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Noncompete Agreements in the U.S. Labor Force*!

Evan Starr,* JJ Prescott,® and Norman Bisharal

October 12, 2020

Abstract

Using nationally representative survey data on 11,505 labor force participants, we examine
the use and implementation of noncompete agreements as well as the employee outcomes as-
sociated with these provisions. Approximately 18% of labor force participants are bound by
noncompetes, with 38% agreeing to at least one in the past. Noncompetes are more likely
to be found in high-skill, high-paying jobs, but they are also common in low-skill, low-paying
jobs and in states where noncompetes are unenforceable. Only 10% of employees negotiate
over their noncompete, and about one-third of employees are presented with their noncompete
after having already accepted their job offer. Early-notice noncompetes are associated with
better employee outcomes, while employees who agree to late-notice noncompetes are compar-
atively worse off. Regardless of noncompete timing, however, wages are relatively lower where
noncompetes are easier to enforce. We discuss these findings in light of competing theories of
the economic value of noncompetes.
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1 Introduction

Noncompete agreements (“noncompetes”) are postemployment restrictions that prohibit departing
employees from joining or starting a competing enterprise, typically within time and geographic
boundaries.! Noncompetes have long faced significant legal hostility because of their often blunt
prohibition on employee mobility (Blake, 1960), but they are nevertheless regularly enforced in
the United States.? Spurred by anecdotes of unpaid interns and minimum wage sandwich makers
signing noncompetes, policymakers in recent years have proposed dozens of legal reforms, includ-
ing banning noncompetes for some or all employees and regulating the noncompete contracting
process.> Yet relatively little is known about the actual use of noncompete agreements by em-
ployers because employee-level noncompete data are scarce.? In this study, we use nationally
representative data from a survey of 11,505 labor force participants to answer three empirical
questions: (1) What fraction and which types of employees enter into noncompetes? (2) What
is the nature of the noncompete contracting process? And (3) how are noncompetes related to
labor market outcomes, like training, wages, and job satisfaction?

Our empirical analysis is motivated by theoretical work in law and economics that considers
the costs and benefits of employment contracts that limit an employee’s future mobility. The
traditional economics perspective has two key tenets. First, due to the inalienability of human
capital (Hart and Moore, 1994), employers will be reluctant to invest in developing valuable
information or specialized training—given that employees may be unable to compensate employers
in advance for access to such information and training (Barron et al., 1999; Acemoglu and Pischke,
1999)—if employees can easily convey the value of any such investments to a competitor simply by

taking a new job. Enforceable noncompetes solve this holdup problem by prohibiting departures

!Several examples of actual noncompetes are provided in Figures OE1, OE2, and OE3.

2All but three U.S. states enforce noncompetes (though to varying degrees) as long as they are protecting
legitimate firm interests—such as trade secrets, client lists, or specialized training (Malsberger et al., 2012)—
without unduly harming the employee or the public. See Online Appendix C for more on the enforceability of
noncompetes.

3For a recent summary of noncompete proposals, see www.https://www.faircompetitionlaw.com/changing-
landscape-of-trade-secrets-laws-and-noncompete-laws/.

“See generally Bishara and Starr (2016). Available noncompete data cover executives (Bishara et al., 2012) and
engineers (Marx, 2011). There are also two recent papers about the use of noncompetes among physicians (Lavetti
et al., 2019) and hair salon employees (Johnson and Lipsitz, 2019). A large literature studies the enforceability of
noncompetes, but this work does not use data on actual noncompete use. See, for example, Balasubramanian et
al. (2020); Marx et al. (2009); Stuart and Sorenson (2003); Samila and Sorenson (2011); Starr (2019); Starr et al.
(2018); Conti (2014); Marx et al. (2015); Younge et al. (2014).


www.https://www.faircompetitionlaw.com/changing-landscape-of-trade-secrets-laws-and-noncompete-laws/
www.https://www.faircompetitionlaw.com/changing-landscape-of-trade-secrets-laws-and-noncompete-laws/

to competitors, which encourages employers to make these fragile but important productivity-
enhancing investments (Rubin and Shedd, 1981; Posner et al., 2004; Meccheri, 2009). The second
tenet is that employees will not agree to a noncompete unless an employer adequately compensates
them (Callahan, 1985; Friedman, 1991), either upfront or through higher future wage growth
representing part of the return on the employer’s investment in the employee.®

In contrast, a more critical perspective recognizes that while noncompetes might solve incen-
tive problems, they can also serve anticompetitive ends, including limiting wage growth by re-
straining labor-market competition from product-market competitors, retarding product-market
competition by reducing information flows to competitors, and preempting future competition
from departing employees (Krueger and Posner, 2018; Marx, 2018). Employers might even de-
ploy noncompetes when they are entirely unenforceable (because they are not relying on actual
enforceability to align incentives), hoping instead that the in terorrem effects of the contract will
hold employees to their (unenforceable) promises (Sullivan, 2009; Starr et al., forthcoming; Blake,
1960). This view also challenges the notion that employees will be adequately compensated for
entering into a noncompete: employers may impose a noncompete requirement only after an ap-
plicant has accepted an employment offer, often on the first day of the job, when the employee’s
bargaining power is much diminished (Arnow-Richman, 2006).

These contrasting views deliver different predictions about the incidence of noncompetes, the
noncompete contracting process, and how noncompetes relate to labor market outcomes (Table
1 summarizes the predictions and findings). The more benign view tells us that noncompetes
should be confined to occupations and industries that require specialized training or access to
valuable information, should exist only in states that enforce noncompetes (because enforceabil-
ity addresses the holdup problem), should involve negotiation, and should correlate with better
employee outcomes (e.g., more training, higher wages), especially in enforcing states. The critical
view contends that noncompetes should be common even among employees without access to
trade secrets and in nonenforcing states, should follow a contracting process that involves little
negotiation or transparency, and should be associated with worse labor market outcomes. In what

follows, we describe our data and examine these competing predictions.

5There is also the view that noncompetes—a species of within-industry mobility friction—will not matter as
long as skills and information are fungible across industries and moving costs are low (Sykuta, 2014).



2 Data

Our data come from a large-scale survey that we developed and administered in 2014 to a panel
of verified respondents.® The sample population are labor force participants aged 18 to 75 who
are employed in the private sector or in a public healthcare system or who are unemployed. The
final sample contains 11,505 respondents drawn from all states, industries, occupations, and other
demographic categories. We use an online survey instrument to collect these data, which offers sev-
eral significant research-related benefits, such as the ability to ask technical questions in intuitive
ways, easy access to millions of Americans who are comfortable responding to internet surveys,
and significantly lower costs (and thus larger sample sizes). Yet surveying people online also comes
with several important challenges, such as ensuring respondent reliability and representativeness,
addressing item nonresponse, and even calculating the response rate.”

With regard to respondent representativeness, we built quotas into the surveying procedure
to ensure our unweighted sample would be representative on key demographics. We also created
ex post weights using iterative proportional fitting (“raking”) to match the marginal distributions
of many important variables in the 2014 American Community Survey (ACS).® Table 2 presents
an unweighted and weighted comparison of our sample and data from the ACS. Our unweighted
sample is higher earning, better educated, and more female than the population, but weighting
appropriately virtually eliminates these differences. Unfortunately, weighting does not account for
any nonrandom selection into our sample on the basis of unobservables.” With respect to data
quality, we verify the reliability of respondent answers in several ways. In addition to examining

long-answer and free-form survey responses directly,'® we also carefully cleaned our raw data,

5We provide a focused discussion of our survey data here, with more details in our Online Data Appendix F. An
even more extensive account of our data can be found in Prescott et al. (2016), which describes our investigation into
sample-selection issues, hand-coding of occupations and industries, weighting methods, and imputation procedures.

"We vetted online panel providers by personally signing up as survey takers with many of these survey firms
ourselves. Typically, after we completed an intake questionnaire, a representative called us a few days later at the
phone number we listed and asked us questions to confirm the information we had submitted. In later discussions
with various online panel providers, we learned that these companies drop applicants who give invalid phone
numbers or who are not able to confirm their intake information.

8We considered a number of weighting schemes. See Tables 16 and 17 in Prescott et al. (2016) for more details.

9As for item nonresponse, note that if only respondents with an axe to grind about noncompetes finish the
survey, we may find that noncompetes are associated with negative outcomes. To address this concern, we asked
respondents at the end of the survey to indicate why they participated in the exercise, with an option that read:
“I wanted to share my experiences with noncompetes.” In our robustness checks, we drop these individuals and
confirm that our results are robust to their exclusion.

10Tn Table OF1, we reproduce the self-reported job titles, occupational duties, and industries from 15 randomly
selected respondents. The entries illustrate how seriously respondents took the survey. The respondent-provided job



identifying and removing repeat survey takers and excluding observations with intentionally non-
compliant answers, among many other exhaustive measures that we took to address inconsistent
and low-quality survey answers (see Data Online Appendix F).!

Respondent willingness to take and complete our survey is comparable to other surveys in the
noncompete literature, although response rates are difficult to define and calculate in this setting
because panel providers continuously send invitations to a superset of potential respondents—
not all of whom are in our population of interest—until they receive a pre-specified number of

’ We can drop those who are not in our population of interest if they begin

“complete surveys.’
the survey (about 40%, see Table 2 of Prescott et al. (2016)), but we do not know and cannot
determine whether those who receive an invitation but never start the survey are actually in our
population of interest.'? Given this limitation, the true response rate lies between two extremes:

the final sample size over the number who started the survey within our population of interest

(23%) and the final sample size over the total number of survey invitations (2%).'3

3 The Use of Noncompetes

To identify employees bound by noncompetes, our survey instrument first defines a noncompete
agreement (explicitly distinguishing a nondisclosure agreement, a common confusion) and asks

respondents whether they have ever heard of such provisions (75.2% report yes). Our survey then

descriptions are quite detailed, as are the industry descriptions. We examined all of the survey data comprehensively
by reviewing every one of the 11,505 free-form job titles, job duties, and industries by hand in the process of creating
occupation and industry codes. It is clear that the vast majority of these respondents took care to write thoughtful
responses to these questions.

1The final step of our cleaning process was the design and use of a flagging algorithm, which analyzes within-
survey responses for internal inconsistencies. The flagging algorithm flags up to 21 different possible inconsistencies,
including, for example, whether the respondent reports that the particular establishment or office at which they
work is larger in terms of employee numbers than the employer’s entire organization, whether there were missing
responses, and others (see Table 7 of Prescott et al. (2016) for the full list). Only 1.8% of the final sample was
flagged two or more times, with 82.2% receiving zero flags.

12The quotas we used to ensure representativeness exacerbate this problem because as the survey stays in the
field and quotas begin to bind, respondents who would otherwise qualify for the survey become newly ineligible.
Toward the end of the surveying period, when most quotas are full, the online survey company might send out
thousands of e-mail invitations when only a handful of respondents satisfy the remaining criteria. In addition, our
survey was marketed as a “work experiences survey,” and online survey respondents skew toward being out of the
labor force (see Table 12 of Prescott et al. (2016)), so it is likely that many who did not respond to the survey
invitation were not in our population of interest.

13These numbers, while seemingly on the low side, are actually in line with and likely better than response rates
to random-digit-dialing surveys, which were around 6% in 2018 (Kennedy and Hartig, 2019). To compare the rates
we calculate to response rates for other surveys in this literature, see Table OB1. Moreover, in light of our arguably
low response rates, it is important to recall that a low response rate is not problematic per se. Rather, bias results
only when the reasons for nonparticipation are correlated with unobservables and outcomes of interest.



asks those who indicate some familiarity with noncompetes whether they have ever agreed to
one (25% overall, 42% of those who are aware of them), and, if they answer yes, whether they
are currently bound by one. For our 11,505 respondents, the unweighted distribution of those
with a noncompetes currently is 15.2% “yes,” 55.1% “no,” and 29.7% “maybe,” where the “maybe”
category includes those who have never heard of a noncompete (24.8%), do not know if they have
one (2.2%), do not want to say (0.23%), and cannot remember (2.5%).14

A key challenge in calculating noncompete incidence is that many in the “maybe” category
may actually be bound by a noncompete. In fact, of those in our data who report having ever
entered into a noncompete agreement, 8.8% also acknowledge having unknowingly signed at least
one such provision that they discovered only at some later date. We address this uncertainty
in two ways. First, we treat the “maybes” as their own category, which allows us to interpret
the proportion of respondents answering “yes” as a lower bound on the incidence of noncompetes
and the proportion of respondents answering either “yes” or “maybe” as an upper bound. Second,
because the overall effect of a noncompete is averaged across those who are and who are not aware
of their noncompete status, we use multiple imputation methods (King et al., 2001) to predict
which respondents in the “maybe” category have a noncompete.'®

Overall, our weighted estimates indicate that 38.1% of U.S. labor force participants have agreed
to a noncompete at some point in their lives, and that 18.1%, or roughly 28 millions individuals,©
currently work under one.'” Table 3 shows the distribution of temporal and geographic restric-
tions of noncompetes in the U.S.: most noncompetes have durations of 2 years or less, while the

geographic scope is frequently the state or the entire country (or there is no geographic limitation),

14The unweighted distribution for whether an individual has entered into a noncompete at some point in the
past in our full sample is 31.5% “yes,” 41.5% “no,” and 27% “maybe.” Among individuals who answer “yes” or “no”
(to the question whether they have ever entered into a noncompete), almost all report being confident in their
answer—i.e., either completely (74.2%) or fairly (23%) sure.

5We provide a more in-depth discussion in Section ILF of Prescott et al. (2016). To calculate our standard
errors properly, we impute noncompete status among the “maybe” category 25 separate times. We then estimate
our statistical models on each of the 25 different but complete datasets and follow by using Rubin’s Rules to
combine the resulting point estimates and correct the standard errors to reflect the variation in the imputed values
(see Online Appendix F.5 for details). The benefits of multiple imputation methods are that they allow us to create
an overall estimate of the use of noncompetes that accounts for the uncertainty surrounding the “maybe” group.

'The Bureau of Labor Statistics (BLS) puts the U.S. labor force at 156 million in July of 2014.

1"The unweighted multiple imputation estimates signal that relatively few “maybes” are likely to have noncom-
petes in fact. We calculate that 19.9% of individuals (including 16% of the “maybe” respondents) are bound by
noncompetes in 2014. These numbers are similar to two other estimates from smaller but more recent surveys:
Krueger and Posner (2018), using a similar online survey methodology of 795 respondents in 2017, find a 15.5%
incidence rate, while a 2017 survey in Utah of 2,000 employees reports an 18% incidence rate (Cicero, 2017).



though about 20% of individuals with noncompetes are uncertain as to the precise terms. Table 4
provides means—overall and by noncompete status—of important variables in our sample. Table
5 and Figures 1 to 8 document variation in noncompete use by a range of employee and employer
characteristics, with additional calculations presented in Online Appendix Figures OA1l to OAS5.
The figures report the results of both our bounding approach and our multiple imputation strat-
egy.!® In Table 6, we also examine multinomial logit (Panel A) and linear probability models
(Panel B) of employee noncompete status. We briefly describe variation in noncompete use by
demographic characteristics before focusing our discussion on the empirical findings that are most
relevant to the theoretical and policy debates over noncompetes.

Noncompete incidence differs widely across types of employees and employers. Table 5 shows
that noncompetes are more than twice as common among employees of for-profit employers (19%)
than they are among those working for private non-profits (9.8%). Men are slightly more likely
than women to have entered into a noncompete at some point (39.7% vs. 36.3%) and to be
currently bound by one (18.8% vs. 17.3%). Noncompetes are also a bit more frequent among the
young (see also Figure 1) and in areas with greater product market competition (Figure 2). Lastly,
while noncompetes are more routine among those with higher levels of education (Figure 3) and
among those with greater annual earnings (Figure 4) or receiving a salary (Table 5), they are still
prevalent among less-educated and lower-earning employees. For example, among those without
a bachelor’s degree, 34.7% of our respondents report having entered into a noncompete at some
point in their lives, while 14.3% report currently working under one. Similarly, of those earning less
than $40,000 per year, 13.3% are currently subject to a noncompete, with 33% reporting that they
have acquiesced to one at some point. Table 6 confirms that these patterns hold in a multivariate
framework. Importantly, these figures and Table 4 also demonstrate that a disproportionate share
of the “maybe” category are low-earning with lower levels of education.™
Consistent with the traditional case for noncompetes, the provisions are more frequent in cer-

tain high-skilled occupations and industries, though they are still common in most other occupa-

18The size of the bars in the figures shows the size of the “maybe” category. The lower end of the bar represents
the lower bound on the incidence of noncompetes, the upper end represents the upper bound on incidence, and the
dark dot marks the multiple imputation estimate.

19For example, among those who report having less than a bachelor’s degree, nearly 45% indicate that they do
not know whether they have agreed to noncompete in the past, compared to approximately 20% of respondents
with at least a bachelor’s degree.



tions (Figure 5) and industries (Figure 6).2° Per Figure 5, the occupations in which noncompetes
are found most frequently are architecture and engineering (36%) and computer and mathematical
vocations (35%). Farm, fishing, and forestry positions have the lowest incidence (6%).2! With
respect to industries, Figure 6 shows that noncompetes are most common in information (32%),
mining and extraction (31%), and professional and scientific services (31%). Noncompetes are
found least frequently in agriculture and hunting (9%) and the accommodation and food services
industries (10%).2? Relatedly, noncompete incidence is much higher among those who report
possessing some type of trade secret or valuable information. Figure 7 breaks down noncompete
incidence by type of “legitimate business interest.”?> Those who work with trade secrets are most
likely to be bound by a noncompete (33-36%), while those who only work with clients or who
have client-specific information are roughly half as likely to have a noncompete (15-16%).
Finally, we find very little difference in (unconditional) noncompete incidence between states
that will and will not enforce these provisions (Figure 8). This is true even among single-location
employers, where we find that the unconditional use of noncompetes in nonenforcing states is only
slightly lower than in states that enforce noncompete agreements most zealously (14% vs. 16.5%).
By comparison, multivariate results in Table 6 indicate that, comparing two observationally equiv-
alent employees, noncompetes appear to be somewhat more common (4 to 5 percentage points)
in the most vigorous enforcing states relative to nonenforcing states. The difference between the
unconditional and conditional models suggests some role for geographic selection into the use of

noncompetes based on employee and employer observables.

20We use two methods to identify the use of noncompetes across occupations and industries: First, we calculate
the proportion of respondents who agree to a noncompete within a given occupation or industry. Second, we ask
individuals to project how common noncompetes are within their occupations and industries, and then we aggregate
those estimates into a single occupation- or industry-specific number. The idea behind using “projected estimates”
as a way of estimating noncompete incidence is that an employee’s knowledge of their occupation and industry as a
whole captures more information than the employee’s personal situation alone. See Rothschild and Wolfers (2013)
for an example of this method in a voting context.

21Two indicia of the quality of our survey data are that legal occupations have the second lowest incidence level
(10%) and that employees in these occupations are most likely to know whether they are bound by a noncompete.
These facts are reassuring because one would expect that lawyers and legal support staff would be among the
most careful readers of contracts and because the practice of law is the only occupation in which noncompetes are
unenforceable in all states (Starr et al., 2018).

22With respect to the joint occupation-industry incidence distribution, Figure OA5 shows that the use of noncom-
petes is highest for technical occupations (computer, mathematical, engineering, architecture) in the manufacturing
and information industries. Note that in the figure we only analyze occupation-industry cells for which there are
at least 20 individuals in the sample in order to ensure that the results are representative.

2We define legitimate business interests as trade secrets, relationships with clients, and client information, such
as contacts or marketing databases.



To provide some aggregate understanding across all of these characteristics, our simple multi-
variate model predicts that a salaried employee with a college degree, earning $100,000 per year,
with access to the employer’s trade secrets, and in a private for-profit firm, has a 44% likelihood of
being a party to a noncompete. As a point of comparison, an employee paid by the hour without
a bachelor’s degree, in a private for-profit firm, earning $50,000 per year, and without access to

the employer’s trade secrets, has a 13% chance of being bound by a noncompete.

4 Negotiation and the Contracting Process

Table 7 presents descriptive statistics regarding the noncompete contracting process, including
the extent of negotiation over noncompetes, when employers initially present noncompetes to
applicants or employees, and whether employees consult with others before assenting to such a
provision. Panel A shows that 61% of individuals with a noncompete first learn they will be
asked to agree not to compete before accepting their job offer while more than 30% first learn
they will be asked to agree only after they have already accepted their offer (but not with a
promotion or change in responsibilities). This late notice appears to matter to employees. In a
follow-up question to those who received late notice, 26% report that if they had known about
their employer’s noncompete plans earlier, they would have reconsidered accepting their offer.
Table 7 also shows that only 10% of employees report attempting to negotiate over the terms
of their noncompete or asking for additional compensation or benefits in exchange for agreeing
to such an employment condition. However, we find that the timing of noncompete notice is
correlated with whether an individual makes an effort to bargain: 11.6% report negotiating when
given early notice by their potential employer compared to just 6% of those given notice only

24 When presented with a noncompete, most respondents

after they have accepted their offer.
report just reading and signing it (88%), with a nontrivial fraction not even reading it (6.7%).
Consultation with friends, family, or a lawyer is relatively uncommon (17%), but obtaining advice

is strongly associated with attempting to negotiate.?®

24By contrast, 31% of those asked to agree to a noncompete before a promotion or raise report negotiating over
their noncompete, suggesting such circumstances allow employees a more favorable bargaining position.

25In unreported results, we also find that negotiation is twice as likely for those with a bachelor’s degree relative
to those without (13% vs. 6.2%) and that men are more likely to report negotiating than women (13% vs. 4.5%).
Also, negotiation appears to be uncorrelated with noncompete enforceability—even after controlling for a host of
characteristics such as employer size and employee age, gender, industry, occupation, and education.



In Table OB2, we report the reasons individuals cite for not attempting to negotiate over the
terms of their noncompete (separately by the timing of notice). The top reasons for forgoing the
opportunity to negotiate include that the terms were reasonable (52%) and the assumption that
noncompetes were not negotiable (41%). Roughly 20% of employees fear creating tension with
their employer or simply being fired if they try to negotiate.? In terms of heterogeneity by timing,
those asked to agree not to compete after they have already accepted their offer are 9 percentage
points less likely to report that they felt the terms were reasonable (55% vs. 46%) and are also 10
percentage points more likely to assume they could not negotiate (48% vs. 38%). In unreported
tabulations, we also explore respondent beliefs about the consequences of refusing to agree to a
noncompete. We asked respondents with noncompetes, “Would you still have been hired if you
refused to sign the noncompete?” Only 11.4% answered affirmatively; 61.6% believed not, and
27% did not know. Taken together, the evidence in this section indicates that employers present

(or employees receive) noncompete proposals as take-it-or-leave-it propositions.

5 Labor Market Outcomes

The traditional and critical perspectives on noncompetes offer different predictions about the
extent to which employees with noncompetes should receive training and valuable information in
their employment as well as whether employees who agree not to compete will be better off on
the whole. In this section, we examine the conditional relationships between noncompetes and
labor market outcomes. Given that contrasting views on noncompetes also highlight the role of
late notice (as eroding employee bargaining power),?” the enforceability of noncompetes (key to
resolving the holdup problem), and effects over tenure (perhaps reflecting an upfront compensating

differential), we also explore heterogeneity along these dimensions.

5.1 Empirical Approach

We begin by acknowledging that our analysis of the relationships between noncompete use and

labor market outcomes (and the heterogeneity of these relationships across various contracting and

26For example, in an open text answer to a survey question, one respondent wrote “i needed the job [expletive],
i wasn’t trying to make any waves on the first day.”
2"We provide summary statistics by early and late notice in Table OB3.



legal dimensions) are best taken as descriptive and should not be interpreted causally. Noncompete
use and the moderator variables we examine are endogenous.?® Accordingly, any associations we
observe may be at least partially due to reverse causation or selection on unobservables. To ease
some concerns about this important limitation, we use several approaches to assess the sensitivity
of our empirical results, including inspecting the robustness of our findings to the inclusion of a
rich set of controls in our regression analysis, testing for selection on unobservables,?? and asking
respondents directly about their experiences with noncompetes.

Our investigation focuses on four critical employee outcomes: wages, training, access to infor-

mation, and job satisfaction. Our main empirical specification takes the form:

Yiojs = Bo + 1 Noncompete; + v Xij + wo j + a5 + €iojs- (1)

Noncompete; indicates whether the individual is bound by a noncompete. We study those who
affirmatively report a current noncompete (“yes”), grouping “maybe” respondents with “no” re-
spondents (and revisiting the robustness of our findings to this choice in our sensitivity analysis).
Yiojs refers variously to employment-related outcomes as reported by employee ¢ in occupation
o, industry j, and state s. We represent industry (NAICS 2-digit)-by-occupation (SOC 2-digit)
fixed effects and state fixed effects with w, ; and aj, respectively. In later models, we disaggregate
our noncompete indicator to account for when the employee first learns about the employer’s

noncompete requirement (early- and late-notice), with individuals who do not have noncompetes

28We considered two possibilities for suitable instruments for noncompete status: differences in the enforcement
regime and the projected incidence of noncompetes by others in the same occupation and industry. Both approaches
yield implausible estimates (see Online Appendix D).

290ster (2017) describes the key aspects of the test: If the R-squared statistic rises substantially as additional
control variables are added and the estimate of the coefficient of interest remains stable, then there is less residual
variation available to explain away a statistically significant estimate. If, however, the R-squared changes very
little or the coefficient falls dramatically as controls are added to the model, then we should be less confident
in the magnitude and direction of the estimate under review. Oster’s (2017) test for selection bias delivers one
parameter, ¢, which indicates how powerful selection on unobservables would have to be, relative to the selection
that occurs with respect to observables, to push the point estimate in question to zero. A value of § = 1 implies
that selection on unobservables would have to be as important as selection on observables to fully account for an
estimated nonzero coefficient while a value of 6 > 1 indicates that selection on unobservables would need to be even
greater than selection on observables. To carry out the selection-bias test, we set the maximum R? at 30% higher
than the R? in our fully saturated model, as Oster recommends. We also examine the reported ¢ terms by making
comparisons (1) between a model with no controls and one with advanced controls and (2) between a model with
basic controls (including state and occupation-by-industry fixed effects) and the advanced-controls model. We set
the test’s ¢ statistic equal to 1 as a natural cutoff to assess the stability of our results.
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serving as the comparison group; we also examine models in which we interact Noncompete; with
state-level noncompete enforceability and with length of tenure.?°

Controls are given by X;;, which we divide into “basic” and “advanced” groups in our analysis
to gauge the sensitivity of our results to potentially confounding variables. Basic controls include
demographic characteristics,?! while the advanced controls address more noncompete-specific con-
cerns.?? These advanced controls in truth likely include some that are endogenous, potentially
obscuring any causal mechanisms linking noncompete use and employee outcomes. Nevertheless,
because we do not have reliably exogenous variation in the use of noncompetes to examine, it
is informative to explore whether any noncompete-related patterns we observe survive when we

condition on these potentially associated employment terms and conditions.??

5.2 Results

Table 8 reports the relationships we find between noncompete status and our four employment out-
come: logged hourly wages and separate indicators for whether the respondent agrees or strongly
agrees that their employer shares all job-related information with them, whether they received

training in the last year, and whether they agree or strongly agree that they are satisfied with their

30We cluster our standard errors by state, tracking the level at which noncompetes are enforced (Moulton, 1990).

31Specifically, indicators for employee type (hourly, salaried, commission), gender, education, employer size,
employer’s multi-unit status, linear measures of an employee’s hours worked per week, weeks worked per year, and
their interaction, a third-degree polynomial in employee age, the logged number of employers in the county-industry
cell, and the logged unemployment rate and labor force size in the state and year in which the employer hired the
respondent (Beaudry and DiNardo, 1991). When necessary, logged variables take a log of the value plus one.

32Because noncompetes and other postemployment restrictive covenants (nondisclosure agreements, nonsolic-
itation provisions, and similar devices) frequently occur together (see Table 4), we disentangle and isolate any
relationship between noncompetes and outcomes by controlling for these related provisions. If the use of postem-
ployment provisions generally correlates with employer or employee quality or sophistication, controlling for them
also accounts for any residual quality not addressed by our other controls. In addition, we include controls for
poaching rates to and from the employer and within the industry generally to address employer heterogeneity
in quality and employee-mobility patterns (for example, some employers are more likely to have their employees
poached by competitors and so may be more likely to use noncompetes and may also pay different wages). We
also control for other HR benefits, such as whether the employer offers a retirement plan, health insurance, paid
vacation, sick leave, and life insurance. The inclusion of the HR-type benefits—retirement plan, paid vacation, sick
leave, and life insurance—reduces the sample size from 11,462 to 11,010. Excluding these variables produces results
that are nearly identical to our reported coefficients in terms of statistical significance and magnitude. See Tables
OB4-0OB7. Individuals with special access to sensitive information or who are predictable “flight risks” may also be
more likely to have both noncompetes and higher earnings, so we control for the number of employers the employee
has had in the last 5 years (a baseline measure of employee mobility) and the types of confidential information the
employee possesses (for example, access to trade secrets or client information).

33In Online Appendix Tables OB4-OB7, we add our advanced controls sequentially so we can more precisely
understand which, if any, shift our estimated noncompete coefficients.
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employment.?* Our baseline results in Panel A with our basic controls show that noncompete
agreements are associated with positive differentials in wages and training. However, including our
advanced controls reduces the training differential to near zero and causes the wages differential
to fall from nearly 11% to 6.6%.3> These results imply that certain advanced controls are strongly
correlated with the use of noncompetes and these outcomes.

Panel B of Table 8 demonstrates that our mainly insignificant baseline results in Panel A are
driven by heterogeneous associations that run in opposite directions, depending on when an em-
ployee receives notice of their noncompete. Focusing first on those who learn of their noncompete
before they accept their job offer, our most saturated model indicates that these employees have
9.7% (e%993) higher earnings, are 4.3 percentage points more likely to have information shared
with them (a 7.8% increase relative to the sample average), are 5.5 percentage points more likely
to have received training in the last year (an 11% increase), and are 4.5 percentage points more
likely to be satisfied in their job (a 6.6% increase) relative to those employees without a non-
compete. In contrast, those presented with a noncompete after they accept their offer (excluding
those furnished with a noncompete following a promotion or a change in responsibilities) appear
to receive no observable boost in wages or training, are 13.4 percentage points less likely to have
had information shared with them (a 24% reduction), and are 8.5 percentage points less likely to
be satisfied in their employment (a 12.5% reduction). In all specifications but one,*® within-model
tests confirm that those who learn of their noncompete from their prospective employer before
they accept that employer’s offer do statistically significantly better (in terms of compensation,
training, access to information, and satisfaction) relative to those who learn of and acquiesce to

their noncompete only after they accept their employment offer.3”

34For each dependent variable, we report results with basic controls and fixed effects as well as results with
advanced controls. The results of the selection test (§) for the comparison to a model with no controls is given in
square brackets (‘[ |”), while the comparison between the models with basic and advanced controls is given in curly
brackets (‘{ }’).

35 As expected, given the large coefficient swings across these two models, the selection tests for the model with
advanced controls confirm that we ought to be worried about selection on unobservables explaining our results. For
example, when our model of logged hourly wages with advanced controls is compared to an otherwise equivalent
model with no controls, the § term is 0.497, implying that selection on unobservables would only need to be half
as important as selection on observables to explain away our estimated coefficient on noncompete status.

36 As we show in Table OB4, the lack of statistical significance on the before-after difference in the association
between noncompete status and logged hourly wages only occurs when we control for HR benefits.

3"The selection tests show that the statistically significant results for the late-notice category all have § > 1,
while the results in the early-notice category are somewhat more sensitive (except in the satisfaction specification).
For example, our results regarding hourly wages for the early notification group do appear rather sensitive to our
advanced controls (6 = 0.275), signifying that unobservables may more plausibly account for these estimates.
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Given the limitations implicit in the cross-sectional nature of our data, we also study employee
beliefs about what they were promised by and what they received from their employer for agreeing
to their noncompete, as a way to independently—although only tentatively—corroborate the
notice-timing differentials that we report in Table 8. The results, which we record in Table
OB8, document that employees are rarely promised anything by their employers for agreeing to
a noncompete, and, in fact, most of our survey respondents report having received nothing in
exchange for their willingness to be bound by one. Moreover, as in Table 8, our findings indicate
that employees who enter into late-notice noncompetes are relatively less likely to be promised

and less likely to receive anything in exchange for their commitment not to compete.3

5.3 Sensitivity Analyses

To probe the robustness of the relationships we observe between noncompete status and employee
outcomes, we investigate the consequences for our findings of treating the “maybe” scenarios as
a separate contracting category as well as using multiple imputation to reassign members of the
“maybe” group. Both approaches yield very similar results with respect to our notice-timing
analysis, though the generally positive association that we estimate in Panel A of Table 8 between
noncompetes and wages largely disappears when we use multiple imputation (see Online Appendix
Tables OB9 and OB10). We also rerun our analysis without incorporating sample weights and
find that none of our results is sensitive to weighting (see Table OB11). In Online Appendix Table
OB12, we drop the respondents who indicated they took the survey to discuss their noncompete.
Our timing results remain robust to this exclusion, though again the average main effect of a
noncompete on wages mostly evaporates (as in the multiple imputation analysis). Finally, in
Online Appendix Table OB13, we examine a related set of subjective employee outcomes, including
perceived job security, the employer’s commitment to upgrading the employee’s skills, and whether
the employee would consider returning to their employer if they were ever to leave. The results

are broadly consistent with our earlier findings.>

38The precise question in Panel A is: “ Which of the following benefits did your employer promise you [beyond
employment alone], either explicitly or implicitly, in exchange for signing the noncompete?” The precise question
in Panel B is “Regardless of what your employer did or did not promise, which of the following tangible benefits
do you believe you have received because you signed a noncompete?” The survey instrument captures objective
outcome measures before it asks these more subjective questions so as not to contaminate the objective measures.

39Individuals who become aware of their noncompete upfront are more likely to report that their employer is
committed to upgrading their skills relative to those who receive late notice. We also find that those who receive
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5.4 Heterogeneity by Tenure and Noncompete Enforceability

In Figure 9, we study whether notice-timing differentials vary by tenure, cognisant that interpret-
ing results later in tenure is troublesome given that tenure itself is endogenous to noncompete
status (Starr et al., forthcoming). Within each tenure bin, we rerun our timing specification and
report the coefficient and the 90% confidence interval on our early- and late-notice coefficients rela-
tive to the baseline outcome for individuals without a noncompete. Early notice is associated with
positive compensating earnings differentials early in tenure (Panel A), with higher (but impre-
cisely estimated) probabilities of receiving training. We also observe negative job-satisfaction and
information-access differentials within the first five years for those who agree to their noncompete
after accepting their offer of employment (relative to those without noncompetes).

Given the importance of noncompete enforceability for theories justifying noncompetes as a
solution to the employer’s investment holdup problem, and given that previous empirical work on
noncompetes has relied heavily on state-level enforceability,’ we also estimate models examining
the differential relationship of noncompetes in states where such provisions are relatively more or
less enforceable.*! In Table 9, we report estimates with and without state fixed effects (which,
when included, subsume the main effect of enforceability). Consistent with prior research exam-
ining noncompete enforceability and wages but inconsistent with our main effect of noncompetes,
we find that noncompetes in higher enforceability regimes are associated with relatively lower
earnings (Balasubramanian et al., 2020; Garmaise, 2009). We also discover that noncompetes in
states that are more likely to enforce them are associated with more training, as in Starr (2019).
Panel B shows that the negative effects on wages appear invariant to the timing of noncompete
notice. By contrast, the relative training benefits we observe in column (6) of Panel B accrue

primarily to those who receive early notice of their noncompete.

late notice are less likely (than someone without a noncompete) to consider returning to their employer. Late notice
is always associated with statistically significantly worse outcomes relative to early notice.

40We discuss noncompete enforceability and measures from a recent study in Online Appendix C.

“1We use the enforceability measure developed in Starr (2019), which is denominated in standard deviations from
a mean enforcement score of zero, and we modify our main timing specification by adding enforceability and its
interaction with noncompete status as regressors.
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6 Discussion and Conclusion

Motivated by renewed and widespread legislative interest in noncompetes as well as the longstand-
ing debate over their value, our study brings new data and several new findings to the academic
and policy conversations about noncompetes and related provisions that regulate employee be-
havior post-termination: How common is such contracting? What does it look like in practice
and what types of employees are bound and to what kinds of employers? How does it relate to
employee outcomes? In this section, we consider how the evidence we uncover with respect to non-
compete incidence, contracting, and associated labor market success comports with predictions
from the traditional and more critical perspectives on noncompetes.

Several of the facts we document are consistent with the traditional economic perspective,
which views the noncompete as an efficient contracting device. For instance, our findings that
noncompetes are more common in relatively technical jobs and among employees with access to
trade secrets aligns with the hypothesis that noncompetes can be effective at protecting valuable
information and training, thereby encouraging efficient employer investments. Moreover, our ev-
idence that employees with early notice of a noncompete are compensated—with higher wages,
more training, information, and job satisfaction—is compatible with theories that identify non-
competes as a solution to a holdup problem (Rubin and Shedd, 1981; Acemoglu and Pischke,
1999).42 Our result that employees with early-notice noncompetes have higher wages earlier in
tenure is also consistent with an upfront compensating differential (Callahan, 1985).

But the frequency of noncompetes among low-wage employees without access to trade secrets
and the lack of negotiation in the contracting process hint at more anticompetitive rationales for
the use of noncompetes by employers. We observe, for instance, that late-notice noncompetes are
not associated with any additional compensation or training but instead appear to be linked to
lower job satisfaction. Heterogeneous associations by noncompete enforceability further challenge
the traditional economic perspective. The ability to enforce noncompetes should encourage greater
noncompete use, more investment, and higher wages, but employers use noncompetes virtually as
often in states where they are clearly unenforceable. Furthermore, while greater enforceability is

associated with more training for individuals with early-notice noncompetes, the wage premium

42The fact that this noncompete-associated boost in training appears to come earlier in tenure imply that
employers may use noncompetes to differentiate “stayers” from “leavers” (Loewenstein and Spletzer, 1997).

15



for agreeing to a noncompete also diminishes with enforceability, regardless of noncompete timing.
This pattern is consistent with the idea that enforceability creates incentives for employers to invest
in their bound employees, but it is at odds with the supposition that employees should likewise
benefit from agreeing to such a provision.*? Importantly, these enforceability-specific findings
with respect to wages and training also align with prior work studying the effects of noncompete
enforceability (Starr, 2019; Balasubramanian et al., 2020).44

Our empirical work answers several questions about the use of noncompetes, the contracting
process, and labor market associations, but unresolved endogeneity concerns related to noncom-
pete status and timing raise significant questions about how best to interpret our results. For
example, we are unable to rule out the possibility that some unobservable association explains
our outcome results—such as unobservably “good” employers using early-notice noncompetes and
unobservably “bad” employers using late-notice noncompetes. Some of our findings also beg im-
portant questions. For instance, if indeed employers can use late-notice noncompetes to avoid
compensating employees for giving up their right to compete (and somehow employees do not
anticipate this tactic), then why are all employers not springing noncompetes on new employees?
Potential explanations include the possibilities that late notice may produce low morale and lower
productivity in some contexts and that, if suing to enforce a noncompete is a realistic possibil-
ity, judges may look down on any employer giving late notice. We search for determinants of
noncompete timing in Table OB14 but find few predictive relationships.

There are several additional limitations to our work that we hope future research will address.
First, given the lack of information on the actual use of noncompetes (and related provisions)
across the labor force, and the possibility that our online survey approach may not generate
data truly representative of the population, future survey efforts to collect longitudinal data on
noncompete contracting, which could allow for the study of employee and employer outcomes

over time, are sorely needed.*® Relatedly, our finding that lower-earning employees are less likely

43This training finding is also consistent with the idea that employers may use early-notice noncompetes in cases
where they may need to convince a judge of an agreement’s reasonableness.

44While we designed our research to assess the discrepancies between the two main perspectives on noncompetes,
we can also rule out the possibility that employers are using noncompetes as a way to sort between committed and
uncommitted employees. Figure OA1 shows that employees are no more likely to accept a noncompete if they plan
to stay indefinitely versus just a few years, and Figure OA2 similarly finds that noncompetes are only slightly more
common when an individual has had many employers in the last 5 years.

“Data sets that already collect longitudinal data on employee mobility and entrepreneurship, such as the NLSY
or the PSID, would be well suited to undertake this task. Companies such as Glassdoor.com or Indeed.com could
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to know whether they are bound by a noncompete raises some uncertainty about our incidence
results, and employer-level survey data or actual contracts could help resolve this ambiguity.
These remaining questions notwithstanding, we make several important contributions to our
collective understanding of postemployment contractual restrictions and to the related body of
work on transparency (Card et al., 2012; Harris, 2018) and labor market frictions (Naidu, 2010).
Most concretely, we build on several occupation-specific studies (Marx, 2011; Schwab and Thomas,
2006) to document that noncompetes extend to every corner of the labor market. We also empir-
ically characterize the typically take-it-or-leave-it contracting process surrounding noncompetes,
and provide correlational evidence that noncompetes are not uniformly associated with better (or
worse) employee outcomes—depending on the timing of notice in the contracting process and a
noncompete’s enforceability. Overall, the story about noncompetes that emerges from our data is

complex and nuanced, drawing on both of the literature’s dominant perspectives.
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Figures

Figure 1: Noncompete Incidence by Age
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Figure 2: Noncompete Incidence by Number of Employers in County-Industry
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Figure 3: Noncompete Incidence by Education Level
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Figure 4: Noncompete Incidence by Employee Annual Earnings
0.46
0.33
0.32
0.27
0.25
{0.21

““““““ 0is Lo L

}0.12
0-20 20-40 40-60 60-80 80-100 100-120 120-150 150+

Annual Earnings in $1,000s
Upper-Lower Bounds of Incidence 95% ClI
® Multiple Imputation Incidence Estimate --- Overall Multiple Imputation Incidence

22



aouapiou| uopeindwy ajdiyny BIBAD - - - uonoaloid uonedndoQ-uUIynm

<

1D %56 ajewis3 aouapiou| uoneindw) aldynN e aouapIou| 0 spunog Jamo-1addn
uonednooQ
O
) A 0v0
> D - > o3 O
/w.zu @O ) J\.U OV OV Y O D)
X =] Q /VA/ & @/v 3
S GO @ S ML SR t
P L NP E O ETT L PP TS QPR
e %@ & & TP 4% ¥ o% RO P & 58 ,%qv%%r O &
@.@@0@®¢(/v®ﬁo.u@(o&a@,o.o,va&& & o & & N
& @ 5 & &7 5 & 0%. R K Os,v & & . 70/.,7 &P S
AUO. @O. J/.v IVO 00 ) J@ ) /.@O. c? ? J.J.@ @/v 0® 2 JVO do OO. d/v P .uwv /J.JY
-
o
0 =
m mmad L &
............... A I LA e.ﬁ_T%.?T%«N.,..ﬁm..m.mw.@4:..0 el 05
o m 9 -9 6rolesrof 6Lof 81O ° ° 4 S
o . £2°0] 6220 o
09z°0] S0 ° &
*oam.o ° W
9c0] SEO v <
=
g «
)
9 Z
Qo
LI 3
o]
g 3
°
3
@

uorjednoo() £q souspouy 930dWOdUON :G 9INST]

23



aouapiou] uonendw) aidiynp [[eIBAQ - - - uonoaloid ANSnpuj-UulyIp ¢

1D %S6 ajewns aouspiou] uoneindw) s dnny e @ouapIou| Jo spunog 1emo-ieddn
Ansnpu
x>
2 & NG
X4 S QI &
9 " <> P o :
o & @ @ P & O
& 7 N © & & o &
RPN KA RS SIS e > N
P ¥ P .@AV O 50 X R A\ 5) R4
S 2 o@,\o - éjm,o @@ /%s &@/u/ B @oo @4@ .%.v %@ ,@o,v RS oaov Ooo
> N 2 2 > 3 2 \ Ny K )
F I I T FEF T PRI TFE T DS
P P PP RS PP PP R P P P

:.om QLo oE.om 600
o1 | el 1o

!

0
= — -

.

SR | e S | (N 2 A S TE..a.m.o.m.ﬁmem
@5, oTegLol g0l gl 90

Jdr'mh cmo gzole o
zeo| leo[ €

A1nsnpuy Aq 9ouepiou] 930dmwoouUoN :9 9In3ryq

24

~—

@ N © 1 ¥ O W
a)adwoouoN e BuineH jo Ayjigeqoid



Probability of Having a Noncompete

Probability of Having a Noncompete

Figure 7: Noncompete Incidence by Legitimate Business Interest
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Figure 8: Noncompete Incidence by Noncompete Enforceability
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Table 2: Comparison of Weighted and Unweighted Sample and 2014 American Community Survey

Variable Sample Data ACS NSP-ACS Difference
Unweighted Weighted Unweighted Weighted
Age (in years) 41.98 40.33 40.55 1.43%* -0.22
(13.23) (13.63) (13.64)  (0.16) (0.27)
Annual Income ($) 49,062 44,001 46,680  2,382%* -2.680
(42033)  (47378) (55622)  (769) (1,748)
1(Work > 40 Hours/Week) 0.70 0.71 0.72 -0.02%* -0.01
(0.46) (0.45) (0.45)  (0.00) (0.01)
1(Highest Degree < BA) 0.48 0.69 0.70 -0.22%* -0.01
(0.50) (0.46) (0.46)  (0.01) (0.02)
1(Highest Degree = BA) 0.37 0.21 0.20 0.16%* 0.01
(0.48) (0.41) (0.40)  (0.01) (0.01)
1(Highest Degree > BA) 0.16 0.10 0.097 0.06** 0.00
(0.36) (0.30) (0.30) (0.00) (0.01)
1(Male) 0.47 0.53 0.53 -0.07%* -0.00
(0.50) (0.50) (0.50) (0.01) (0.01)

Notes: This table shows the distributions of demographic characteristics in our sample data, both weighted and unweighted,
and in data from the 2014 American Community Survey. The weighted data use raking weights, as described in the text
and in Prescott et al. (2016). Note: ** p<0.01, * p<0.05, ¥ p<0.1. We report standard deviations (first three columns)
and robust standard errors (last two columns), clustered at the state level, in parentheses.

Table 3: Temporal and Geographic Scope of Noncompetes

(1) 2 © (4)

Term Duration Percent Geographic Limit Percent

Duration < 1 Year 30.9 Radius in Miles 7.3

1 < Duration < 2 Years 15.0 City 5.9

Duration > 2 Years 33.8 County 6.1

Don’t Know 20.3 MSA 6.0
Within the State 13.9
Entire U.S. 15.4
No limit 23.1
Other 3.30
Don’t Know 19.0

Notes: Column (2) shows the distribution of noncompete provision duration periods in the sample, while
Column (4) shows the distribution of geographic boundaries of the competition prohibitions. The sample
includes the 1,747 individuals bound by noncompetes and uses sample weights.
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Table 4: Sample Means by Noncompete Use

Bound by Noncompete? A Relative to “No” Group

Variable Overall No  Maybe Yes Maybe Yes
Labor Market Outcomes
Ln(Hourly Wage) 2.88 2.92 2.70 3.24 -0.23%F  0.31%*
1(Employer Shares Info) 0.55 0.57  0.50 0.59 -0.06%*  0.02
1(Training Last Year) 0.50 0.52  0.44 0.64 -0.08**  0.12**
1(Satisfied in Job) 0.68 0.69 0.65 0.70 -0.04T  0.01
Demographics
1(Paid Hourly) 0.68 0.65 0.81 0.45 0.16%*  -0.12*%*
1(Paid by Salary) 028 031 016 049 0.15%F 0.18%*
1(Paid by Commission) 0.03 0.03  0.02 0.04 -0.01*  0.02
1(Paid by Other Means) 0.01 0.01 0.01 0.01 -0.00 -0.00
Age (in years) 40.28 42.33 37.54 40.22 -4.79FF L2 11F*
Hours Worked per Week 37.59 37.92 35.87 41.27 -2.05%*  3.34%*
Weeks Worked per Year 47.81 48.31 46.96  48.33 -1.35%*  0.02
1(Male) 0.53 0.56 0.47 0.58 -0.08%*  0.03
1(Private For-Profit Employer) 0.90 0.90 0.87 0.96 -0.03**  0.06**
1(Private Nonprofit Employer) 0.06 0.07  0.07 0.02 0.01 -0.05%**
1(Public Health System Employer) 0.04 0.03  0.05 0.02 0.02**  -0.01*
1(Highest Degree < BA) 0.69 0.65 0.81 0.48 0.17%*  -0.17*+*
1(Highest Degree = BA) 0.21 024  0.14 0.33 -0.10**  0.09**
1(Highest Degree > BA) 0.1 0.12 0.05 0.19 -0.07**  0.08**
Ln(State Unemployment Rate at Hire) 1.9 1.88 1.92 1.89 0.04%*  0.01
Ln(Labor Force Size in State at Hire) 1535  15.33  15.35 1541 0.02 0.07*
Ln(Establishments in County-Industry) 6.47 6.47 6.4 6.68 -0.07 0.21%*
1(Employer Size < 25) 023 025  0.23 0.15 -0.02T  -0.10**
1(Employer Size 25-100) 0.16 0.16 0.16 0.15 -0.00 -0.00
1(Employer Size 101-250) 0.09 0.1 0.09 0.1 -0.01 0.00
1(Employer Size 251-500) 0.07 0.08 0.06 0.09 -0.01 0.027
1(Employer Size 501-1,000) 0.07 0.07  0.07 0.07 0.01 0.00
1(Employer Size 1,001-2,500) 0.07 0.06 0.07 0.07 0.01 0.01
1(Employer Size 2,501-5,000) 0.07 0.06 0.08 0.08 0.02* 0.02*
1(Employer Size > 5,000) 0.24 0.23 0.24 0.29 0.01 0.06**
1(Multi-Unit Employer) 0.63 0.61 0.62 0.73 0.00 0.12%*
Other Post-Employment Restrictive Covenants
1(Nondisclosure) 0.36 0.3 0.3 0.75 -0.00 0.44**
1(Nonpoaching) 0.04 0.02 0.02 0.18 -0.00 0.15%*
1(Nonsolicit) 0.12 0.08 0.09 0.35 0.01 0.27%*
1(Arbitration) 0.08 0.06 0.05 0.19 -0.01 0.13**
1(IP Assignment) 0.09 0.08 0.05 0.28 -0.03%*  0.20**
Observations 11,505 6,344 3,414 1,747

Notes: This table reports the weighted sample means for the full sample as well as for respondents who report working
under a noncompete (15.1% of the unweighted sample), respondents who indicate that they were not bound by a
noncompete (55.1% of the unweighted sample), and the “maybe” group of respondents (29.7% of the unweighted
sample). Recall that 83.5% of the “maybe” category are in that category because they indicate that they have never
heard of a noncompete. ** p<0.01, * p<0.05, *p<0.1. We use robust standard errors, clustered at the state level,
when testing differences between categories.
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Table 5: Noncompete Use By Employee Characteristics

Characteristic % Currently Bound % Ever Bound
by Noncompete by Noncompete

Employer Class

Private For-Profit 19.0 38.8
Private Nonprofit 9.8 28.6
Public Healthcare 12.4 37.8
Gender
Female 17.3 36.3
Male 18.8 39.7
Age in Years
Under Age 40 20.6 38.7
Age 40 or Older 15.6 37.5
Highest Level of Education
< Bachelor’s Degree 14.3 34.7
Bachelor’s Degree 25.0 43.8
> Bachelor’s Degree 30.0 49.0
Compensation Type
Hourly 14.0 33.7
Salary 27.5 47.7
Other 23.6 45.9
Annual Earnings
< $40,000 13.3 33.0
> $40,000 25.2 45.6
Confidential Information
Works with Clients (WC) 14.9 35.6
Access to Client Information (CI) 16.0 36.2
Access to Trade Secrets (TS) 32.6 54.9
WC, CI 14.8 31.3
WC, TS 35.8 53.4
CI, TS 34.4 58.3
WC, CI, TS 35.3 56.2
None 7.8 26.9
Employer Size
< 25 Employees 11.6 33.6
25-100 Employees 17.7 36.5
101-250 Employees 19.1 40.6
251-500 Employees 22.3 40.9
501-1,000 Employees 16.8 39.1
1,001-2,500 Employees 21.2 42.3
2,501-5,000 Employees 21.0 44.2
> 5,000 Employees 21.5 38.3
Overall 18.1 38.1

Notes: This table shows descriptive statistics related to whether an employee was bound
by a noncompete in 2014 (“currently bound’) or had ever been bound by a noncompete.
The reported incidence statistics we show are from the multiple imputation approach we
describe in the text. We weight all estimates.
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Table 6: Determinants of Noncompete Status

Panel A: Panel B:
Compare Yes, No, and Maybe Yes vs. Maybe or No
Multinomial Logit OLS
(1) (2) (3) (4)
Maybe No Yes 1(Noncompete)
Ln(Hourly Wage) -0.037* 0.006 0.031** 0.029**
(0.017)  (0.018)  (0.011) (0.010)
1(Private Nonprofit Employer) 0.042 0.039  -0.081** -0.071%*
(0.033)  (0.033)  (0.014) (0.015)
1(Public Health System Employer) 0.087* -0.034  -0.053* -0.054*
(0.042)  (0.036)  (0.022) (0.025)
1(Works with Clients (WC)) 0.058%%  0.004  0.053** 0.044%*
(0.020)  (0.023)  (0.008) (0.009)
1(Access to Client Information (CI)) -0.121*%*  0.055 0.066** 0.055**
(0.038)  (0.041)  (0.018) (0.018)
1(Access to Trade Secrets (TS)) -0.178%*  0.021 0.157** 0.161**
(0.024)  (0.028)  (0.018) (0.021)
1(WC, CI) -0.193*%%  0.132**  0.061** 0.051**
(0.027)  (0.031)  (0.013) (0.014)
1(WC, TS) -0.217** -0.013 0.230** 0.227**
(0.042)  (0.046)  (0.049) (0.056)
1(CIL, TS) -0.194** 0.016 0.178** 0.191°**
(0.031)  (0.029)  (0.022) (0.026)
1(WC, CI, TS) -0.240** 0.039 0.201** 0.209**
(0.027)  (0.026)  (0.015) (0.017)
1(1st Enforceabilility Quintile) -0.109**  0.068**  0.041** 0.046**
(0.026)  (0.018)  (0.013) (0.015)
1(2nd Enforceability Quintile) -0.100%*  0.073**  0.027* 0.033*
(0.021)  (0.019)  (0.012) (0.013)
1(3rd Enforceability Quintile) -0.136**  0.074**  0.062** 0.066**
(0.026)  (0.025)  (0.019) (0.022)
1(4th Enforceability Quintile) -0.118%*  0.084**  0.035* 0.039*
(0.021)  (0.024)  (0.017) (0.018)
1(5th Enforceability Quintile) -0.111**  0.064**  0.047** 0.052%*
(0.026)  (0.017)  (0.015) (0.017)
1(2 Employers in Last 5 Years) -0.026 0.027 -0.002 -0.000
(0.021)  (0.022)  (0.011) (0.011)
1(3-4 Employers in Last 5 Years) 0.010 -0.014 0.004 0.004
(0.020)  (0.029)  (0.018) (0.017)
1( > 4 Employers in Last 5 Years) 0.048*  -0.056* 0.008 0.007
(0.022)  (0.023)  (0.018) (0.019)
1(E[Duration 1-2 Years) 0.064" -0.014 -0.050 -0.047
(0.039)  (0.042)  (0.032) (0.029)
1(E[Duration 2-4 Years) 0.038 0.015 -0.053* -0.048*
(0.040)  (0.036)  (0.027) (0.026)
1(E[Duration 4-10 Years) 0.056 -0.027 -0.029 -0.024
(0.035)  (0.035)  (0.028) (0.026)
1(E[Duration > 10 Years) 0.122*%  -0.095*  -0.028 -0.009
(0.062)  (0.051)  (0.037) (0.038)
1(E[Duration Indefinite) 0.059" -0.015  -0.044" -0.038*
(0.032)  (0.035)  (0.025) (0.022)
1(Paid by Salary) -0.049**  0.015 0.034* 0.040%*
(0.018)  (0.017)  (0.015) (0.016)
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Table 6 — continued from previous page

1(Paid by Commision) -0.116** -0.006 0.121%* 0.111%*
(0.042)  (0.042)  (0.041) (0.044)
1(Paid by Other Means) -0.012 -0.018 0.030 0.018
(0.062)  (0.065)  (0.044) (0.036)
Age (in years) -0.005**  0.005**  -0.000 -0.000
(0.000)  (0.000)  (0.000) (0.000)
Hours Worked per Week 0.000 -0.001 0.001 0.001
(0.001)  (0.001)  (0.000) (0.000)
Weeks Worked per Year -0.003* 0.0027 0.000 0.000
(0.001)  (0.001)  (0.001) (0.001)
1(Male) -0.024 0.047%*  -0.023* -0.021%*
(0.015)  (0.016)  (0.011) (0.010)
1(Highest Degree = BA) -0.108**  0.076**  0.032** 0.041**
(0.017)  (0.019)  (0.010) (0.012)
1(Highest Degree > BA) -0.119%*  0.085**  0.033* 0.051**
(0.029)  (0.029)  (0.014) (0.018)
Ln(State Unemployment Rate at Hire) 0.001 -0.023 0.022 0.020
(0.027)  (0.024)  (0.016) (0.016)
Ln(Labor Force Size in State at Hire) -0.008 0.005 0.003 0.002
(0.010)  (0.009)  (0.007) (0.007)
1(Multi-Unit Employer) -0.033 0.000 0.032%* 0.034**
(0.022)  (0.027)  (0.011) (0.012)
1(Employer Size 25-100) 0.016 -0.046* 0.031F 0.022
(0.018)  (0.024)  (0.016) (0.016)
1(Employer Size 101-250) 0.017 -0.038 0.022 0.016
(0.027)  (0.025)  (0.017) (0.018)
1(Employer Size 251-500) -0.003 -0.035 0.038* 0.033
(0.032)  (0.031)  (0.019) (0.020)
1(Employer Size 501-1,000) 0.059F -0.076* 0.017 0.010
(0.033)  (0.038)  (0.025) (0.027)
1(Employer Size 1,001-2,500) 0.054 -0.078%  0.0247 0.018
(0.047)  (0.046)  (0.013) (0.015)
1(Employer Size 2,501-5,000) 0.088**  -0.106**  0.019 0.013
(0.028)  (0.027)  (0.018) (0.019)
1(Employer Size > 5,000) 0.046%  -0.078**  0.032* 0.025
(0.026)  (0.027)  (0.017) (0.017)
Ln(Establishments in County-Industry) 0.006 -0.007 0.001 0.002
(0.005)  (0.005)  (0.003) (0.003)
Observations 11,462 11,462 11,462 11,462
Mean R-Squared 0.139
Occupation and Industry FE Yes Yes Yes Yes

R4S

Notes: Panel A shows the marginal increase in the probabilty of falling into the “maybe,” “yes,” or “no”
noncompete categories from a unit increase in the variable in the left-hand column. Each row adds to zero
in Panel A because increases in the probability of being in one category are offset by lower chances of being
in another. Panel B is a linear probability model in which the dependent variable is an indicator for agreeing
to a noncompete, where those in the “maybe” category are grouped with those in the “no” category. The
omitted enforceability group is the set of nonenforcing states (North Dakota and California) and the measure
of noncompete enforceability is taken from Starr (2019). ** p<0.01, * p<0.05, T p<0.1. We report robust
standard errors in parentheses, clustered at the state level.
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Table 7: The Noncompete Contracting Process

(1) (2)

Distribution (%) % Negotiate
Panel A: When did you first learn you would be asked to sign a noncompete?
Before Accepting Job Offer 60.8 11.6
After Accepting Job Offer 29.3 6.3
Before Promotion or Raise 2.2 30.8
Other or Cannot Remember 7.7 6.5

Panel B: What did you do when asked to sign?

Signed without Reading 6.7 7.9
Read Quickly and Signed 31.2 7.1
Read Slowly and Signed 56.4 11.6
Consulted with Friends/Family 10.4 30.8
Consulted a Lawyer 7.9 48.6

Overall 10.1

Notes: The “Distribution (%)” column (1) shows the percentage of individuals in each
category for each question (panel). The “% Negotiate” column (2) records the percentage
of individuals in the row who report negotiating over the terms of their noncompete or
for other benefits in exchange for agreeing not to compete. The first two rows in Panel
A (“before” and “after”) refer to noncompetes agreed to without a change in job title or
duties, whereas the third row addresses noncompetes signed as part of a promotion.
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Online Appendix

A The Incidence of Noncompetes by Other Characteristics

Our data allow us to describe the incidence of noncompetes by a variety of employee, employer, and
geographic characteristics. In Figures OA1 through OA4, we present additional statistics using the format
of Figures 1 through 8: the top and bottom of each bar bookend the possible range of noncompete incidence
for the group in question; we calculate the top by assuming that those in the “maybe” group did agree to
a noncompete and the bottom by assuming that they did not. The dark dot within the bar is the multiple
imputation estimate, which is our best guess at the overall incidence of noncompetes for the category. The
dashed horizontal line is the population average, 18.1%. In Figure OA5, we show the joint distribution
of noncompete use in our data by industry and occupation. Note that in the separate occupation and
industry figures in the text (Figures 5 and 6), we also report the “projected” use of noncompetes in
each occupation and industry, which are calculated by averaging respondent responses to the question
“What proportion of individuals in your [occupation or industry] have agreed to noncompetes” within the

respondent’s occupation and industry, respectively.

Figure OA1: Noncompetes Incidence by Expected Length of Stay

Probability of Having a Noncompete

<1 1-2 2-4 4-10 >10 Indefinitely
Years Expected to Work at Employer When Hired

Upper-Lower Bounds of Incidence 95% ClI
® Multiple Imputation Incidence Estimate --- Overall Multiple Imputation Incidence

37



Figure OA2: Noncompete Incidence by Number of Employers in Past 5 Years

Probability of Having a Noncompete

Probability of Having a Noncompete

® Multiple Imputation Incidence Estimate

0 1 2-3
Number of Employers in the Last Five Years

Upper-Lower Bounds of Incidence 95% ClI

Figure OA3: Noncompete Incidence by Year of Hire

(conditional on staying until 2014)
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>3

--- Overall Multiple Imputation Incidence

2004 and Before 2005-2007 2008-2010 2011-2012 2013-2014
Year Hired
Upper-Lower Bounds of Incidence 95% ClI
Multiple Imputation Incidence Estimate --- Overall Multiple Imputation Incidence



Occupation

Probability of Having a Noncompete

<25 25-100

Figure OA4: Noncompete Incidence by Employer Size

101-250 251-500  501-1000  1001-2500
Number of Employees Across All Establishments

2501-5000 >5000

95% Cl
--- Overall Multiple Imputation Incidence

Upper-Lower Bounds of Incidence
®  Multiple Imputation Incidence Estimate

Figure OAb5: Incidence of Noncompetes by Industry and Occupation
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B Additional Tables

40



7pd " G10252E0 93end0/SoATYD IR /oSBaTaI SMou/A03 sTq mum//sdaay
:Koang quowrAordwyg peuoryednoo() Qg 10 9Y) UO poseq 9010f 10qer] "G Jo uorprodord :9j0N

(sropraoxd
[Pued AdAIns oUI[UO ), YHMm

WBIST  %ET-%C S[enprarpur Gog'IT  uompunfuos ur) sotyrend) %001 9010 10qRT S () Apnjg juesarg
UOIJRID0SSY Ajneag
%0°0¢  %IE%F SUOTeS IR 8TZ [RUOISS9jord  Jo  AdaImg  %6z°0 ss11L9G ey (610¢g) zatsdr] pue wosuyof
S9JR1S G Ul SURIIISAYJ 9IR))
AW UOIJRIDOSSY  [edl
%L'CY %869 S[enpIAIPU] L96'T -PIJN UedLLDWY jo LdoAmg %)y 0 SURTOTSAY ] (6T02) e 10 13304®7]
(wory
-e100sse [euoIssojord) sioou
-13Uf] SOITUOIYIR[H PUR [eILI} SIOOUL3US] SOTUOI)
%E €Y %9°0% S[enPIAIPU] 6Z0°T  -O9[ JO 91MINsU] jo AoaIng %670 -99[d PU® [@dL109[F (T102) X1y
%L'8L V/N s 009 ssuny YvOdd DAS  %ST0 SOATITIDAX (¢10g) Te 90 ereysIg
Ut DAS O-0T M
%5 0L V/N swir 00G 0T Yy st dwoondoxy — %871°0 SOATINOOXS] (600g) osreurren
sSunL] YvOAd DS
%829 V/N SOATINOOXY GLe  ‘Arerqu]  oyerodio) oYL, %ST0 SOATINDAXH  (90(g) SRWOY ], PUR (RMIDS
9210,
QouOpIOU] ey IoqeT
orodwoouoy  esuodsoy oz1g o[dureg ooImog v1ed ‘SN % uoryendog Apnag

sojdureg pue saIpnjg ssoIoy oouspu] ojedwoduo)N TgQ 2[RI,

41


https://www.bls.gov/news.release/archives/ocwage_03252015.pdf

Table OB2: Reasons for Not Negotiating a Noncompete

(1) (2) (3)
Presented with Noncompete
Before Accepted Job Offer? Overall

Yes No
I Found the Terms Reasonable 0.55 0.46 0.52
I Assumed I Could Not Negotiate 0.38 0.48 0.41
I Wanted to Avoid Creating Tension 0.18 0.19 0.19
I Worried I Would be Fired 0.20 0.22 0.20
I Didn’t Think my Employer Would Sue 0.07 0.11 0.08
I Didn’t Think a Court Would Enforce 0.08 0.05 0.07
Other 0.04 0.07 0.05

Notes: The table shows the reasons individuals report for not negotiating over their noncompete in
response to the question: “If you did not negotiate over the noncompete, why not?” Respondents were
free to select more than one response. Those who agreed to a noncompete as part of a promotion or
who were unable to recall whether they negotiated or why they chose not to negotiate are omitted from
the table. Column (3) reports the overall average, and the rows are sorted based on these proportions.
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Table OB3: Sample Means by Noncompete Timing

Noncompete Timing

Before Accepted After Accepted Difference

Job Offer Job Offer
Dependent Variables
Ln(Hourly Wage) 3.31 3.10 0.214%*
1(Firm Shares Info) 0.66 0.46 0.201%*
1(Training Last Year) 0.69 0.58 0.116**
1(Satisfied) 0.75 0.57 0.171%*
Demographics
1(Paid Hourly) 0.40 0.55 -0.156**
1(Paid by Salary) 0.53 0.41 0.123*
1(Paid by Commission) 0.05 0.02 0.030%
1(Paid by Other Means) 0.01 0.01 0.002
Age (in years) 40.71 38.35 2.233%
Hours Worked per Week 41.67 39.28 2.405
Weeks Worked per Year 48.27 47.85 0.422
1(Male) 0.63 0.48 0.155%*
1(Private For-Profit Employer) 0.95 0.96 -0.010
1(Private Nonprofit Employer) 0.03 0.02 0.009
1(Public Health System Employer) 0.02 0.02 0.002
1(Highest Degree < BA) 0.45 0.50 -0.053
1(Highest Degree = BA) 0.34 0.33 0.007
1(Highest Degree > BA) 0.21 0.17 0.047+
Ln(State Unemployment Rate at Hire) 1.90 1.90 0.000
Ln(Labor Force Size in State at Hire) 15.40 15.41 -0.014
Ln(Establishments in County-Industry) 6.71 6.65 0.056
1(Employer Size < 25) 0.14 0.14 -0.005
1(Employer Size 25-100) 0.14 0.17 -0.032
1(Employer Size 101-250) 0.11 0.08 0.025
1(Employer Size 251-5,000) 0.34 0.27 0.059
1(Employer Size > 5,000) 0.28 0.32 -0.047
1(Multi-Unit Employer) 0.74 0.75 -0.015
Other Post-Employment Restrictive Covenants
1(Nondisclosure) 0.75 0.77 -0.014
1(Nonpoaching) 0.20 0.14 0.057
1(Nonsolicit) 0.36 0.32 0.039
1(Arbitration) 0.20 0.18 0.025
1(IP Assignment) 0.30 0.24 0.060

Notes: This table reports the weighted sample means for respondents who report working under a
noncompete (not including those who are imputed as agreeing to a noncompete). The “After Accepted
Job Offer” category does not include those who were asked to sign a noncompete following a promotion
or other changes in employment responsibilities. ** p<0.01, * p<0.05, ™ p<0.1. We use robust standard
errors, clustered at the state level, when testing differences between categories.
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Table OB4: Ln(Hourly Wage) Results, Sequential Addition of Covariates

Model: OLS (1) (2) (3) (4) (5) (6)
Panel A: Baseline
Noncompete 0.407** 0.109** 0.107** 0.084**  0.068* 0.066**
(0.038) (0.026) (0.026) (0.026) (0.027) (0.023)
R-Squared 0.035 0.503 0.507 0.508 0.511 0.541
Panel B: Heterogeneity by Timing of Notice
First Learned of Noncompete
Before Accepting Job 0.483**  0.143%* 0.142** 0.118** 0.102**  0.093**
(0.047)  (0.033) (0.032) (0.033) (0.033) (0.031)
After Accepting Job 0.269**  0.057 0.053 0.034 0.017 0.024
(0.064) (0.042) (0.041) (0.039) (0.041) (0.037)
With Promotion 0.650%*  0.202*  0.186*  0.154F 0.130 0.136
(0.154)  (0.090) (0.086) (0.090) (0.087) (0.086)
Doesn’t Remember 0.262**  0.020 0.018 0.007 -0.005 0.010
(0.078)  (0.056) (0.057) (0.058)  (0.060) (0.064)
P-value: Bpefore = Bafter 0.007 0.062 0.053 0.065 0.063 0.127
R-Squared 0.038 0.503 0.507 0.509 0.511 0.541
Observations 11,505 11,462 11,462 11,462 11,462 11,010
Demographic Controls v v v v v
Poaching Flows/Prior Mobility v v v v
Other Restrictive Covenants v v v
Access to Confidential Info v v
Other HR Benefits v

Notes: Panel A examines the aggregate association of having a noncompete with Ln(Hourly Wages), where
those who have never heard of a noncompete or are otherwise unaware if they have signed one are grouped
with the “no” category of respondents. Panel B allows the direction and magnitude of any association to vary
conditional on when the employer first requested the noncompete, with those not bound by a noncompete as
the omitted category. Controls are as defined on page 11. ** p<0.01, * p<0.05, ¥ p<0.1. We show standard
errors in parentheses, clustered at the state level.
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Table OB5: 1(Employer Shares Information) Results, Sequential Addition of Covariates

Model: OLS (1) (2) (3) (4) (5) (6)
Panel A: Baseline
Noncompete 0.050" 0.031 0.031 0.004 -0.017 -0.020
(0.030)  (0.030) (0.031) (0.027)  (0.026) (0.025)
R-Squared 0.0011 0.100 0.116 0.120 0.127 0.146
Panel B: Heterogeneity by Timing of Notice
First Learned of Noncompete
Before Accepting Job 0.120%*  0.101%*  0.097** 0.068**  0.048" 0.043%
(0.025)  (0.026) (0.027) (0.025)  (0.024) (0.024)
After Accepting Job -0.081  -0.093" -0.086T -0.109* -0.131**  -0.134**
(0.051)  (0.050) (0.049) (0.044)  (0.042) (0.039)
With Promotion 0.109 0.039 0.059 0.023 -0.002 0.011
(0.102)  (0.089) (0.089) (0.092)  (0.094) (0.104)
Doesn’t Remember -0.019 -0.049 -0.044 -0.059 -0.081 -0.073
(0.073)  (0.076) (0.078) (0.072)  (0.067) (0.064)
P-value: Bpefore = Bafter 0.000 0.000 0.000 0.000 0.000 0.000
R-Squared 0.00550  0.104 0.119 0.123 0.131 0.150
Observations 11,505 11,462 11,462 11,462 11,462 11,010
Demographic Controls v v v v v
Poaching Flows/Prior Mobility v v v v
Other Restrictive Covenants v v v
Access to Confidential Info v v
Other HR Benefits v

Notes: Panel A examines the aggregate association of having a noncompete with an indicator for whether
the employer shares all job-related information with the respondent, where those who have never heard of a
noncompete or are otherwise unaware if they have signed one are grouped with the “no” category of respondents.
Panel B allows the direction and magnitude of any association to vary conditional on when the employer first
requested the noncompete, with those not bound by a noncompete as the omitted category. Controls are as
defined on page 11. ** p<0.01, * p<0.05, T p<0.1. We show standard errors in parentheses, clustered at the

state level.
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Table OB6: 1(Training Last Year) Results, Sequential Addition of Covariates

Model: OLS (1) (2) (3) (4) (5) (6)
Panel A: Baseline
Noncompete 0.152*%% 0.077** 0.073**  0.030 0.011 0.006
(0.018) (0.019) (0.019) (0.019) (0.019) (0.019)
R-Squared 0.010 0.160 0.174 0.181 0.190 0.199
Panel B: Heterogeneity by Timing of Notice
First Learned of Noncompete
Before Accepting Job 0.209*%*  0.131** 0.126** 0.081** 0.063* 0.055%*
(0.022) (0.024) (0.024) (0.023) (0.025) (0.025)
After Accepting Job 0.093**  0.017 0.007 -0.033  -0.056 -0.058
(0.034) (0.035) (0.037) (0.040) (0.039) (0.039)
With Promotion 0.016 -0.060  -0.039  -0.107 -0.135 -0.125
(0.119)  (0.097)  (0.093) (0.100) (0.103) (0.113)
Doesn’t Remember -0.033 -0.076 -0.055 -0.078  -0.091 -0.093
(0.069) (0.069) (0.068) (0.066) (0.065) (0.064)
P-value: Bpefore = Bafter 0.006 0.014 0.013 0.017 0.015 0.021
R-Squared 0.0135 0.162 0.176 0.183 0.192 0.201
Observations 11,505 11,462 11,462 11,462 11,462 11,010
Demographic Controls v v v v v
Poaching Flows/Prior Mobility v v v v
Other Restrictive Covenants v v v
Access to Confidential Info v v
Other HR Benefits v

Notes: Panel A examines the aggregate association of having a noncompete with an indicator for whether the
respondent received training in the last year, where those who have never heard of a noncompete or are otherwise
unaware if they have signed one are grouped with the “no” category of respondents. Panel B allows the direction
and magnitude of any association to vary conditional on when the employer first requested the noncompete,
with those not bound by a noncompete as the omitted category. Controls are as defined on page 11. ** p<0.01,

* p<0.05, T p<0.1. We show standard errors in parentheses, clustered at the state level.
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Table OB7: 1(Satisfied in Job) Results, Sequential Addition of Covariates

Model: OLS (1) (2) (3) (4) (5) (6)
Panel A: Baseline
Noncompete 0.024 0.015 0.017 0.012 0.007 0.006
(0.021)  (0.019) (0.020) (0.018) (0.017) (0.017)
R-Squared 0.000 0.0991 0.129 0.132 0.134 0.149

Panel B: Heterogeneity by Timing of Notice
First Learned of Noncompete

Before Accepting Job 0.072*%%  0.060** 0.058%  0.052*  0.047* 0.045*
(0.019) (0.020) (0.022) (0.021) (0.021) (0.020)
After Accepting Job -0.099*  -0.090* -0.079* -0.080* -0.085* -0.085*
(0.045)  (0.036) (0.035) (0.035) (0.034) (0.035)
With Promotion 0.137* 0.070 0.080 0.070 0.065 0.051
(0.064) (0.067) (0.062) (0.068) (0.069) (0.071)
Doesn’t Remember 0.077 0.043 0.040 0.043 0.037 0.042
(0.050)  (0.044) (0.044) (0.045) (0.046) (0.047)
P-value: Bpefore = Bafter 0.001 0.000 0.001 0.002 0.002 0.003
R-Squared 0.004 0.102 0.131 0.134 0.136 0.151
Observations 11,505 11,462 11,462 11,462 11,462 11,010
Demographic Controls v v v v v
Poaching Flows/Prior Mobility v v v v
Other Restrictive Covenants v v v
Access to Confidential Info v v
Other HR Benefits v

Notes: Panel A examines the aggregate association of having a noncompete with an indicator for whether
the respondent reports being satisfied in their job, where those who have never heard of a noncompete or are
otherwise unaware if they have signed one are grouped with the “no” category of respondents. Panel B allows
the direction and magnitude of any association to vary conditional on when the employer first requested the
noncompete, with those not bound by a noncompete as the omitted category. Controls are as defined on page
11. ** p<0.01, * p<0.05, 7 p<0.1. We show standard errors in parentheses, clustered at the state level.
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Table OBS8: Direct Evidence on the Price of a Noncompete

(1)

When did you first learn you

(2)

would be asked to sign?

(3)

Overall

Before Accepting After Accepting

Panel A: “What did your employer promise, either explicitly or implicitly, in exchange

for asking you to sign a noncompete?”

Nothing

More Compensation

Job Security

More Training

More Trust by Employer
Better Working Conditions
More Responsibility
Promotion

More Access to Confidential Information
More Access to Clients/Lists
More Client Referrals

Other Benefits

Panel B: “What do you believe you received in exchange for signing a noncompete?”

Nothing

Job Security

More Trust by Employer
More Compensation

More Responsibility

More Access to Confidential Information
More Training

More Access to Clients/Lists
Better Working Conditions
Promotion

More Client Referrals

Other Benefits

0.84
0.09
0.08
0.07
0.07
0.05
0.05
0.03
0.04
0.03
0.02
0.01

0.45
0.33
0.32
0.23
0.17
0.16
0.17
0.13
0.13
0.11
0.07
0.01

0.91
0.04
0.04
0.04
0.04
0.03
0.02
0.03
0.03
0.02
0.02
0.01

0.58
0.25
0.24
0.11
0.14
0.12
0.10
0.08
0.08
0.05
0.03
0.02

0.86
0.07
0.07
0.06
0.06
0.04
0.04
0.03
0.03
0.02
0.02
0.01

0.50
0.30
0.29
0.19
0.16
0.14
0.14
0.11
0.11
0.09
0.05
0.01

Notes: The table shows the proportion of individuals who report receiving or being promised various benefits
in exchange for agreeing to a noncompete conditional on when they were asked to agree. Those who signed
a noncompete before a promotion or who can’t recall are omitted from the columns (1) and (2) for brevity.

Column (3) reports the overall average, and the rows are sorted based on these proportions.
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Table OB13: Related Dependent Variables

Model: OLS (1) 2) 3) (4) (5) 6)

Dependent Variable 1(Job is Secure) 1(Employer Committed to 1(Boomerang Employee)

Upgrading Skills)

Panel A: Baseline

Noncompete 0.008 -0.005 0.049* 0.004 -0.011 -0.041*
(0.021) (0.023) (0.019) (0.017) (0.023) (0.020)
[1.709]  [0.748] [1.271] [0.176] [1.132] [3.260]
{0.272} {0.109} {1.436}
R-Squared 0.103 0.135 0.116 0.171 0.080 0.120

Panel B: Heterogeneity by Timing of Notice
First Learned of Noncompete

Before Accepting Job 0.0387  0.022 0.111%* 0.059** 0.058* 0.027
(0.020)  (0.020) (0.020) (0.020) (0.022) (0.021)

[96.02]  [2.938] [2.746] [1.603] [3.792] [1.388]

{0.736} {0.865} {0.617}
After Accepting Job -0.055  -0.063 -0.059+ -0.100** -0.142%* -0.173%*
(0.035) (0.041) (0.033) (0.032) (0.042) (0.038)

[6.924]  [15.77] [2.300] [4.884] [171.5] [53.05]

{18.66} {3.443} {13.39}

With Promotion 0.068 0.041 -0.043 -0.067 0.097 0.109%
(0.050)  (0.058) (0.122) (0.139) (0.062) (0.059)

[1.988]  [1.606] [0.500] [1.391] [8.684] [7.501]

{1.886} {1.670} {3.915}

Doesn’t Remember -0.004  -0.003 0.004 -0.006 -0.089 -0.098
(0.036) (0.037) (0.067) (0.055) (0.077) (0.071)

[0.335]  [0.437] [0.113] [0.377] [4.398] [10.06]

{1.293} {0.692} {6.871}

P-Value: Bgefore = Bafter 0.005 0.019 0.000 0.000 0.000 0.000

R-Squared 0.104 0.136 0.119 0.174 0.0852 0.125
Observations 11,462 11,010 11,462 11,010 11,462 11,010

Basic Controls Yes Yes Yes Yes Yes Yes
Advanced Controls No Yes No Yes No Yes

Notes: This table shows the relationship between noncompete status and timing and other dependent variables of interest.
The dependent variable in columns (1) and (2) is an indicator for whether the employee agrees or strongly agrees that their
job is secure. The dependent variable in columns (3) and (4) is an indicator for whether the employee agrees or strongly agrees
that their employer is committed to upgrading their skills. The dependent variable in columns (5) and (6) is an indicator
for whether the employee would consider returning to their employer if they were ever to leave (i.e., become a “boomerang”
employee). Panel A examines the aggregate association of having a noncompete with the outcome of the column, where those
who have never heard of a noncompete or are otherwise unaware if they have signed one are grouped with the “no” category
of respondents. Panel B allows the direction and magnitude of any association to vary conditional on when the employer first
requested the noncompete, with those not bound by a noncompete as the omitted category. We define the variables that make
up our basic and advanced controls on page 11. We report the selection test relative to a model with no controls in square
brackets (‘[ ]), and we report the selection test between the models with basic and advanced controls in curly brackets (‘{ }’).
In both cases, the selection test statistic is calculated with the Stata command psacalc, using as the maximum R-Squared
Oster’s suggested 30% more than the R-Squared from the model that includes both the basic and advanced controls. **
p<0.01, * p<0.05, 7 p<0.1. We show standard errors in parentheses, clustered at the state level.
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Table OB14: Predicting Timing of Noncompete Notice

Model: OLS (la) (2a) (1b) (2b)
Dependent Variable: 1(Before Accepted Job)
Ln(State Unemployment Rate at Hire) 0.019  0.002 1(Highest Degree = BA) -0.011  -0.051
(0.050)  (0.047) (0.042)  (0.050)
Ln(Labor Force Size in State at Hire) -0.032  -0.030 1(Highest Degree > BA) -0.002  -0.041
(0.027)  (0.025) (0.053)  (0.056)
1(Paid by Salary) 0.093*  0.068 1(Multi-Unit Employer) -0.030  -0.061
(0.045)  (0.053) (0.061)  (0.072)
1(Paid by Commission) 0.202*  0.125 1(Employer Size 25-100) -0.002  0.004
(0.081)  (0.106) (0.080)  (0.082)
1(Paid by Other Means) 0.066  -0.104 1(Employer Size 101-250) 0.074 0.019
(0.164)  (0.196) (0.080)  (0.094)
Age (in years) -0.044  -0.010 1(Employer Size 251-500) 0.089  0.097
(0.054) (0.047) (0.088) (0.095)
Age? 0.001 0.000 1(Employer Size 501-1,000) 0.059 0.022
(0.001)  (0.001) (0.078)  (0.082)
Aged -0.000  -0.000 1(Employer Size 1,001-2,500) 0.077 0.046
(0.000)  (0.000) (0.082)  (0.087)
Hours Worked per Week -0.006 0.002 1(Employer Size 2,500-5,000) 0.012 0.001
(0.012)  (0.012) (0.098)  (0.104)
Weeks Worked per Year -0.004  -0.001 1(Employer Size > 5,000) 0.006  -0.002
(0.007)  (0.007) (0.089)  (0.093)
HoursxWeeks 0.000 0.000 Ln(Establishments in County-Industry) -0.005  -0.005
(0.000)  (0.000) (0.010)  (0.014)
1(Male) 0.092*  0.089* Noncompete Enforceability -0.025  -0.024
(0.040) (0.043) (0.015) (0.015)
1(Private Nonprofit Employer) 0.081 0.061
(0.107) (0.129)
1(Public Health System Employer) 0.106 0.065
(0.094) (0.117)
Observations 1,568 1,568 1,568 1,568
Occ-Ind FE No Yes No Yes

Notes: The sample only includes individuals who report signing a noncompete (no imputed individuals). Those who were asked to sign with
a promotion or cannot remember are excluded. Column (la) and (1b) are the same regression, without Occupation by Industry FE, while
Column (2a) and (2b) are the same regression, with Occupation by Industry FE. ** p<0.01, * p<0.05, ¥ p<0.1. Standard errors in parentheses,

clustered at the state level.
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C The Enforceability of Noncompetes

Most noncompete scholarship revolves around whether and to what extent noncompetes should be enforced
in court (Blake, 1960; Garrison and Wendt, 2008; Marx et al., 2009). In the U.S., noncompetes are governed
by state statutes and state case law, with states often coming to markedly different conclusions (Bishara,
2011). For example, California adopted a policy of nonenforceability in 1872 (Gilson, 1999), which remains
the policy of the state today, while Florida adopted a statute in 1996 (Florida Statutes §542.335 (g)) that
instructed courts to “... not consider any individualized economic or other hardship that might be caused
to the person against whom enforcement is sought.” Most states employ a three-pronged test, commonly
referred to as the “reasonableness criterion,” in which the court balances the protection needed by the
employer and the harm done to the employee and society (Bishara, 2011). The state-by-state series by
Malsberger et al. (2012) provides information regarding when a given state will enforce noncompetes, and
many have used this information to quantify the enforceability of noncompetes. In this paper, we use the
2009 measure developed in Starr (2019), which was built off the initial coding of Malsberger et al. (2012)
conducted by Bishara (2011). We report the table from Starr (2019) below.
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Table OC1: Noncompete Enforceability Index (Starr, 2019)
State 1991 2009 State 1991 2009

AK -1.33  -0.98 MS -0.20  0.04
AL 0.36  0.36 MT  -0.63 -0.65
AR -0.62 -0.58 NC 0.18 0.18
AZ -0.16  0.15 ND -4.23  -4.23
CA -3.76  -3.79 NE -0.13 -0.13
CO 0.38 0.38 NH 0.26 0.26
CT 0.62 1.26 NJ 0.47  0.90
DC 0.12  0.12 NM 0.74 0.74
DE 0.18 0.52 NV -0.62  0.03
FL 1.15  1.60 NY -0.73 -1.15
GA 0.45 0.02 OH -0.18  0.08
HI -0.83 -0.17 OK -0.80 -0.94
IA 0.19 1.01 OR 0.14 0.14
ID -0.01  0.77 PA -0.14  0.14
IL 0.55 0.95 RI -0.67 -0.33
IN 0.70  0.70 SC -0.20 -0.27
KS 0.69 1.21 SD 0.37 1.02
KY 0.61 0.85 TN 0.22 0.45
LA -0.70  0.50 X -0.04 -0.28
MA 0.87 0.48 UT 1.00 1.00
MD 0.15 0.60 VA 0.09 -0.29
ME 0.06 0.41 VT 0.30  0.60
MI 0.07 0.46 WA 0.64 0.34
MN  -0.07 -0.07 WI 0.16 -0.09
MO 0.93 1.08 WV -0.80 -0.80

WY -065 0.23
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D Potential Instruments for Noncompetes

Exogenous variation in the use of noncompetes is a traditional prerequisite for rigorously identifying the
causal effects of such provisions. Unfortunately, at a minimum, noncompete use may be endogenous to
outcomes driven by (potentially unobservable) employer and employee characteristics. The most natural
instrument for noncompete use is the set of laws that govern their enforceability or changes in those laws
over time. Employers that reside in states where noncompetes are exogenously easier to enforce have
greater incentives to use noncompetes, but these laws may not affect employee outcomes except through
the higher incidence of noncompetes. In this section, we explore what scrutiny of these instruments reveals,
both in terms of predicting the use of noncompetes and in terms of second-stage effects.

We consider four potential instruments related to the enforceability of noncompetes. The first two
are simply cross-sectional measures of noncompete enforceability. The second two exploit recent policy
changes in noncompete enforceability at the state level. The first of these latter two variables, “Changes
in Enforceability,” is set to 1 if the respondent was hired after an increase in noncompete enforceability
and to —1 if the respondent was hired after a reduction in enforceability. The value is set to 0 if there were
no changes in the state in the last 20 years. These variables are subsequently decomposed into states that
increased enforceability in the last five years and states that reduced enforceability in the last five years.
All of these policy changes are gathered from Ewens and Marx (2017), who examined the state-by-state
treatises of noncompete case law and statutes in Malsberger et al. (2012). The logic of these latter two
instruments is to compare an employee who was hired before the regulatory change to an employee in the
same state who was hired just after the regulatory change. The first-stage and second-stage results for
these instruments are shown in Table ODI.

The first two instruments show that enforceability is positively associated with the use of noncom-
petes, but the second-stage estimates are implausibly large. Further analysis suggests that the exclusion
restriction is violated as the enforceability measure appears to have a negative main effect on wages, as we
show in column (1) in Table 9. The second set of instruments does not produce any statistically significant

first-stage results, and indeed they point in opposite directions.
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Table OD1: Potential Instruments for Noncompete Use

(1) (2) (3) (4)
First Stage
Dependent Variable: Indicator for Noncompete Provision

Noncompete Enforceability 0.008*
(0.004)
1st Quartile of Enforceability 0.046*
(0.017)
2nd Quartile of Enforceability 0.028
(0.019)
3rd Quartile of Enforceability 0.050"
(0.026)
4th Quartile of Enforceability 0.040"
(0.022)
5th Quartile of Enforceability 0.035%
(0.020)
Changes in Enforceability -0.027
(0.021)
Increased Enforceability Last 5 Years -0.017
(0.024)
Decreased Enforceability Last 5 Years 0.040
(0.047)
Second Stage
Dependent Variable: Ln(Hourly Wage)
Noncompete -2.690  -0.887 1.949 0.631
(2.576) (1.112) (8.198) (15.751)
Basic Controls Yes Yes Yes Yes
Occupation-Industry FE Yes Yes Yes Yes
Flow & Info Controls Yes Yes Yes Yes
Benefits & Contract FE Yes Yes Yes Yes
State FE No No Yes Yes

Notes: The table shows our analysis of potential noncompete enforceability instruments.
The instrument in column (1) is a linear measure of enforceability at the state level, while
the instruments in second column are indicators for nonenforcing states and quartiles of
enforcing states (the omitted category in column (2) is the set of nonenforcing states).
Increased enforceability (column 3) is a variable that equals 1 if the respondent was hired
after the state increased noncompete enforceability, 0 if the respondent was hired with no
change in enforceability over the previous 20 years, and —1 if the respondent was hired
after the state reduced noncompete enforceability. Column (4) repeats this analysis but
separates out increases and decreases and focuses on changes only in the last 5 years.
Columns (3) and (4) condition on tenure and have state fixed effects to compare the
likelihood of having a noncompete to others who were hired in the state before the policy
change. ** p<0.01, * p<0.05, T p<0.1. We show standard errors in parentheses, clustered
at the state level.
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E Examples of Noncompetes

Below are examples of actual covenants not to compete that we believe were recently deployed by four
organizations: Amazon.com, Inc. (e-commerce company); Jimmy John’s Franchise, LLC (fast food com-
pany); Blackbaud, Inc. (software company), and Girls on the Run of Silicon Valley (nonprofit). Note:
with the exception of the Girls on the Run Noncompete, which we received when we applied for a job,
we received the examples we reproduce here from third parties or obtained them online and so we do not

vouch for their legal authenticity.

Figure OE1l: Example of Amazon Noncompete

4. RESTRICTIVE COVENANTS.

4.1 Non-Competition. During employment and for 18 months after the Separation Date, Employee will not,
directly or indirectly, whether on Employee’s own behalf or on behalf of any other entity (for example,
as an employee, agent, partner, or consultant), engage in or support the development, manufacture,
marketing, or sale of any product or service that competes or is intended to compete with any product
or service sold, offered, or otherwise provided by Amazon (or intended to be sold, offered, or otherwise
provided by Amazon in the future) that Employee worked on or supported, or about which Employee
obtained or received Confidential Information.

Figure OE2: Example of Jimmy John’s Noncompete

3. Non-Competition Covenant. Employee covenants and agrees that, during his or her employment with Employer
and for a period of two (2) years after elther the effective date of termination of his or her employmient for any reason,
whether voluntary or involuntary and whether by Employer or Employee, or the date on which Employée begins to
comply with this paragraph, whichever is later, he or she will not have any direct or indirect interest in or perform ser-
vices for (whether as an owner, partner, investor, director, officer, representative, manager, employee, principal, agent,
advisor, or consultant) any business which derives more than ten percent (10%) of its revenue from selling submarine,
hero-type, deli-style, pita and/or wrapped or rolled sandwiches and which is located within three (3) miles of either (1)
_9841 N Milwaukea Ave . Niles Il 60714 (insert address of employment],
or (2) any'such other JIMMY JOHN'S® Sandwich Shop operated by JJF, one of its authorized franchisees, or any of JJF's
affiliates:

Employee also acknowledges and agrees that, for at least twelve (12) months after the effective date of termination

of his or her employment for any reason, whether voluntary or involuntary and whether by Employer or Employee,
Employee may not become a partner of or investor/owner with, or work for, another JIMMY JOHN'S® Sandwich Shop
franchisee. Employee acknowledges that other JIMMY JOHN'S® Sandwlich Shop franchisees are contractually prohibited
by JJF from recruiting Employee as a partner or investor/owner, or from hiring Employee, for at least twelve (12) months
after Employee leaves his or her employment with Employer (regardless of the reason for his or her departure),
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Figure OE3: Example of Blackbaud Executive Noncompete

7.1 Noncompetition Provisions. Executive recognizes and agrees that the Company has many
substantial, legitimate business interests that can be protected only by Executive agreeing not to compete with the
Company or its subsidiaries under certain circumstances. These interests include, without limitation, the Company’s
contacts and relationships with its customers, the Company’s reputation and goodwill in the industry, the financial
and other support afforded by the Company, and the Company’s rights in its confidential information. Executive
therefore agrees that during his employment with the Company and for the twelve (12) month period of time
following the termination of such employment by either party for any reason, he will not, without the prior written
consent of the Company, engage in any of the following activities in the United States (the “Protected Zones”),
relating to the Protected Businesses (as defined below):

a. engage in, manage, operate, control or supervise, or participate in the management, operation,
control or supervision of, any business or entity which provides products or services directly
competitive with those being actively developed, manufactured, marketed, sold or otherwise provided
by the Company or its subsidiaries as of the date hereof (the “Protected Businesses™) in the Protected
Zones;

b. have any ownership or financial interest, directly or indirectly, in any entity in the Protected
Zones engaged in the Protected Businesses, including, without limitation, as an individual, partner,
shareholder (other than as an owner of an entity in which Executive owns less than 5% of the economic
interests), officer, directly, executive, principal, agent or consultant;

c. solicit, acquire or conduct any Protected Business from or with any customers of the Company
or its subsidiaries (as defined below) in the Protected Zones;

d. solicit any of the employees or independent contractors of the Company or its subsidiaries or
induce any such persons to terminate their employment or contractual relationships with any such
entities; and/or

e. serve as an officer or director of any entity engaged in any of the Protected Businesses in the
Protected Zones.

Figure OE4: Example of Girls on the Run of Silicon Valley Noncompete

NON-COMPETE AGREEMENT:

As a coach and volunteer for Girls on the Run of Silicon Valley, I agree to the following:
1.) I will not deliver the Girls on the Run program or any similar program unless I am
working as an employee or volunteer of Girls on the Run.
2.) I may not create or help develop a program that has similar goals and structure to
that of Girls on the Run International within a two-year period of my involvement with
Girls on the Run.
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F Data Online Appendix

This article’s data derive from a labor force (i.e., employee) survey that we designed and implemented
between April and July 2014. Our goal in conducting the survey was to understand the use and effects
of covenants not to compete (“noncompetes”), both in a respondent’s current job and over the course of
a respondent’s career. In this appendix, we describe the survey’s origin, design, and sampling frame as
well as our cleaning and processing of the data to clarify important aspects of this article’s analysis. We
draw heavily on an earlier technical article that describes these issues in meticulous detail (Prescott et al.,

2016), and virtually identical content can be found in the appendix of Starr et al. (forthcoming).

F.1 Sampling Frame and Data Collection Methodology

The sampling frame for this study are U.S. labor force participants aged 18—75 years who are working in the

46 or unemployed and looking

private sector (for profit or nonprofit), working for a public health system,
for work. We excluded individuals who reported being self-employed, government employees, non-U.S.
citizens, or out of the labor force. To collect the data, we considered a few possible survey platforms and
collection methods, including using RAND’s American Life Panel (ALP), conducting a random-digit-dial
survey, and adding questions to ongoing established surveys like the NLSY or the PSID. Ultimately, we
concluded that our work required a nationally representative sample that was larger than the ALP could
provide. We also determined that, to obtain a complete picture of an employee’s noncompete experiences,
we needed to collect too many different pieces of new information to build on existing surveys. Instead, it
made more sense to design and draft a noncompete-specific survey ourselves so that we would be able to
ask all of the potentially relevant questions. In the end, we settled on using Qualtrics, a reputable online
survey company with access to more than 10 million verified panel respondents.*”

The target size for this data-collection project was 10,000 completed surveys. We were able to control
the characteristics of the final sample through the use of quotas, which are simply constraints on the
numbers of respondents with particular characteristics or sets of characteristics. In particular, we sought

a final sample in which respondents were 50% male; 60% with at least a bachelor’s degree; 50% with

46YWe initially considered focusing only on the private sector, but we recognized that public health systems (e.g.,
those associated with public universities) also use noncompetes extensively.

4"The difference between verified and unverified survey respondents is important. The use of unverified survey
respondents means that there is no external validation of any information the respondent provides (e.g., a Google
or Facebook survey), while verified survey respondents have had some information verified by the survey company.
We signed up with a number of these companies to see how they vetted individuals who agreed to respond to
online surveys. A typical experience involves filling out an intake form and providing fairly detailed demographic
information, including a contact number. A day or so after completing the intake form, the applicant receives a
phone call from the survey company at the number the applicant provided. On the call, the applicant is asked
a series of questions related to the information previously provided on the intake form. Verified respondents are
those who are reachable at the phone number supplied and who corroborate the information initially supplied.
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earnings of at least $50,000 annually from their current, highest paying job; and 30% over the age of 55
years. We chose these particular thresholds either to align the sample with the corresponding sample
moments for labor force participants in the 2012 American Community Survey (ACS) or to oversample
certain populations of interest.

Respondents who completed the survey were compensated differently depending on the panel provider:
some were paid $1.50 and entered into prize sweepstakes, others were given tokens or points in online games
that they were playing. Respondents took a median time of approximately 28 minutes to complete the
survey. Due to the length of the survey, we used three “attention filters” spaced evenly throughout the
survey to ensure that respondents were paying attention to the questions. Before we describe the cleaning

process for our survey data, we briefly outline the costs and benefits of using online surveys.*®

F.2 Costs and Benefits of Online Surveys

Online surveys come with a variety of benefits. Relative to random-digit-dial or in-person surveys, the cost
per respondent is orders of magnitude lower and the data-collection time is orders of magnitude faster. The
interactive survey interface also allows the survey designer to write complicated, nested questions that are
easy for respondents to answer through an online platform. Online surveys also allow individuals to respond
at their leisure via their preferred method (e.g., computer, phone, tablet, etc.) from wherever they wish
(e.g., work, home, or coffee shop). For these reasons, Reuters, the well-known national polling company,
has conducted all of its polling since 2012 online, including its 2016 Presidential election polling.*’
However, these benefits come at a potentially high cost: a sample of online survey takers may not be
representative of the population of interest to researchers or policymakers. There are four sample selection
concerns in particular. First, not all people in the U.S. labor force are online. Second, not all of those
online register to take surveys. Third, not all of those who register to take surveys receive any particular
survey. Fourth, not all of those who are invited to take a survey finish it. Among these sample selection
concerns, only the second one is unique to online surveys.’® With respect to the fourth, alternatives seem
unlikely to be better. Kennedy and Hartig (2019) find that survey response to random-digit dialing fell
to 6% in 2018, raising the very important question whether a sample resulting from a random-digit-dial
survey is still a random sample of the population. We address each of these selection concerns in Prescott

et al. (2016) and discuss the second concern in particular in Section F.4.

“8The information contained in the following sections can be found in Tables 1-18 in Prescott et al. (2016).

49Gee the “About” tab at http://polling.reuters.com/.

50For example, random-digit-dial surveys miss those without a phone, those who have a phone but do not receive
the survey call, and those who receive the call but decline to take the survey.
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F.3 Survey Cleaning

Qualtrics fielded the survey and obtained 14,668 completed surveys. When we began to review this initial
set of responses, we recognized that individuals with the same IP address may have taken the survey
multiple times given there were incentives. To address this, we retained only the first attempt to take the
survey from a given IP address and only if that attempt resulted in a completed survey, which produced
a sample of 12,369 respondents. We next detected, by inspecting the raw data by hand, that some
individuals appeared to have the exact same responses, even for write-in questions, despite the fact that
the IP addresses recorded in the survey data were different. To weed these out, we compared individual
responses for those with the same gender, age, and race, living in the same state and zip code, and working
in the same county. We found 665 possible repeat survey takers; the majority of these respondents took
the survey with two different panel partners. We reviewed these potential repeat survey takers by hand,
and, among those identified as repeat takers from different IP addresses, we kept the first observation and
dropped all others, leaving us with a sample of 12,090 respondents.®*

In the next round of cleaning, we examined individual answers to identify any that were internally
inconsistent or unreasonable in substance. In doing so, we developed a “flagging” algorithm that flagged
individuals for making mistakes within or across questions, in addition to manually reading through text
entry answers. In analyzing these answers, we discovered that some individuals were intentionally non-
compliant (e.g., writing curse words or gibberish instead of their job title), while others simply made
idiosyncratic errors (e.g., noting that their entire employer was smaller than their establishment—that is,
their particular office or factory). We dropped respondents entirely if we deemed them to be intentionally
noncompliant because their singular responses indicated that they did not take the survey seriously. This
step left us with 11,529 survey responses. °2

In the last round of cleaning, we began with those who had clean surveys and those who had made
some sort of idiosyncratic error. From our flagging algorithm, we determined that 82.2% had no flags and
that 16.05% had just one flag (see Table 6 in Prescott et al. (2016)). The most common flag was reporting
earnings below the minimum wage (often 0), which was true for 1,007 of the 11,529 respondents. The
challenge we faced was how to handle these flagged variables. We adopted four approaches: the first was
to do nothing—simply, retain all of offending values as they were. The second was to drop all observations
with any flag. The third was to replace offending values as missing. The fourth was to impute or otherwise
correct offending values. Our preferred method, and the one we use in this article (although our findings are
not very sensitive to this choice), is to impute or correct these offending values. Specifically, we “repaired”

entries that were marred by idiosyncratic inconsistency by replacing the less reliable, offending value with

51See Tables 3-5 in Prescott et al. (2016) for more details.
528ee pp.412-14 in Prescott et al. (2016) for more details.
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the value closest to the originally submitted value that would not be inconsistent with the respondent’s
other answers. When an answer was clearly unreasonable or missing, and there was no workable single
imputation procedure, we applied multiple imputation methods to calculate substitute values for the
original missing or unreasonable survey entries.

We also reviewed by hand the values of reported earnings, occupations, and industries, due to their
importance in our work. With regard to compensation, we manually reviewed all reported earnings greater
than $200,000 per year and cross-checked them with the individual’s job title and duties to ensure the
amount seemed appropriate. We also examined potential typos in the number of zeros (e.g., the sizable
real-world difference between $20,000 and $200,000 may be missed on a screen by survey respondents) by
comparing reported annual earnings to expected annual earnings in subsequent years. If a typo was made
by omitting a zero or by including an extra zero, we would expect to see a ratio of 0.1 or 10. We imputed
earnings that were unreasonable if we were unable to correct the entry in a reliable way. With regard to
occupation and industry, we had respondents self-select two-digit NAICS and SOC codes within the survey
and also report their job title, occupational duties, and employer’s line of business. To verify the two-digit
NAICS and SOC codes—which are crucial for both weighting and fixed effects in our empirical work—we
had four sets of RAs independently code the 11,529 responses by taking job titles, occupational duties,
and employer descriptions and matching them with the appropriate two-digit NAICS and SOC codes.?>
As part of this process, we found that 24 individuals in the sample were self-employed, worked for the

government, or were retired, thus reducing our total number of respondents to 11,505.

F.4 Sample Selection

As we observe above, there are four primary sample selection concerns with an online survey like ours: (1)
not everybody is online; (2) not everybody online signs up for online surveys; (3) not everybody who signs
up for online surveys receives a particular survey; and (4) not everybody who receives a survey manages to
complete it. We describe these issues in greater detail in Section II.LE in Prescott et al. (2016). All survey
research must confront issues (1), (3) and (4)—the only unique selection concern for online surveys is (2).
The key question is why individuals sign up to take online surveys and whether that reason is associated
with their noncompete status or experiences.’® To understand why the individuals who responded to our
survey agreed to take online surveys, we asked them directly, and their responses were tabulated in Table
13 in Prescott et al. (2016). The two most common reasons individuals report to explain their interest

in taking online surveys are that they enjoy the rewards (59%) and sharing their opinions (58%). Only

53See p.422 of Prescott et al. (2016) for details.
4 A look at the population of online survey takers (see Table 12 of Prescott et al. (2016)) shows that relative to
the average labor force participant they tend to be female and less likely to be in full-time employment.
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40% indicated that they wanted money, and only 23% claimed that they needed money. Taking these
responses seriously, the crucial selection question is, conditional on observables, whether individuals who
like the available rewards or sharing their opinions are less likely to be in jobs that require noncompetes.
We believe it is certainly plausible that there is no such relationship.

A related sample selection concern is that individuals who participate in a survey may for some reason
lie or otherwise provide inaccurate information in a systematic way. We designed our cleaning strategy with
the explicit goal of weeding out such individuals. But of course in any surveying effort legitimate concerns
remain about the validity of the responses of the individuals who remain in the sample. To assuage these
concerns, we present in Table OF1 the self-described job title, self-described occupational duties, and self-
described industries for 15 randomly selected observations. These randomly selected respondents include a
sales rep, a nurse, an analyst, a pizza delivery driver, an optometrist, and a programmer analyst. Reading
their job-duty descriptions reveals a striking amount of detail, suggesting not only that these respondents

answered the survey’s questions carefully but also that they were responding truthfully.
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F.5 Weighting and Imputation

In this section, we describe our approach to 1) weighting our survey data and 2) imputing values that are
missing in our data or that we identified as problematic and marked as missing during the data cleaning
process. The fact that weights need to be incorporated into the imputation step to impute unbiased
population values complicates these two tasks. In line with current survey methods, we generated our
analysis data by weighting our nonmissing data elements, imputing the missing variables (including the
weights in the imputation step), and then reweighting the data given the imputed values so that the
resulting analysis data are nationally representative. Below, after discussing our weighting approach, we
explain how we combined weighting and multiple imputation methods to assemble our data.

With respect to weighting, we considered and compared several candidate approaches,®® including post-
stratification, iterative proportional fitting (also called raking), and propensity score weighting. Details
on these methods can be found in Kalton and Flores-Cervantes (2003). For each method, we evaluated
a variety of potential weighting variables, and then we examined the ability of each weighting scheme to
match the distributions of variables within the 2014 American Community Survey (ACS) (see Table 17 in
Prescott et al. (2016)). Iterative proportional fitting, or raking, clearly performed better than alternatives
in matching our data to the distributions of key variables in the ACS.

To assemble our analysis data, we began by using raking to calculate weights for our original nonmissing
survey data. Next, we imputed our missing data. Our goal was to impute values for many different variables
(see Table 18 in Prescott et al. (2016) for details), some of which were missing because of the cleaning
process we describe above in Section F.4 and others because we added the relevant question to the survey
while the survey was in the field. In addition, as we explain in the article, we also aimed to impute
whether the “maybe” individuals are currently or have ever been bound by a noncompete. Because we
sought to impute missing values across multiple variables, we employed Stata’s chained multiple imputation
command, which imputes missing values for all variables in one step. As suggested in Sterne et al. (2009),
we incorporated all of the variables that we planned to use in our empirical analyses into our imputation
model. Doing otherwise would have produced attenuated estimates.?8

While imputing missing values just one time will allow for unbiased coefficient estimates, the associated
standard error estimates will be too small because the predicted values will not convey the uncertainty

implicit in those estimates (King et al., 2001). To generate unbiased standard error estimates, Graham et

55See pp.436-46 in Prescott et al. (2016) for more details.

56Dependent variables should be included as controls in the imputation of an independent variable to avoid
attenuation in the imputed estimates (Sterne et al., 2009). See also http://thestatsgeek.com/2015/05/07/
including-the-outcome-in-imputation-models-of-covariates/. Indeed, a general rule of thumb is that all
variables involved in the analysis should be included in the imputation model.
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al. (2007) recommend conducting at least 20 imputations when the proportion missing is 30% (relevant
for our “maybe” group). We added another 5 to increase power.

The exact mechanics for a given imputation step are as follows: First, we fit a regression model with
our initial nonmissing data. Second, we simulated new coefficients based on the posterior distribution of
the estimated coefficients and standard errors—this step is what gives us variation across the 25 datasets.
Third, we combined these coeflicients with the observed values of the covariates for the missing observations
to generate a predicted value. For continuous variables, we used predictive mean matching in the third
step. Specifically, we took the average of the 15 nearest neighbors to the predicted value. For binary
variables, we employed a logit model to create the predicted value. We repeated this process 25 times for
all missing values, creating 25 separate datasets.

Once we had 25 imputed datasets in hand, we reweighted within each dataset using the raking procedure
we discuss above, so that each individual dataset is nationally representative. In Table 2 in the article,
we present a comparison of the distribution of demographics between the 2014 ACS and our weighted
and unweighted data. The table shows that the weighted data quite accurately match the distribution of
contemporaneous ACS data and that the unweighted data indicate a much more skilled workforce, one
that does not align closely with the U.S. labor force. This occurs because we employed quotas to ensure
that more than 50% of our sample was composed of respondents with a bachelor’s degree.

Estimation of our main analysis via multiple imputation involves running the regression model in
question on each individual dataset and then aggregating the 25 different estimates using Rubin’s rules,
combining the within-imputation variance and the between-imputation variance into our standard error
calculations. Specifically, for ¢ = 1,..., M imputations, for a given estimate in a given imputation Bl and

within-imputation standard error se;, the formula for combining the within and between variance is:

VarBetween
Varrotar = Varwithin + Varetween + M ,
where
M
> de;
=1
Varwithin = i
and
Mo 2\2
> (Bi = B)
=1
Varpetween = ﬁ

We note that standard regression statistics, like R-Squared, are not typically reported for regressions
conducted with multiple-imputation data because there are 25 distinct estimates of each statistic. To give

a rough approximation of fit, we report the mean of our R-Squared estimates.
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