discount—we elicited their WTP for the service.

To incentivize truthful responses, we used an incentive-compatible method (Becker et al., 1963).

More precisely, we employed a price-list method in which subjects made choices across five

hypothetical scenarios. In the first scenario, they had to choose between the coaching service

and a $100 Amazon gift card. In the remaining four scenarios, they faced the same binary choice

but with increasing monetary amounts, up to $600. To introduce real stakes, we explained that

10 participants would be randomly selected to have one of their choices implemented—that is,

there was a positive probability that one of their selections would have real consequences.21 The

WTP data is valuable in its own right, as it provides insight into demand for the service. It also

allows us to study heterogeneity by WTP. For example, individuals with a stated WTP above

$250 should—at least in theory—be expected to take up the service when offered the discount,

while those below that threshold should not take up the service even when offered the discount.

2.4 Outcomes of Interest

The first main outcome of interest is whether subjects attempted to negotiate. Specifically,

the outcome variable equals 100 if the individual attempted to negotiate at least one offer and

0 otherwise.22 As with any survey question, our measure of negotiation attempts may suffer

from some measurement error.23 The second main outcome is whether the compensation terms

20These calculations are based on the latest prices—the discounts were even deeper in percentage terms
when using the prices from the earlier period.

21For the 10 subjects selected to have their choices implemented, the survey ended prematurely and they
were not included in the subject pool.

22Some individuals may have received multiple offers. For these individuals, the measure captures the
extensive margin—i.e., whether they attempted to negotiate any offer at all. There may also be intensive margin
responses, such as negotiating a larger number of offers. However, this margin is limited: as discussed in
Section 2.7, most individuals have a single offer and even those who do have multiple offers typically attempt
to negotiate only one.

23For example, some individuals may not pay attention to the question, may misread it, or may make mistakes
when responding. In addition, there is subjectivity in how respondents interpret what constitutes a negotiation
attempt. For instance, delaying a decision on an offer can be a negotiation strategy—the employer may grow
anxious and improve the offer proactively. As a result, some respondents may report that they did not attempt to
negotiate, even though they may have done so implicitly by merely waiting. Indeed, we observe some suggestive
evidence consistent with this: among offers for which the subject did not report a negotiation attempt, a small
but non-negligible share (13.2%) experienced an improvement in compensation terms.
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improved, regardless of whether a negotiation attempt occurred. Specifically, the outcome

variable equals 100 if the annual compensation increased from the original terms to the latest

terms for at least one offer, and 0 otherwise. Alternatively, we can measure this outcome as

the percentage change in compensation terms from the initial offer to the final offer.24

There are two additional outcomes that are closely related to the negotiations outcome.

First, we construct a measure that can pick up short-lived effects of the intervention. For

instance, in the case of the encouragement treatment, individuals may have forgotten the infor-

mation or it may have become less salient over time. At the end of the baseline survey—after

subjects had been exposed to their assigned treatments—we asked whether they intended to

negotiate in the future. The intention to negotiate outcome takes the value 100 if the subject

expected to negotiate future offers almost surely, and 0 otherwise.25 Second, we included two

questions that can serve as a placebo outcome, for a falsification check. In the baseline survey,

we asked subjects about whether they had experience negotiating offers in the past. Because

this question was asked before subjects were exposed to any treatments, we should expect no

treatment effects on this outcome. Likewise, we asked another question—also administered

before treatment assignment—on whether they had attempted to negotiate when they received

the offer for their current or most recent job. This constitutes our second placebo outcome.

In addition to the two main outcomes, the follow-up survey included a range of additional

measures intended to capture the broader impact of the interventions or underlying mech-

anisms. For example, we asked individuals about their overall satisfaction with how their

negotiations went, how well the offers matched their preferences, and whether they ended up

changing employers (using either survey responses or tracking LinkedIn profiles). All these

additional outcomes are described in detail in Supplement D.3.

2.5 Subject Recruitment

We designed our recruitment to target active job seekers in the United States—that is,

individuals who had recently received a job offer or were currently interviewing and expecting

to receive one in the near future. In this section we describe the recruitment process for our

24To limit the potential influence of outliers, we winsorize this outcome at the 95th percentile. For individuals
who experienced compensation improvements in multiple offers, we define the alternative outcome—to be
consistent with the definitions of the other outcomes—as the maximum percentage change across all offers.

25We elicited this question using a 1 to 4 scale ranging from “No” to “Almost Surely.” For ease of interpretation,
the analysis focuses on a binary indicator. However, results are similar when using the full cardinal scale.
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main survey wave, which began on May 25, 2023, and ended on October 10, 2023. Individuals

were required to register for a free account in order to access salary information on the levels.fyi

website across different companies and positions. We sent email invitations to a sample of

individuals who had recently registered an account.26 The goal of this recruitment strategy

was to obtain a representative sample of tech employees. Indeed, while the final sample is not

perfectly representative of the tech sector, a comparison to a benchmark sample suggests that

it is broadly similar across a wide range of characteristics (see Supplement C.3).

In the survey invitation (attached as Supplement M), we emphasized that the survey was

intended for individuals actively participating in the job market.27 Additionally, the regis-

tration form included information that allowed us to target invitations to individuals who

reported having U.S. work authorization and being active on the job market.28 The implied

response rate was approximately 2.5% (see Supplement I). This response rate is somewhat

lower than that of online surveys using similar methods (e.g., 4.7% on average, according to the

meta-study by Sinclair et al. (2012)), but this lower response rate was expected in light of the

context: many recipients were likely not actively on the job market, the compensation-related

questions may have been too sensitive for some respondents, and given the volume of emails

many of the invitations were likely filtered into spam folders.

In the first wave, a total of 2,355 subjects qualified for the study and completed the baseline

survey. Of those, 1,620 completed the follow-up survey, among whom 1,272 received at least

one job offer. As shown in Appendix B, and consistent with successful random assignment,

the pre-treatment characteristics are balanced across treatment and control groups.

2.6 Relevant Details about the Context

Our analysis focuses on compensation terms. This is of course not the only characteristic

of the offer that matters to subjects, but it is definitively the most important. For example, 79%

26Each week we invited individuals who had signed up on the platform during that same week. Additionally,
we would invite a random sample of individuals who had signed up during the previous year. From August
2, 2023, to August 15, 2023, we also sent invitations to individuals who expressed interest in the coaching service
via a form embedded on levels.fyi’s website. A small minority (0.43%) of subjects were recruited this way.

27For each survey invitation, if an individual did not respond, we sent a reminder one week later and another
reminder two weeks later.

28More precisely, we selected individuals who, when asked about their job market status, chose one of the
following options: “actively interviewing,” “actively searching,” or “offer in hand”.
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of participants accepted the offer with the highest total compensation.29 However, subjects

seem to value other terms of the offer too. A simple conditional logit model estimated using

the offer choice data indicates that, while compensation is the most important factor, subjects

also value other attributes such as remote work and the employer’s reputation (Cullen et al.,

2025). In any case, as discussed in Supplement D.3, changes in non-compensation terms are

much rarer than changes in compensation.

In our baseline survey, we asked whether the job offer was verbal or written; approximately

42% were verbal. This is consistent with anecdotal reports that employers often extend verbal

offers first and only formalize them in writing once they believe the candidate is prepared

to accept. This practice matters for two reasons. First, verbal offers may make negotiation

attempts riskier, as employers can more easily withdraw them with fewer legal consequences.30

Second, verbal offers make it more difficult to match outside offers, insofar as employers must

rely on the candidate’s word rather than written proof.

When asked about the main barriers to negotiation, coaches frequently cited fear of retal-

iation as a key factor. In a small survey of coaches, we posed an open-ended question asking

why some individuals choose not to negotiate. Of the 10 coaches who responded, 6 explicitly

mentioned fear of backlash.31 We also asked participants an optional open-ended question

about whether they experienced or expected to experience backlash from their negotiation

attempts. Some subjects reported having offers rescinded after attempting to negotiate, while

others described employers reacting angrily to their efforts. Nearly 10% explicitly mentioned

an expectation of backlash—suggesting that, for a meaningful subset of individuals, such

risks are perceived not merely as remote possibilities, but as likely outcomes.32 Moreover,

due to the sensitive nature of the question, these rates likely represent a lower bound: social

desirability bias (Fisher, 1993) may lead individuals to underreport their fear of backlash, even

when it is genuine.

Another relevant feature of the context is the state of the job market during the study period.

At that time, demand for software engineers was contracting. Hiring slowed significantly

29More precisely, this is the share accepting the highest-paid offer among individuals with no current job
and exactly two outside offers that differ by at least 5% in compensation.

30In the U.S., withdrawing a job offer is not automatically illegal because employment is usually at-will. How-
ever, the employer could still be sued, for example, if the candidate claims that he or she was discriminated against.

31The other reasons cited include lack of confidence, lack of education, and feeling they do not deserve more.
32Among the 36.5% who responded to this optional question, 9.9% explicitly expressed concern about

potential backlash.
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across employers, and there were widespread layoffs.33 As a result, the returns to negotiations

we estimate in this study are possibly lower than they would have been in a stronger job market.

Indeed, the coaches largely agreed that negotiating offers had become more difficult compared

to recent years.34

2.7 Descriptive Statistics

To provide a general sense of who the subjects are, we begin by presenting descriptive

statistics for the control group—those who did not receive either treatment. The average

subject was 31 years old, had 7 years of work experience, and 72.6% of them were currently

employed at the time of the baseline. The average offer paid $217,039 in total annual com-

pensation, which is typically significantly above their current or most recent compensation.

Common job titles included Software Engineer, Product Manager, Data Scientist, and Director,

with major employers such as Meta, Google, and Apple. About 20% of the sample identified as

female, which is broadly in line with expectations, given that women hold approximately 25%

of technical roles in large U.S. tech companies (Deloitte, 2022). About half of the subjects

reported having prior experience with negotiations, and their self-rated confidence in nego-

tiating was a 6 out of 10. Approximately 86.0% of these subjects received at least one offer.35

Among them, 47.7% attempted to negotiate. Of those who negotiated, 48.5% experienced an

improvement in compensation terms. Among the offers improved, the average increase in total

compensation was 14.4%, or $34,871 per year. Ultimately, 75.8% accepted one of the offers.

3 Effects of the Encouragement Treatment

3.1 Distribution of Prior Beliefs

We begin by examining the distribution of prior beliefs, which is key to interpreting the

effects of information. There is large heterogeneity in prior beliefs—for more details, see

Supplement C.6. For instance, some subjects believed that nearly everyone negotiates, while

33This likely reflected a combination of two factors. First, in the two years following the pandemic, tech firms
may have hired too aggressively and subsequently had to scale back. Second, the rapid growth of AI reduced
the demand for software developers, particularly at the junior level (Business Insider, 2025).

34Among the 12 coaches who responded to our survey, 10 believed that negotiating offers was more difficult
in 2023–24 than in previous years, while only 1 believed that it was slightly easier.

3559.2% received exactly one offer and 26.9% received multiple offers (typically two).
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other subjects believed that nearly nobody negotiates. This disagreement between subjects

imply that some subject must be wrong. For the interpretation of the effects of information,

what matters the most is whether the information provided to subjects was above or below

their prior beliefs, which determines the direction of the belief updating and therefore the

direction of the expected effects.36 A majority of subjects (62%) underestimated the share

of negotiators, while a vast majority (89%) underestimated the success rate. For simplicity,

our baseline specification splits the sample into two groups. The low-priors group (roughly

70% of the sample) includes individuals whose prior beliefs were below the feedback for both

questions, and who we would therefore expect to update their beliefs upward. The remaining

30% of subjects are in the high-priors group. In any case, since nearly all respondents under-

estimated the second prior belief, the split is driven almost entirely by whether individuals

underestimated or overestimated the share of negotiators.

3.2 Average Treatment Effects

Figure 2 summarizes the effects of the encouragement treatment. Each panel corresponds to

a different outcome and shows the average for the treatment and control groups, along with the

difference—that is, the average treatment effect. For now, we focus on the left half of each panel,

which presents the results for the full sample. The outcome variable in Panel A of Figure 2 is the

ex-ante intention to negotiate, which was elicited toward the end of the baseline survey. In the

control group, 77.4% of respondents reported that they would almost surely negotiate future

offers. That fraction rises to 80.9% in the treatment group, indicating that the encouragement

treatment had a positive and statistically significant effect of 3.6 pp (p < 0.001). In other words,

the treatment made individuals more enthusiastic about negotiating—at least in the short term.

The effect on the intention to negotiate should be interpreted with caution due to the

hypothetical nature of the question and the potential for experimenter demand effects. While

individuals may express a greater willingness to negotiate, they may not follow through when

faced with real decisions.37 For this reason, the key outcome of interest is whether, months

later, subjects had actually attempted to negotiate when given the chance. The results for

this outcome are presented in Panel B of Figure 2. By construction, this outcome is defined

only for individuals who responded to the follow-up survey and received at least one job
36Supplement C.6 also discusses the accuracy of prior beliefs.
37Indeed, we observe that many individuals who stated at baseline that they would almost surely negotiate

ultimately did not do so.
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offer—otherwise, they would not have had anything to negotiate.38 In the control group, 53.7%

of eligible subjects attempted to negotiate. The encouragement treatment increased this share

by 7.3 pp (p = 0.008), from 53.7% in the control group to 61.0% in the treatment group.

Next, we examine the effects of the encouragement treatment on the probability of expe-

riencing a compensation gain. Consider the marginal individuals who chose to negotiate as

a result of the treatment. If their offer terms improved, this would suggest that not negotiating

would have been a mistake. Conversely, if their negotiation attempts were largely unsuccessful,

it would indicate that their initial reluctance to negotiate was justified.

Panel C of Figure 2 shows that the encouragement treatment increased the share of indi-

viduals with compensation improvements by 5.7 pp (p = 0.032), from 30.3% to 36.0%. This

treatment effect on compensation improvements (5.7 pp) is nearly as large as the treatment

effect on negotiation attempts (7.3 pp, from Panel B). Taken together, these results imply that

78.1% (= 5.7%
7.3% ) of the marginal negotiation attempts induced by the treatment were successful.

In other words, the evidence suggests that for most individuals who were persuaded to negotiate

by the encouragement treatment, not negotiating would have been a missed opportunity.39

3.3 Heterogeneity by Prior Beliefs

In each panel of Figure 2, the right side of the figure splits the sample into the low-priors

and high-priors groups. Because the factual information about negotiation rates and success

rates was not the only content of the encouragement message, we cannot make unambiguous

predictions about the direction of the effects for each group. However, the belief-updating

mechanism yields a clear prediction about the relative magnitude of the effects: the treatment

should have more positive effects for individuals in the low-priors group—who are updating

both of their beliefs upward—than for those in the high-priors group, who are revising one

or both beliefs downward.

Consistent with the belief-updating channel, Figure 2 shows that the effects are more

positive for the low-priors group than for the high-priors group. In fact, the effects were largely

concentrated in the low-priors group. Panel A shows that the treatment increased the intention

38Panel A of Figure 2 includes all individuals who completed the baseline survey. Panel A of Figure D.1
shows that the results from Panel A of Figure 2 are similar when applying the same sample restrictions.

39Supplement D.3 shows that the findings are similar when the dependent variable is the percent-increase
in compensation rather than the share experiencing compensation gains, and it also shows that the treatment
had no detectable effects on non-compensation terms.
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to negotiate by 4.2 pp (p < 0.001) for the low-priors group, compared to just 2.2 pp (p = 0.235)

for the high-priors group. Panel B shows that the treatment effect on the share of negotiation

attempts is 9.0 pp (p = 0.006) for the low-priors group, but only 3.0 pp (p = 0.552) for the

high-priors group. And Panel C shows that the treatment effect on the share with compensation

gains is 7.3 pp (p = 0.018) for the low-priors group, compared to just 1.6 pp (p = 0.762) for

the high-priors group.40 Moreover, note that for all three outcomes in Figure 2, there is a

systematic baseline gap: in the control group, individuals with low priors were less likely to

negotiate and to experience compensation gains than those with high priors. By closing the gap

in beliefs, the encouragement treatment largely closes the gap in negotiation outcomes. In sum,

the large heterogeneity by prior beliefs suggests that the factual content of the encouragement

treatment played a central role in driving the observed effects. It also provides reassurance

that the treatment effects are genuine rather than spurious.

Lastly, since gender differences in negotiation behavior are often cited as a contributing

factor to the gender pay gap (e.g., Sandberg and Scovell, 2013), we examine heterogeneity

in treatment effects by gender. We find suggestive evidence that both the encouragement and

coaching treatments were more effective for women than for men. Due to space constraints,

these results are presented in Supplement E.2.

3.4 Additional Robustness Checks

One potential concern is that, although the treatment increased expected compensation,

the additional negotiation attempts it prompted may have come at a cost. To investigate this

possibility, Supplement D.3 examines treatment effects on a range of outcomes that could

reflect negative repercussions—such as the likelihood of accepting the offer and self-reported

measures of job alignment, satisfaction with the negotiation, and perceived backlash. We

find no evidence of adverse effects. On the contrary, there is evidence of positive impacts on

individuals’ perceived alignment with the job offer. Our preferred interpretation is that, during

the negotiation process, individuals received—or sought out—additional information about

the position, which led them to view it as a better match than they had initially believed.

A separate concern is the potential for selection bias, as some outcomes are measured for

a subsample of individuals—specifically, those who responded to the follow-up survey and
40The differences between low- and high-priors groups are individually statistically insignificant: p=0.251

in Panel A, p=0.326 in Panel B, and p=0.328 in Panel C. Nonetheless, when taken jointly, the consistent direction
and magnitude of the effects across all three outcomes is reassuring.
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had at least one offer. If the treatment affected either the response rate or the composition

of respondents, this could bias the results. While we observe some differences in response

rates across treatment groups (see Supplement D), we find no evidence of composition effects:

treatment and control groups remain balanced on pre-treatment characteristics even within

the restricted sample of individuals with one offer at follow-up.

We address concerns about selection bias in two main ways. First, we follow the usual

approach of reporting Lee bounds alongside each treatment effect. The results are robust. For

example, in Panel B of Figure 2, the treatment effect for the “low-priors” group is 9.0 pp, with

corresponding Lee bounds ranging from 5.9 to 13.4 pp. The bounds become even tighter—

and thus the results more robust—when we apply more sophisticated methods that leverage

information on the number of contact attempts. Second, in the style of an event-study analysis,

we present falsification tests using pre-treatment negotiation outcomes. Moreover, we estimate

these pre-treatment “effects” not only in the full sample, but also in the restricted sub-sample

(i.e., who had at least one offer at follow-up). If the post-treatment effects are driven by

selection bias, we would expect to observe similar effects in the pre-treatment outcomes. The

results, presented in Supplement D.1, go against the hypothesis of selection bias.

Several additional factors suggest that selection bias is unlikely to drive our results. First,

selection bias cannot account for the concentration of effects among individuals in the low-

priors group. Second, the intention to negotiate is measured in the baseline survey for the full

sample, and thus is immune to selection bias. The fact that treatment effects are qualitatively

similar between the ex-ante intention to negotiate and the ex-post negotiation behavior further

supports the validity of the findings. Lastly, controlling for pre-treatment characteristics—an

approach that can mitigate selection bias—yields similar results (Supplement D.2).

4 Effects of the Coaching Treatment

4.1 Willingness to Pay for the Coaching Service

We begin by examining the distribution of stated WTP for the coaching service. The service

is designed to equip individuals with the information and skill they need to conduct a successful

negotiation. If intensive-margin uncertainty were the primary reason stopping people from

negotiating, we would expect a high WTP for the service. While the full price tag may initially

seem steep, it can be far outweighed by the potential gains. As a simple back-of-the-envelope
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calculation, individuals who attempt to negotiate receive, on average, an additional $7,377 in

compensation per year. Under conservative assumptions, that translates to a net present value

of approximately $15,000.41 This figure is well above the full price of the coaching service

($1,250-$2,450). Moreover, the fee can be reimbursed if the negotiated raise does not meet the

guaranteed minimum. And compensation gains are only part of the potential benefits, which

also include reduced anxiety and personalized guidance in choosing between offers.

In contrast, the stated WTP suggests limited demand for the service. The median partic-

ipant has a stated WTP for the negotiation coaching in the range $150–$200—well below the

full price of $1,250-$2,450.42 Although this measure should be incentive-compatible in theory,

stated WTP may overstate true demand in practice, as discussed below. This only reinforces

our conclusion: if stated WTP is already low, actual demand is likely even lower.

4.2 Average Treatment Effects

Figure 3 presents the results for the coaching treatment arm in Wave 1. Figure 3 is anal-

ogous to Figure 2, but for the coaching treatment instead of the encouragement treatment. As

before, each panel corresponds to a different outcome. We start with the left half of each panel,

which correspond to the results for the full sample. In Panel A of Figure 3, the dependent

variable is whether the subject took up the coaching service, regardless of whether they were

offered the discount.43 In the control group, only 1.1% of subjects took up the coaching ser-

vice. The discount treatment increased the take-up rate; while the effect is highly statistically

significant (p = 0.001), it is small in magnitude (1.9 pp). In other words, even at the heavily

discounted price of $250, the take-up rate remains very low at 3.0%. The effects on take-up

mirror the WTP data in indicating that demand for the coaching service is very limited.

In Panel B of Figure 3, the outcome variable is whether the subject, when given the chance,

attempted to negotiate. Given the small effect of the offer on take-up, we would expect—if

anything—a small effect of the treatment on negotiation attempts. Indeed, the coaching

discount increased the share of negotiation attempts by only 0.9 pp (p = 0.752). This effect is

41This calculation assumes the individual remains at the employer for only three years, that salary gains
do not carry over to a new employer, a discount rate of 5%, and a marginal tax rate of 30%.

42Figure C.4 shows the full distribution of stated WTP.
43We use identifying information for each subject—such as full name, email address, and work history—and

cross-reference it with the database provided by levels.fyi on all individuals who used their negotiation coaching
service. This allows us to track take-up of the service regardless of whether the subject received the discount.
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similar in magnitude to the effect on take-up of the coaching service (1.9 pp, from Panel A).44

Given the small positive impacts on take-up and negotiation rates, we would also expect—if

anything—a small positive impact on the probability of a compensation improvement. Panel

C of Figure 3 shows that, indeed, there was no significant increase for this outcome.

To summarize, we establish that among a general population of tech employees, intensive-

margin frictions are unlikely to be a major factor preventing individuals from negotiating. This

finding stands in stark contrast to the effects of the encouragement treatment, which increases

the share of individuals attempting negotiations and experiencing compensation gains.

4.3 Heterogeneity by Willingness to Pay

While access to affordable coaching may not be a key determinant of whether the average

individual attempts to negotiate, this result may mask meaningful heterogeneity. There may be

a minority of individuals for whom intensive-margin frictions are more significant. To explore

this possibility, we can leverage the stated WTP data. In each panel of Figure 3, the right side

of the figure presents a breakdown by individuals who reported a WTP below $300—referred

to as low-WTP (roughly 25% of the sample)—and those willing to pay above $300, referred

to as high-WTP (the remaining 75%).45 We use $300 as the cutoff because it is right above the

discounted price offered to individuals in the treatment group ($250), but the results are similar

using alternative thresholds. The law of demand makes a clear prediction: the effects of the

coaching treatment on take-up—and consequently on other outcomes—should be stronger

for the high-WTP group than for the low-WTP group.

Before diving into the heterogeneity analysis, we first assess the accuracy of the stated WTP

data. After all, if stated WTP is pure noise, the heterogeneity analysis would be meaningless.

If stated WTP perfectly reflects true preferences, we would expect, in the treatment group (who

faced the discounted price of $250), a near-0% take-up among low-WTP subjects,46 and a

100% take-up among high-WTP subjects. Panel A of Figure 3 shows that the first prediction is

44The results from these two panels are based on different samples, because Panel A applies to individuals
who responded to the follow-up and had at least one offer. In any case, Panel B of Figure D.1 shows that the
results from Panel A of Figure 3 are similar when applying the same sample restrictions.

45More precisely, we split individuals based on their choice in the third scenario, where they had to choose
between the coaching service and a $300 gift card.

46We say near-0% because some individuals in the low-WTP group may have a WTP between $250 and
$300. Nonetheless, the results are similar if we instead focus on individuals with a stated WTP below $200,
for whom the predicted take-up is exactly 0%.
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close to the data (1.0% take-up versus the predicted 0%), but the second prediction is far from

the truth (4.5% take-up versus the predicted 100%). Our preferred interpretation is that stated

WTP is subject to “house-money bias”: subjects might report a higher WTP when spending the

experimenter’s money than they would with their own.47 Nevertheless, there is still some signal

in the stated WTP data amid the noise: as expected, take-up is significantly higher in the high-

WTP group than in the low-WTP group (4.5% vs. 1.0%, p = 0.010). Moreover, the results from

Wave 2 suggest that while the stated WTP data is still far from perfect, it is more informative

when based on subjects who were more organically interested in the coaching service.48

We now return to the heterogeneity analysis. As expected, Panel A of Figure 3 shows

that the coaching treatment had a stronger effect on take-up in the high-WTP group (4.5 pp,

p=0.008) than in the low-WTP group (1.0 pp, p=0.048). However, even within the high-WTP

group, the effect on take-up is small, so we would expect correspondingly small (if any) effects

on other outcomes such as negotiation attempts or compensation gains. Unfortunately, in part

because the high-WTP group represents only 25% of the sample, estimates for this subgroup

are imprecise, so we are largely underpowered to detect small effects. Because individuals

with strong interest in coaching are relatively rare, studying the effects of coaching on this

group would require recruiting a new sample targeted toward this special population. This

was the motivation for the second wave of the survey, described below.

4.4 Additional Results: Wave 2

To recruit subjects with the highest demand for the coaching service, we embedded a link

to the survey on levels.fyi’s website.49 More precisely, there was a full page dedicated to the

coaching service—a screenshot is provided in Figure B.6. Right below the button to book the

service, we included a second button inviting users to fill out a survey, with the promise that

they could qualify for a deep discount.

The subject recruitment started on September 21, 2023, and ended on February 10, 2025.50

47Another source of measurement error is subject comprehension (see, e.g. Cason and Plott, 2014).
48More precisely, the difference in actual take-up between the high- and low-WTP groups is larger—13.1%

vs. 42.7% (p < 0.001)—as shown in Panel A of Figure 4.
49The link for the mid-level package went live first, followed by the senior-level package on October 19,

2023. In Wave 2, among all subjects who paid for the coaching service, 59.2% selected the mid-level package,
while 40.8% chose the senior-level package.

50We agreed with the partner company to continue recruiting until we reached 300 individuals who claimed the
discount, which roughly depleted the remaining budget for the study. The recruitment period was lengthy simply
because, on any given day, there was a limited number of people visiting the webpage that contained the study link.
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In the second wave, an additional 1,585 subjects completed the baseline survey, 1,057 of whom

completed the follow-up survey, among whom 803 received at least one job offer. Relative

to the subjects in the first wave, those in the second wave appear broadly similar across many

dimensions, including demographic characteristics, years of experience, and the positions and

companies they work at. However, there are some notable differences between the two samples

(see Supplement C.3). Most importantly, as discussed below, demand for coaching was signifi-

cantly higher in the second wave than in the first. Another key difference is the negotiation rate.

In the control group, 71.4% of subjects in Wave 2 attempted to negotiate, which is substantially

higher than the corresponding 47.7% in Wave 1. This difference suggests that while there is still

some room for an intervention to increase negotiation rates, the scope is considerably smaller.

The recruitment strategy was successful insofar as subjects in Wave 2 exhibited signifi-

cantly higher demand for the coaching service. This difference is evident in their stated WTP:

80% of Wave 2 subjects reported a WTP of $300 or more, compared to just 25% in Wave 1.

Most importantly, actual take-up of coaching was much higher in the second wave. In the

control group—who faced the full price—12.0% took up the coaching service in Wave 2 (Panel

A of Figure 4), compared to just 1.1% in Wave 1 (Panel A of Figure 3). And due to the stronger

demand in Wave 2, the discount treatment had a substantial effect on take-up of the service.

Panel A of Figure 4 shows that providing the discounted price increased take-up of the coaching

service by 24.1 pp (p < 0.001), from 12.0% in the control group (facing the full price) to 36.2%

in the treatment group (facing the discounted price). Moreover, the effect was stronger among

individuals with high-WTP (28.6 pp, p < 0.001) than among those with low-WTP (10.4 pp,

p = 0.001), and the difference between the two groups is statistically significant (p < 0.001).

While there was high demand for the coaching service, making the service affordable

did not increase negotiation rates, because the marginal individuals who took up the service

due to the discount would have negotiated anyway. Panel B of Figure 4 shows the effect on

negotiation rates. While a 24.1 pp higher share of individuals took up the coaching service due

to the treatment, the corresponding effect on the share attempting to negotiate is positive but

small (1.4 pp) and statistically insignificant (p = 0.648). Taken together, these estimates imply

that 95% (= 24.1−1.1
24.1 )—the vast majority—of the individuals who took up coaching due to the

treatment would have attempted to negotiate on their own anyway.51 Moreover, the results

51The results from these two panels are based on different samples, because Panel B focuses on individuals
who responded to the follow-up and had at least one offer. In any case, Panel C of Figure D.1 shows that the
results from Panel A of Figure 4 are similar when applying the same sample restrictions.
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from Figure 4 are precisely estimated—based on the 90% confidence interval, we can rule out

an increase in the negotiation rate above 4.7%, meaning that upwards of 80% (= 24.1−4.7
24.1 ) of

the marginal individuals who took up coaching would have negotiated on their own.

Panel C of Figure 4 shows the effects of the coaching treatment on the share of subjects

experiencing compensation gains. The interpretation of these effects is more nuanced, as they

may respond to two channels. The coaching treatment may increase the probability of experi-

encing compensation gains by inducing more individuals to negotiate, but also by helping those

who would have negotiated anyway to negotiate more effectively than they would have in the

absence of a coach. Panel C shows that the coaching treatment increased the share of subjects

experiencing compensation gains, but the effect is small (1.7 pp) and statistically insignificant

(p = 0.626). However, this result should be interpreted with caution, as it reflects an intention-to-

treat effect, because compliance was far from full—most people who were offered the discount

did not end up taking up the service. To approximate a treatment-on-the-treated effect, we can

combine the results from Panels A and C. These estimates imply that the marginal person who

took up the coaching service because of the discount saw an increase in the probability of a

compensation gain of 7.1 pp (= 1.7
0.24 ), equivalent to 15% of the baseline probability.

Lastly, while not the central focus of our study, an additional question of interest is whether

those who used the coaching service ended up with different outcomes—such as final com-

pensation terms—than if they had not used the service. For space constraints, those additional

results are reported in Supplement F. A simple comparison of means suggests that, on average,

subjects who used coaching experienced compensation gains that were 2.9 pp higher than those

who did not use coaching. Similarly, those who used the service rated their satisfaction with the

negotiation process 0.32 points higher (on a 1–5 scale) and were more likely to move to a new

employer. However, these findings should be interpreted with caution, as the corresponding

experimental estimates are less precise and, as a result, sometimes statistically insignificant.

5 The Model

5.1 Outline of the Model

Our field experiment on salary negotiations reveals three key building blocks for our theo-

retical framework. First, employees have bargaining power in that they actively choose to make

counteroffers to employers. Second, there is extensive-margin information asymmetry: an em-
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ployee does not know if an employer’s initial job offer is “negotiable.” Attempting to negotiate

a non-negotiable offer results in negative consequences. Third, employees have multiple job

offers, making their fallback option endogenous to negotiation decisions with other employers.

These features have important implications for efficiency in the labor market, because

asymmetric information can lead to inefficient outcomes. Similarly to Akerlof (1970)’s lemons

model, information frictions can prevent matches between an employee and an employer with

a high value of labor from forming—employees may fail to negotiate when they should have,

ending up at a lower value employer. On the other hand, employees may push for higher

compensation when they shouldn’t have and lose a match entirely. An important distinction

from classic models is that with multiple offers, employees face a portfolio optimization

problem (as in Chade and Smith, 2006) because they each seek only one job. This implies

that the decision to negotiate with one employer is interdependent both to the other offers the

employee receives, but also on her choices to negotiate these other offers.

We first consider the negotiation decision of an employee who receives a portfolio of job

offers and can elect to negotiate with any of the offering employers by making a counterof-

fer before selecting a job. We characterize the employee’s optimal bargaining strategy as a

function of her portfolio of offers and her beliefs.

Our model, designed to capture key information frictions from our experiment, yields strik-

ing predictions for negotiation patterns that distinguish it from other labor bargaining models.

For example, our model predicts employees demand a premium over their alternative options,

and that negotiating leads to dispersion in final offers. These predictions stand in stark contrast

to models based on Bertrand competition that predict offer equalization through bargaining,

and those based on Nash (or alternating offer) bargaining which predict no employee counterof-

fers on equilibrium path. We describe broad support for our model in the observational data.

Finally, we use our model to predict the effects of policies that promote (or discourage)

negotiation. Because these policies affect the negotiation of employees market-wide, employ-

ers may change their wage offers in equilibrium. Theoretical analysis of equilibrium effects

is valuable because our field experiment considers the effects of changing the negotiation

behavior of a small fraction of the workforce, and thus, does not include the indirect effects

of employer responses. We show that inducing employees to “lean in” and negotiate with

high probability has positive effects on efficiency, employee surplus, and pay equity between

employees with similar job offers. Moreover, we show that a lean-in equilibrium can plausibly
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be induced by a “scaled up” version of our experimental encouragement treatment, i.e., a

messaging campaign that tells all employees in the labor market that it is safe to negotiate.

5.2 Setup: Single Employee

There is a single employee with an outside option denoted ∅ with value (or “wage”) θ nor-

malized to zero. There is a set of employersN := {1,2,...,N}, that each make the employee a job

offer, one of which may be the employee’s current employer. For ease of exposition, we refer

to both the set of employers and its cardinality by N. As in Abowd et al. (1999), the employee

generates a commonly known match surplus vi∈R if matched with employer i∈N,52 where

we assume that vi ̸=vj for all distinct employers i,j∈N. Each employer i offers a wagewi⩽vi.

Given offer portfolio {wi}i∈N the employee engages in simultaneous negotiations by

making counteroffers. Formally, the employee simultaneously selects an additional wage

demand oi ⩾ 0 for each employer i ∈ N; if oi > 0 then we say that the employee makes

a counteroffer to employer i. Making a counteroffer to employer i potentially exposes the

employee to negative consequences for two reasons. First, i’s offer may be non-negotiable in

which case making a counteroffer results in i’s job offer being withdrawn. Second, even if i’s

offer is negotiable, iwill withdraw the offer if the employee demands more than the match value,

oi>vi−wi. We say that an employee negotiates with employer i∈N if either vi=wi (the

employer initially capitulates and offers the employee the entire match value, thus obviating the

need for the employee to make a counteroffer) or oi>0 (the employee makes a counteroffer).

The employee has extensive-margin uncertainty, captured by vector ρ̂=(ρ̂1,...,ρ̂N), where

ρ̂i specifies the employee’s belief that employer i’s offer is negotiable. For each employer

i∈N let w̃i be the final surplus of matching with employer i:

w̃i=



wi if oi=0,

−∞ if oi>vi−wi, andwi+oi with probability ρ̂i,

−∞ with probability (1−ρ̂i)
if oi∈(0,vi−wi]

52We do not take a stance on the genesis of each match value vi, and treat it as exogenous. It represents the
entire surplus generated from the worker’s employment at employer i if the employer has no prospect of filling
the position with another worker, or if employer i has an outside option of instead hiring a part-time worker
at a known rate, vi would represent the surplus over and above this outside option.
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Recalling that the wage offered by the outside option ∅ satisfies w̃∅= 0, the worker is

hired by an employer i∗∈argmax
i∈N∪{∅}

w̃i and receives a final payoff equal to her wage w̃i∗ .

This assignment procedure has the following interpretation. The employee accepts a job

at (one of) the employer paying the highest wage. The wage an employer pays is equal to the

initial wage offer (w̃i=wi) if oi=0. If oi>vi−wi, then this offer drops in value below that

of the employee’s outside option (w̃i=−∞) because the offer is rescinded.53 Otherwise, the

employer accepts the terms of the employee’s counteroffer (w̃i=wi+oi) if the original offer

was negotiable and rescinds the offer (w̃i=−∞) if the original offer was non-negotiable.

Appendix A.1 considers two extensions of our model. First, all of our theoretical results

are unchanged in a dynamic analogue of our game in which the employee sequentially makes

counteroffers to employers. Second, our theoretical results are qualitatively similar if we allow

for a distribution of negative consequences that an employee faces from making a counteroffer.

We seek an optimal vector of counteroffers, one to each employer, that satisfies:

1. For a given portfolio of wage offers {wi, vi, ρ̂i}i∈N, optimal counteroffers {o∗i }i∈N

maximize the employee’s expected (given ρ̂) payoff, and

2. If the employee has a zero probability of matching with an employer i∈N according

to criterion 1, then o∗i =0.54

An initial observation is that if an employee negotiates with an employer i ∈ N then

the optimal counteroffer equals vi−wi; demanding the entire match surplus maximizes the

wage available at employer i conditional on the offer being negotiable, because any lower

counteroffer is accepted by the employer, while any higher counteroffer ensures rejection.

Remark 1. The optimal counteroffer for each employer i satisfies o∗i ∈ {0,vi−wi}.

The optimal counteroffer portfolio trades off risk—captured by ρ̂i values—and reward—

captured by vi−wi values. Intuitively, the larger ρ̂i is and the smaller vi−wi is, the less likely

the employee is to make a counteroffer to employer i (i.e., she is more likely to set o∗i =0). For

extreme values, this decision is simple: if ρ̂i=0 then the employee is not willing to make a

53Therefore, the normalization that w̃i=−∞ if the offer is rejected is merely a mathematically convenient
way to say the employee will never be assigned to an employer that rejects her counteroffer.

54There is a multiplicity of optimal counteroffers if the employee has zero probability of matching with
employer i. In a richer model in which the employee faced a positive cost for negotiating with an employer,
optimality would require oi=0 for any such employer i.
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counteroffer to employer i regardless of the value vi−wi, because the employee perceives no

chance of success. On the other hand, if ρ̂i=1 then the employee is willing to negotiate with

employer i regardless of the value vi−wi, because the employee perceives no risk of doing so.

For values of ρ̂i∈(0,1) an additional complication arises when constructing the optimal

counteroffer to employer i: the risk versus reward calculation is affected by the presence of

other offers, and the endogenous negotiation decisions the employee makes for these offers.

Intuitively, even given a relatively low value of both ρ̂i and vi−wi, the employee will be

willing to negotiate with employer i if she has a solid backup offer. For example, consider

the case in which the employee has another offer from an employer j ̸= i with ρ̂j = 0 and

wj=wi−ϵ, for some small ϵ>0. In this case, the employee will optimally not negotiate with

employer j because ρ̂j=0, so the presence of j’s initial offer serves as a risk-free alternative.

The employee will optimally “roll the dice” and negotiate with employer i since her effective

outside option wj is only slightly worse than what she gets from not negotiating with i. On the

other hand, for any ρ̂i<1, ifwi is large enough and vi−wi is small enough, then the employee

will not be willing to risk the potential of losing the job offer by negotiating if she has no

or low offers from other employers. The remaining difficulty in characterizing the optimal

counteroffers is that the reward from negotiating is endogenous to other negotiation decisions.

That is, if the employee risks it by negotiating with an employer i, she may optimally decide

to not negotiate with an employer j and instead keep it as a back up option.

These complexities are similar to those present in Doval (2018), in which an agent searches

by opening “boxes” at a cost to reveal their values, before making a final selection. Importantly,

the agent can select a box without opening it. This makes the optimal decision to open a

box dependent on the set of available boxes. In our setting, “opening a box” is analogous to

making a counteroffer, where the cost is the probabilistic withdrawal of the offer, and choosing

not to “open a box” is analogous to settling for the employer’s initial wage offer. In both

settings, optimal behavior does not follow a (Gittins’) index policy, specifically because of the

interdependency of optimal choices on the entirety of the portfolio. We proceed to construct

the optimal counteroffers given the entire portfolio of offers in an inductive manner.

The following claim states that the employee may optimally negotiate with any subset of

employers in her choice set. In other words, an analyst who observes an employee’s collection

of initial offers can rationalize negotiations with any subset of employers in her portfolio by

some collection of match values and beliefs.

29



Claim 1. LetN be a collection of employers, with initial offers {wi}i∈N. LetN ′ be an arbitrary,

non-empty subset of N. Then there exists a collection of match values and beliefs {vi,ρ̂i}i∈N
such that the employee optimally negotiates with all employers in the set N ′ and no employer

in the set N\N ′.

Reflecting Claim 1, Example 1 in Appendix A.3 demonstrates that it can be optimal for

the employee to negotiate with any subset of the two employers making her job offers.

An optimal portfolio of counteroffers always exists despite these complex interdependen-

cies. Moreover, the following proposition finds that for (almost) any collection of parameter

values, there is a unique optimal vector of counteroffers. Its proof also implies Claim 1.

Proposition 1. For any given portfolio of offers, there generically (in the space of match-value

vectors v) exists a unique optimal vector of counteroffers.

The proof of Proposition 1 provides an algorithm which finds the optimal portfolio of

counteroffers, using a double induction argument to build the optimal portfolio from the

“bottom up.” One induction loop constructs the optimal counteroffer to a particular employer

i given the employee’s expected payoff from employers m with vm<vi given the already-

calculated counteroffers om. Our construction demonstrates that each employer m with vm<

vi serves as an “inside option” that the employee considers when negotiating with employer

i, where the value of the inside option depends on the values of vm and wm (the reward), and

on ρ̂m (the risk). Under the inductive hypothesis that the employee wishes to negotiate with all

employers from the “bottom up” as described above, then we have found the optimal portfolio

of counteroffers. If not, then we pause the first induction loop at the first employer i ′ where

our inductive hypothesis breaks down, meaning that the employee is not willing to make a

counteroffer to employer i ′ given her inside option from lower-value employers, and would

rather keep employer i ′ as a safety option given the counteroffers constructed to this point.

In case of a breakdown of our first induction loop with an employer i, our second induction

loop recalculates optimal counteroffers for employers m with vm<vi under the assumption

that the employee does not negotiate with i. The induction loops can “interrupt” each other

multiple times, because, even if the employee was not willing to make a counteroffer to some

employer i given the constructed counteroffers to lower-value employers, if she later elects

not to negotiate with some employer j with wj∈(wi,vi), she will want to revise her decision

not to negotiate with i since she now has a higher-wage safety option. However, by negotiating
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with employer i, the employee lowers her “inside option” when she considers negotiating with

employer j. Nevertheless, we show an important monotonicity property: the employee will still

not negotiate with j if her inside option from lower employers is decreased. This importantly

means that any time the second induction loop starts, it has advanced by at least one employer.

Therefore, the algorithm must terminate, and does so at the optimal portfolio of counteroffers.

Based on Proposition 1, we henceforth assume uniqueness of the optimal vector of coun-

teroffers, and study its properties. First, Remark 1 implies the employee will demand a different

wage from each employer she makes a counteroffer to, and the following claim additionally

implies that an employee will initiate negotiations with (all but one, or all) employers whose

initial offers are equal if she perceives a strictly positive probability that the offer is negotiable.

In other words, the employee is not indifferent between any two job offers after negotiating.

Claim 2. After negotiating, the employee has strict preferences over all non-rescinded job

offers in her portfolio: wi+o∗i ̸=wj+o∗j for all i ̸= j such that ρ̂i ̸=0 and ρ̂j ̸=0.

Second, optimal counteroffers follow a “top down” structure. Supposing, without loss

of generality, that w1+o∗1 >w2+o∗2 > ... > wN+o∗N, the employee will be employed at

employer 1 if and only if her counteroffer to employer 1 is not rejected, she will be employed

at employer 2 if and only if her counteroffer to employer 1 is rejected and her counteroffer

to employer 2 is not rejected, and so on. Because of this, we show that the employee will make

counteroffers to the employers with the highest values, as characterized by the following result.

Proposition 2 (“Top down” monotonicity and Leverage). Fix a collection of initial offers,

negotiation beliefs, and match values {wi,ρ̂i,vi}i∈N such that ρ̂i∈(0,1) for all i∈N.

1. Let j be the employer with the highest initial offer to which the employee optimally does

not make a counteroffer, i.e., o∗j =0 and o∗i >0 for all i ̸= j such that wi⩾wj. Then the

employee optimally negotiates with every employer ℓ such that vℓ>vj.

2. Suppose wi<vi, and let θi represent the expected surplus the employee receives in her

optimal portfolio if she were rejected from all employers j such that wj+o∗j ⩾wi+o∗i .

Then she optimally makes a counteroffer to employer i if and only if θi⩾
wi−ρ̂ivi
1−ρ̂i

.

Point 1 describes the “top down” structure of optimal counteroffers we have previously

discussed. Point 2 relates this top down structure to leverage. It finds that the “threshold”

employer j in Point 1 is the employer with the highest initial offer such that a local optimization
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constraint fails: the employee finds the risk of negotiating too high compared to the inside

option (represented by θi) given the remaining portfolio optimal counteroffers. The inside

option θi can be thought of as a notion of leverage; the higher θi, the less the employee has to

lose from negotiating with employer i. Point 2 therefore states that the higher the inside option,

the more leverage the employee has in a negotiation, which increases her desire to negotiate.

5.3 Empirical Validation of the Model

Before exploring the model’s equilibrium implications, we compare its predictions to the

data and to the predictions of other bargaining models applied to the labor market.

Our key experimental finding is that the encouragement treatment increases the share of

employees who attempt to negotiate and secure compensation gains. Our model can rationalize

this finding.55 In sharp contrast, complete-information bargaining models of labor market bar-

gaining (e.g., Mortensen and Pissarides, 1994; Gentile Passaro et al., 2024) cannot account for

this key finding. These models assume all relevant information in the labor market is common

knowledge. Hence, they predict that information about negotiation rates in the broader market

would not affect bargaining between an employee and an employer. And while there are

some bargaining models with incomplete information (e.g., Myerson and Satterthwaite, 1983;

Chatterjee and Samuelson, 1983; Fudenberg et al., 1985; Fuchs and Skrzypacz, 2010), they

do not have uncertainty at the extensive-margin and thus cannot rationalize the experimental

finding either.56

We can also compare our model’s predictions (and those of alternative models) to some

basic non-experimental facts. One basic fact is that employees often exercise their bargain-

ing power by making counteroffers. This is a central prediction of our model, according to

which the employee weighs risk versus reward when deciding to negotiate each offer, and

as a result, the employee may optimally negotiate with any subset of employers making her

offers (Claim 1). This fact goes against a family of bargaining models derived from seminal

55More formally, as we discuss in Claim 3 in Appendix A.4, employees with large initial misperceptions are
predicted by our model to experience the largest gains in propensity to negotiate and increase in expected wages.

56The bargaining literature with one-sided incomplete information separately studies the “gap” case (i.e.,
the uninformed party knows there are gains from trade available) from the “no gap” case (i.e., the informed party
believes with positive probability that there are no gains from trade). Both of these differ from our approach. The
“gap” case does not embed extensive-margin uncertainty, in that the uninformed party knows she can demand
more surplus. The “no gap” case has both intensive- and extensive-margin uncertainty; the uninformed party
does not know how much she can demand, or if she can even demand any surplus.
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models by Nash (1950) and Rubinstein (1982), in which employees individually negotiate

with employers. Contrary to the data, these models instead predict that we should observe

“passive” employees; an employee who takes a new job is never predicted to demand more

than that employer’s initial offer. Indeed, recent empirical papers studying bargaining also use

the observance of attempts to negotiate initial offers as evidence against this family of models

(Backus et al., 2020; Caldwell et al., 2024). A second family of models assumes that employees

do not play an active role in wage setting, and that employers instead engage in Bertrand-like

competition over employees (e.g., Postel-Vinay and Robin, 2002; Cahuc et al., 2006). In

principle, such models could rationalize the observation of employees making counteroffers

if negotiation simply involves forwarding outside offers to competing employers, who then

match the terms. To distinguish our model from this class of models, we examine predictions

about which offers are negotiated and the types of changes these negotiations produce.

Our data show that employees are more likely to negotiate their best offers than their worst,

and that negotiations increase the dispersion of final compensation terms—for more details,

see Supplement G. This evidence aligns more closely with our model, which predicts that

employees begin by negotiating their top offers, treating others as fallback options—thereby

increasing compensation dispersion. This stands in sharp contrast to Bertrand-style models,

which predict that employees negotiate their lowest offers to match their best, resulting in

reduced dispersion in final compensation. Moreover, we conduct a direct test of offer-matching,

which suggests that employers rarely match—or even come close to matching—the com-

pensation terms of competing offers. Therefore, in aggregate, the data patterns do not align

particularly closely with Bertrand-style models.

5.4 Setup: Equilibrium

Thus far, our theoretical analysis has considered the perspective of a job seeker in the

economy. In this section, we embed this single-employee decision problem into a setting where

employers make strategic decisions on the terms of initial job offers and whether or not to allow

negotiations. This allows us to consider equilibrium effects of policies and messaging cam-

paigns that promote or discourage negotiations. Naturally, not all employees face the same fun-

damentals: they differ in their observable characteristics (e.g., gender), in their unobservable

characteristics (e.g., outside option), and in their success at search (e.g., number of job offers).

We first introduce the setup and timing of our model. An employee is associated with a
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type composed of a group identity, eitherA orB, an outside option θ∈ΘwhereΘ is a compact

subset of R, a subset of employers N⊂N she receives offers from (we assume |N|⩾ 1 to

rule out trivial cases), and a belief negotiation probability vector ρ̂∈ [0,1]N.57 Let θ and θ̄

represent the minimum and maximum outside options, respectively, in Θ. We represent a

generic employee type as r∈ {A,B}×Θ×2N× [0,1]N. All employee types have a common

match value vi for each employer i∈N. That is, we are considering a set of employees that

are equally productive across employers, but are heterogeneous across other dimensions.

First, each employer i∈N privately selects initial wage offers and a negotiation policy. We

allow the initial wage offer of each employer to depend on the employee’s group identity, which

we denote by wg
i , i∈N and g∈ {A,B}, thus allowing for the possibility of “wage offer discrim-

ination.” Simultaneously, each i∈N selects a probability ρi of entertaining counteroffers.58

Second, Nature selects a single employee to enter the labor market, given a commonly

known distribution F over employee types. We place little structure on this distribution, which

allows us to explore correlations between different elements of the employee’s type, e.g.,

it could be that A−group employees typically have low outside options, or, as evidenced

by Kline et al. (2022), that some employers are more likely to make offers to A−group em-

ployees. Similarly, distribution F captures the network of employer competition; it may be

the case that with high probability either both employers i and j appear in an employee’s

portfolio, or neither appears. Our only requirement is that distribution F has full support over

all (g,θ,N)∈ {A,B}×Θ×2N\{∅}—there is positive probability of drawing an employee of

either group, with an outside option of (approximately) any value, who receives offers from

any non-empty subset of employers.

Third, the employee selected by Nature engages in the single-employee search problem

described above: given group identity g, employer subset N, outside option θ, and belief

vector ρ̂, the employee selects counteroffers for portfolio {w
g
i −θ,ρ̂i,vi−θ}i∈N.

Letting w represent the employee’s final pay (defined as w=θ if the employee is assigned

to her outside option), she receives a payoff of w−θ, and the payoff each employer i receives

is zero if it does not employ the employee, and vi−w if it does.

Collecting the primitives described above, we parameterize a labor market by (N,Θ,F,{vi}i∈N).

57Note that we consider “behavioral” employees whose beliefs are exogenously given. This assumption is
made to comport with our empirical setting in which employees have misspecified beliefs about offer negotiability.
We will separately consider equilibria in which employees have accurate versus misspecified beliefs.

58We do not allow this probability to differ by group identity, however, as will become clear shortly, such
a constraint does not affect our upcoming analysis.
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We continue to assume for ease of exposition that vi ̸= vj for all distinct i,j ∈N. We now

introduce our solution concepts.

Definition 1 ( Equilibrium). Consider a labor market (N,Θ,F,{vi}i∈N). The following three

conditions will be used to define our solution concepts:

Employee optimization Each employee type r of group g in the support of F

solves the optimal portfolio problem {w
g
i −θr,ρ̂ri ,vi−θr}i∈Nr,

Employer optimization Each employer i∈N sets wA
i ∈ [−θ̄,vi], w

B
i ∈ [−θ̄,vi],

and ρi ∈ [0,1] to maximize its expected payoff given (N,Θ,F,{vi}i∈N) and

Employee optimization, and

Rational expectations For each employee type r in the support of F, ρ̂ri=ρi.

We say that the labor market is in partial equilibrium if it satisfies Employee optimization and

Employer optimization. We say that the labor market is in general equilibrium if it satisfies

Employee optimization, Employer optimization, and Rational expectations.

The first two conditions laid out in Definition 1 are standard optimization conditions: all

employers and employee types maximize their expected utility given their beliefs. Partial

equilibrium captures our empirical finding that some employees’ beliefs regarding negotiation

risk are misspecified: we allow ρ̂ri ̸=ρi. By contrast, rational expectations additionally requires

belief consistency. Mechanically, employee beliefs are determined through the support of

F—a labor market in general equilibrium involves a distribution F that never selects “incorrect”

beliefs. Therefore, in general equilibrium (but not in partial equilibrium) each employer i’s

choice on offer negotiability potentially deters negotiations. Henceforth, we use the unqualified

term “equilibrium” to mean either a partial or general equilibrium.

However, even a general equilibrium may not feature negotiation rates that match em-

ployee beliefs. It may be the case that a particular employer i selects a high value ρi, but it may

be that only a small fraction of employee types actually elect to negotiate with this employer.

A regulator who does not know all details of the labor market (e.g., the outside option of each

individual employee) but nevertheless seeks to change the equilibrium through a campaign to

affect employee beliefs (e.g., by encouraging all employees to negotiate more) may experience

difficulties in doing so given a mismatch between employee beliefs and actual negotiation

rates. That is, if an employee learns that very few of her peers actually negotiate with employer
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i, (the regulator may be concerned that) she will be swayed to believe that ρi is smaller than

what the regulator messages, causing her not to negotiate with i. The following definition

states what it means for a belief vector to be immune from such concerns.

Definition 2. For any (N,Θ) we call a collection of beliefs ρ̂∈ [0,1]N robustly self-enforcing

if for all labor markets (N,Θ,F,{vi}i∈N) such that ρ̂ is the only belief vector in the support

of F, there exists a general equilibrium in which the probability of negotiation between the

employee and each employer i∈N is ρ̂i.

The following result states the existence of partial and general equilibria, and general

equilibria with robustly self-enforcing beliefs. Each of these solution concepts is more re-

strictive than the last: a partial equilibrium exists for any collection of employee beliefs,

a general equilibrium exists if all employees have the same “correct” beliefs, and robustly

self-enforcing beliefs require employees to believe each employer i makes a deterministic

decision on whether or not to accept counteroffers.

Proposition 3.

1. Every labor market (N,Θ,F,{vi}i∈N) admits a partial equilibrium,

2. A labor market (N,Θ,F,{vi}i∈N) admits a general equilibrium if and only if there is a

single belief vector ρ̂ in the support of F,

3. Any (N,Θ) admits a robustly self-enforcing belief vector ρ̂ ∈ [0,1]N if and only if

ρ̂i∈ {0,1} for all i∈N.

Intuitively, a partial equilibrium always exists for any belief vector ρ̂ chosen by F because

employee beliefs and employer decisions to allow counteroffers are divorced. A general

equilibrium always exists given that the “correct” belief vector ρ̂= ρ is always chosen, be-

cause employers’ decisions to allow counteroffers only affects their payoffs through deterring

employees from making a counteroffer: a successful negotiation leaves the employer with

zero surplus, but so does an unsuccessful one. Robust self-enforcement requires employee

certainty in the negotiation outcome, so that even employees with extreme risk versus reward

considerations will not be deterred from following the regulator’s recommendation. To demon-

strate why certainty in offer negotiability implies robust self-enforcement of beliefs, consider

ρ̂ri=ρi=1 for all i and all employee types r. Then there is a “lean-in” equilibrium in which
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all employers negotiate by capitulating all of the surplus to employees, wi = vi for all i.59

Then, regardless of the the specifics of the labor market, the equilibrium negotiation rate at

each employer, 1, matches the probability of offer negotiability.

5.5 Comparison of Equilibria

We study how different equilibria result in different labor-market outcomes. Consider

a non-empty family H of labor markets {(N,Θ,Fh,{vi}i∈N)}h∈H where for each h∈H, Ph

is the set of belief vectors in the support of Fh, and the marginal distributions over all other

components are constant across all h∈H. In words, we consider a family of labor markets

which differ only in the belief vector of employees. Recalling Proposition 3, this formaliza-

tion allows us to consider a family of equilibria that vary only in their belief vectors; let Eh

represent the set of equilibria of the labor market indexed by h. In what follows, all probability

statements are taken with respect to the distribution of primitives Fh, the equilibrium eh∈Eh,

and the negotiation probability vector ρ selected by employers in equilibrium eh.

For any labor market h∈H and any employee type r in the support of Fh with outside

option θr and offers from employers Nr⊂N, let VNr
:=max

{
{vi : i∈Nr}∪{θr}

}
represent

the highest achievable match value given offers from the set of employers Nr, including her

outside option. For a given N⊂N, let RN,g represent all employee types in the support of Fh

that encounter set Nr=N of employers, are of group g∈ {A,B}, and whose efficient match

is not their outside option, i.e., there exists i∈N such that VN = vi.60 Let weh,r and ve
h,r

represent employee r’s expected wage and the expected match value r generates, respectively.

The efficiency of equilibrium eh is equal to the expected fraction of the maximum match

value generated: E(veh,r/VNr
).

The employee surplus in equilibrium eh is equal to the expected fraction of the maximum

match value captured by the employee: E(weh,r/VNr
).

59As a result, the lean-in equilibrium may have additional efficiency gains by reducing other negotiation
costs associated with making counteroffers that are not included in the model, such as the psychological costs
(e.g., anxiety) and recruiter’s time.

60The restriction to employees whose efficient match is not their outside option ensures that we consider
employees who are active in the labor market; an employee r for whom θr>vi for all employers i∈Nr will
never match with a “real” employer, regardless of the selected equilibrium.
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The wage gap between groups in equilibrium eh is equal to the expected absolute wage

difference between employees of different groups with offers from the same employers:

∑
N⊂N

Pr(N)·
∣∣∣E(weh,r :r∈RN,A

)
−E

(
weh,r :r∈RN,B

)∣∣∣,
where Pr(N) represents the probability that N ⊂ N is the subset of employers the

selected employee type encounters which is common across all Fh, h∈H.61

Importantly, our notion of wage gap between groups compares “similar” employees who

have job offers from the same employers. In other words, our measure may be subject to Simp-

son’s Paradox: one equilibrium may reduce the wage gap between groups compared to another

equilibrium, but may not reduce the “uncontrolled” wage gap in the market overall ifA−group

and B−group employees encounter some subset of employers N with different probabilities.

The following proposition presents an evaluation of lean-in general equilibria in which

ρ̂i=1 for all i∈N. All such general equilibrium are payoff equivalent, and compared to any

other equilibrium outcome, a lean-in general equilibrium yields higher efficiency, higher em-

ployee surplus, and smaller wage gap between groups. Indeed, any lean-in general equilibrium

maximizes the efficiency and employee surplus, and minimizes the wage gap between groups,

within the set of outcomes that yield no employer a strictly negative profit. Also recall from

Proposition 3 that the belief vector associated with lean-in general equilibria is robustly self

enforcing, i.e., it can plausibly be induced by public policy.

Proposition 4 (Efficacy of lean-in general Equilibria). Let (N,Θ,F,{vi}i∈N) be a labor market

such that such that ρ̂i=1 for all i∈N is the unique belief vector in the support of F. Then in

any general equilibrium of this labor market: the efficiency and employee surplus is 1, while

the wage gap between groups is 0.

Proposition 5 in Appendix A.2 shows that Proposition 4 is not a knife edge result—any

general equilibrium with a belief vector ρ̂≈ 1⃗ achieves nearly the same properties as lean-in

general equilibria featuring ρ̂= 1⃗.

Proposition 4 applies within a labor market, while another policy-relevant consideration is

the impact of switching from equilibria with low negotiation rates to one with high negotiation

61We note that our upcoming theoretical results hold under alternative functional forms for measuring the
wage gap between groups. For example, there are no changes if we instead defined the wage gap between groups
as equaling the maximum expected wage gap for employees of different groups across all subsets N∈N.
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rates across labor markets. Our model offers some guidance on the “elasticity” of outcomes

across labor markets, that is, market structure affects not only the mapping between employee

outside options and wages (for a detailed review see Kline, 2025b) but also the mapping

between negotiation rates and wages. We expect outcomes to meaningfully vary across general

equilibria in markets that are imperfectly competitive, not those that are perfectly competitive.

First, consider an imperfectly competitive market with a known, common outside option for

employees (i.e., Θ is a singleton set), and a single monopsonist i with a match value exceeding

the outside option. A “lean-out” general equilibrium in which ρi=0 results in the monopsonist

taking all of the surplus, that is, the monopsonist will optimally set the initial wage offer equal

to the outside option, and no employee types will negotiate. By contrast, Proposition 4 finds

that a lean-in general equilibrium with ρi=1 leads to employees taking all of the surplus. Next,

consider a competitive market in which there exist at least two employers with similar match

values that are typically in head-to-head competition for employees (i.e., the distribution F

places high probability mass on both employers being present in an employee’s portfolio).

Different general equilibria corresponding to different negotiation frequencies yield nearly

identical outcomes, as the employers compete away surplus even without the pressure of

employee-induced negotiations, similar to competition in Bertrand’s model.

6 Conclusions

Salary negotiations are widespread in some labor markets and have the potential to affect

both individual job choices, and market level pay equity and match efficiency. In this paper,

we set out to bridge the gap between canonical full-information models of bargaining with

realities we observe in the field. By leveraging a field experiment in the US technology sector,

we uncover that uncertainty about offer negotiability (even more so than the uncertainty of

how to negotiate) prevents employees from fully exercising their bargaining power. Our

empirical findings reveal that when employees are provided with information that encourages

negotiation, rates of negotiation rise and so too does average compensation.

Based on these empirical insights, we model negotiation over a portfolio of offers, allowing

for uncertainty about offer negotiability. Predictions from our model differ from those of

workhorse bargaining models, and our predictions bear out in the observational data. Our

model allows us to consider policies that affect negotiation rates at the market level, allowing
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employers to strategically respond by adjusting their stance toward negotiations and also their

initial wage offers. We compare the status quo with the lean-in negotiation equilibrium where

negotiations are encouraged by a self-enforcing messaging campaign mimicking a scaled-

up version of our experimental encouragement treatment. We find the lean-in equilibrium

maximizes employee welfare, efficiency, and equity. Moving to a lean-in equilibrium has the

largest benefits in imperfectly competitive labor markets.

In summary, our study provides a unified framework to explain why negotiation behavior

varies across candidates applying for the same job, and it highlights the potential benefits of

encouraging negotiation.
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Figure 1: Treatment Messages

PANEL A: Negotiation Lessons Message

According to a survey conducted by Fidelity Investments, around 
42% of Americans attempted to negotiate the initial offer that they 
received. There is evidence suggesting that people should attempt 
to negotiate even more often. 

Don’t feel guilty about negotiating. While it’s natural to feel guilty 
or afraid about it, companies expect you to negotiate. In some 
cases, the person you are negotiating with has been hired 
precisely for that job. They’d be happy if you attempt to negotiate 
– that’s what they were hired for! And negotiating the
compensation can make the employment relationship stronger.

The success rate is quite high. According to the Fidelity survey, 
85% of Americans who attempted to negotiate the compensation 
terms of their offer were successful – that is, they got at least some 
of what they asked for. 

The gains from negotiating add up quickly. According to 
the Harvard Business School Negotiations Course, by age 65, the 
salary gap between those who did and did not negotiate when 
they were 30 rises to more than $30,000, totaling $1.6 million gains 
over the working years. 

PANEL B: Coaching Treatment Message

You have been randomly selected to receive a subsidy for 
the coaching service, paid for by the research team. This is 
your special offer:

Levels.fyi usually charges for the coaching service between
$1,250 and $2,450. However, through this study, you have 
the opportunity to enroll in the coaching service for the 
reduced price of $250.

You have a money-back guarantee: if your negotiation 
does not lead to a compensation increase of at least
$2,500, you will receive a full refund.

There is no need to provide your credit card information at 
this stage. To claim this special offer, you will schedule a 
complimentary consultation as part of this survey. You can 
use that opportunity to speak to one of the coaches and 
ask any questions you may have before you book the 
service.

Notes: Panel A provides a screenshot of the message shown to subjects in the encouragement treatment, while Panel B shows the screenshot of
the message shown to subjects in the coaching treatment.
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Figure 2: The Effects of Encouragement Treatment and Heterogeneity by Priors (Wave 1)

PANEL A: Ex-Ante Intention to Negotiate

μ=77.4% μ=80.9% μ=82.3% μ=84.5% μ=75.3% μ=79.5%
ATE = 3.6pp (p = 0.001) 2.2pp (p = 0.235) 4.2pp (p = 0.001)

0%

20%

40%

60%

80%

100%

In
te

nd
s t

o 
N

eg
ot

ia
te

 A
lm

os
t S

ur
el

y

Full Sample High Priors Low Priors  

Control
N=1,171

Treatment
N=1,184

Control
N=350

Treatment
N=349

Control
N=821

Treatment
N=835

PANEL B: Negotiated

μ=53.7% μ=61.0% μ=60.2% μ=63.3% μ=51.0% μ=60.1%
Lee Bounds: [3.0%,14.2%] [-2.7%,12.9%] [5.3%,14.7%]

ATE = 7.3pp (p = 0.008) 3.0pp (p = 0.552) 9.0pp (p = 0.006)
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PANEL C: Offer Compensation Improved

μ=30.3% μ=36.0% μ=39.8% μ=41.3% μ=26.6% μ=33.8%

Lee Bounds: [-1.5%,9.7%] [-7.6%,8.0%] [1.0%,10.4%]
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Notes: Main outcomes by encouragement treatment status (with the treated group in green bars and 90% CI in brackets).
Each panel corresponds to a different dependent variable: Panel A displays ex-ante intention to negotiate, Panel B
negotiating an offer, and Panel C having offer compensation increased. In each panel, the first two bars represent the full
Wave 1 sample, and the rightmost four bars split the sample based on prior beliefs. Participants are categorized as “Low
Priors” if their prior estimates about negotiation rates and success rates were lower than the provided information.
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Figure 3: The Effects of Coaching Treatment and Heterogeneity by Stated Willingness to Pay (Wave 1)

PANEL A: Coaching Take-Up

μ=1.1% μ=3.0% μ=0.7% μ=1.7% μ=2.3% μ=6.7%

ATE = 1.9pp (p = 0.001) 1.0pp (p = 0.048) 4.5pp (p = 0.008)
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PANEL C: Offer Compensation Improved

μ=35.4% μ=31.1% μ=34.8% μ=29.3% μ=37.5% μ=38.9%

Lee Bounds: [-8.5%,3.3%] [-9.1%,1.1%] [-6.4%,14.5%]
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Notes: Main outcomes by coaching treatment status (with the treated group in blue bars and 90% CI in brackets). Each
panel corresponds to a different dependent variable: Panel A displays taking up coaching services, Panel B negotiating an
offer, and Panel C having offer compensation increased. In each panel, the first two bars represent the full Wave 1 sample,
and the rightmost four bars split the sample based on their stated WTP for coaching services. Participants are categorized
as “Low WTP” if their stated WTP is lower than $300.
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Figure 4: The Effects of Coaching Treatment and Heterogeneity by Stated Willingness to Pay (Wave 2)

PANEL A: Coaching Take-Up

μ=12.0% μ=36.2% μ=2.7% μ=13.1% μ=14.1% μ=42.7%

ATE = 24.1pp (p < 0.001) 10.4pp (p = 0.001) 28.6pp (p < 0.001)
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PANEL C: Offer Compensation Improved
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Notes: Main outcomes by coaching treatment status (with the treated group in blue bars and 90% CI in brackets). Each
panel corresponds to a different dependent variable: Panel A displays taking up coaching services, Panel B negotiating an
offer, and Panel C having offer compensation increased. In each panel, the first two bars represent the full Wave 2 sample,
and the rightmost four bars split the sample based on stated WTP for coaching services. Participants are categorized as
“Low WTP” if their stated WTP is lower than $300.
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