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ABSTRACT

We study the relationship between the enforceability of covenants not to
compete (CNCs) and employee mobility and wages. We exploit a 2015 CNC
ban for technology workers in Hawaii and find that this ban increased
mobility by 11 percent and new-hire wages by 4 percent. We supplement the
Hawaii evaluation with a cross-state analysis using matched employer—
employee data. We find that eight years after starting a job in an average-
enforceability state, technology workers have about 8 percent fewer jobs
and 4.6 percent lower cumulative earnings relative to equivalent workers
starting in a nonenforcing state. These results are consistent with CNC
enforceability increasing monopsony power.
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New practices have emerged to facilitate employer collusion, such as noncompete
clauses and no-raid pacts, but the basic insights are the same: employers often
implicitly, and sometimes explicitly, act to prevent the forces of competition
from enabling workers to earn what a competitive market would dictate, and
from working where they would prefer to work.

—Alan Krueger, “The Rigged Labor Market” (April 2017)

1. Introduction

In an op-ed, Furman and Krueger (2016) proposed that monopsony
power is holding back wage growth, economic dynamism, and innovation.' This pro-
vocative thesis builds on recent scholarship examining frictions that reduce labor market
competition (Manning 2011; Ashenfelter, Farber, and Ransom 2010; Boal and Ransom
1997). One such friction that has received significant public policy and media attention
in recent years is the use of covenants not to compete (CNCs), which are employment
provisions that prohibit a worker from leaving to join or start a competing firm.” Indeed,
dozens of new reforms have sought to ban CNCs, and such proposals were on the list of
labor reforms of almost all 2020 presidential candidates.’

The link between CNCs and monopsony power follows from the similarity of CNCs
to moving costs. In particular, it has long been argued (for example, Manning 2003) that,
in general, moving costs give firms monopsony power by restricting worker mobility.
Similarly, because they increase the costs of moving to the firms most likely to value
worker human capital (competitors), CNCs could facilitate monopsony power. Yet,
the fact that CNCs are voluntarily agreed upon complicates this analogy—wouldn’t
workers only agree to significant mobility restrictions if they received some benefits in
exchange? And wouldn’t firms use them only because they need to protect their in-
vestments or valuable information? That is, couldn’t CNCs actually encourage training
and human capital investment, which could enhance higher worker productivity, and
hence result in higher wages, such that banning them would make workers worse off?

financial support of the Harold Price Center for Entrepreneurial Studies at UCLA Anderson School of
Management and the Academic Senate of the University of California, Los Angeles. U.S. Census Bureau
Disclaimer: Research results in this paper are those of the authors, and do not necessarily represent the
views of the U.S. Census Bureau. The results presented here have been screened to ensure that no
confidential data are revealed. This paper uses both publicly available and confidential data. The publicly
available data are available from the LED Extraction Tool (https://ledextract.ces.census.gov/static/data
.html), and replication code materials are available in the Online Appendix of Replication Materials. The
confidential data are housed at the U.S. Census Bureau and require an application and approval for
access. The authors are willing to assist with replication efforts (Evan Starr, estarr@umd.edu,).

1. See https://www.wsj.com/articles/why-arent-americans-getting-raises-blame-the-monopsony-1478215983
2. Consistent with Furman and Krueger’s hypothesis, many have previously argued that California’s ban on
CNC:s led to the rapid growth of Silicon Valley (Gilson 1999; Hyde 2003; Fallick, Fleischman, and Rebitzer
2006).
3. See https://faircompetitionlaw.com/the-changing-landscape-of-trade-secrets-laws-and-noncompeteCNC
-laws/.
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Existing studies do not provide a clear answer to the question of whether workers are
indeed hurt by CNC enforceability. An early literature considered how CNC enforce-
ability might reduce job-to-job mobility (Fallick, Fleischman, and Rebitzer 2006; Marx,
Strumsky, and Fleming 2009; Marx, Singh, and Fleming 2015), but given the voluntary
nature of these provisions, the key question is not how CNC enforceability affects
worker mobility per se, but whether workers will be better off as a result. A budding
literature does examine wage differentials associated with CNC enforceability, but there
are three shortcomings. First, the results are mixed in terms of their main effects.*
Second, while the policy proposals consider a complete ban of CNCs, none of the
studies examine the wage effects of a full CNC ban. Third, no research examines the
cumulative career effects of CNCs, which is important because CNCs necessarily entail
dynamic, intertemporal trade-offs. CNCs imply post-employment mobility restrictions
that could suppress wage growth over time, so that average population effects may hide
interesting heterogeneity over a worker’s career or job spell.’

In this study, we address the aforementioned gaps using two complementary ap-
proaches. First, we exploit an unusual natural experiment in which Hawaii banned
CNCs in 2015 for technology workers only. Using Quarterly Workforce Indicators
(QWI, Appendix Table 1) data (which aggregates all quarterly unemployment—
insurance records to the industry—state—quarter level), we find that new-hire monthly
earnings for technology workers rose following the July 2015 CNC ban relative to other
industries in Hawaii, relative to technology workers in other states, and in a triple
difference specification that controls for industry—quarter, state—industry, and state—
quarter effects. In our preferred specifications, we find that Hawaii’s 2015 CNC ban
increased new-hire monthly earnings by 4.2 percent, while overall (that is, all worker
average) monthly earnings rose 0.7 percent. The difference between new-hire and
overall earnings is important because the 2015 Hawaii CNC ban only applied to new
contracts. We also study worker mobility using data from QWI and find Hawaii’s CNC
ban increased mobility (measured in terms of separation rates) for technology workers
by 12.5 percent (relative to tech workers in other states).

While the Hawaii CNC ban for technology workers provides a unique opportunity
to study the effects of an outright ban, two concerns prompt us to complement this
analysis. First, it is based on only one state, raising potential concerns about general-
izability. Second, the recency of the Hawaii ban and data constraints preclude examination
of outcomes over workers’ careers. Accordingly, we supplement this analysis using
quarterly employer—employee matched data for the universe of employees in 30 U.S.
states between 1991 and 2008, a time period in which CNC policies were relatively
stable. Our empirical approach is similar to Starr (2019) in that we examine how within-
state differences between workers more and less likely to be bound by CNCs vary with
cross-state measures of CNC enforceability. We focus on technology workers as the
treatment group for three reasons. In addition to aligning with the focus on high-tech
workers in the Hawaii case-study, high-tech workers are the most likely to sign CNCs

4. For example, Lavetti, Simon, and White (2020) find that CNC bound physicians earn more in states that
more vigorously enforce them, and Kini, Williams, and Yin (2021) find the same for CEOs. In contrast,
Garmaise (2011) finds negative wage effects for CEOs, and Starr (2019) finds negative wage effects for those
most likely to be bound by a CNC.

5. In Online Appendix E we provide a simple model that documents this tension.
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among all occupations (Starr, Prescott, and Bishara 2021), and they are also likely to
have access to intellectual property that would theoretically precipitate the potential
benefits of CNCs.°

Under the key identifying assumption that the group of workers we identify as
“technology” workers are more strongly affected by CNC enforceability, and assuming
that all other state-specific mobility and wage drivers that may be correlated with en-
forceability impacts workers in the technology sector in a similar way as other (control)
industries, the coefficient on the interaction of technology sector with our CNC enfor-
ceability index measure provides an estimate of the differential effect of CNC enforce-
ability on technology workers.” We first document that, despite more stringent identifying
assumptions, this pseudo difference-in-differences empirical approach corroborates the
findings from the Hawaii experiment: compared to nontech workers, technology workers
have, on average, 6 percent longer job durations but 2-2.8 percent lower quarterly
earnings in an average enforceability state relative to states that do not enforce CNCs
(compared to the same differential for nontech workers). We subsequently expand our
analysis to account for the cumulative mobility and earnings effects across eight years
of a worker’s career. We find that eight years after starting a job in an average enforce-
ability state, high-tech workers have 4.6 percent lower cumulative earnings and 8
percent fewer jobs relative to observably equivalent high-tech workers in a none-
nforcing state. We also study cross-state and cross-industry transitions. We find that
workers whose first jobs are in technology in higher enforceability states are more
likely to move across states without switching industries, potentially as a way to cir-
cumvent the CNC while retaining industry-specific capital.

Both sets of empirical analyses are robust to a variety of alternative specifications
and subsample analyses, which are described in the robustness checks section and
appendixes.®

Taken together, our results strongly suggest that CNC enforceability is associated
with “job-lock” (similar to the findings of Gruber and Madrian 1994) and reduced
bargaining power for the average technical worker (as discussed in Arnow-Richman
2001, 2006). In particular, our results suggest that CNC enforceability serves as a barrier
to workers switching jobs and contributes to lower labor dynamism and wage stagna-
tion. Together, these results contribute to the budding literature on CNCs and earnings
by exploiting an unusual natural experiment and by studying cumulative career effects
of CNC policies. The fact that the average tech worker does not appear to be com-
pensated more for the CNC-related reductions in job-to-job mobility (for example, in

6. In addition, studying high-tech workers allows us to corroborate our results with the prior literature, which
focused largely on the mobility of high-tech workers (Fallick, Fleischman, and Rebitzer 2006; Marx, Strumsky,
and Fleming 2009; Marx, Singh, and Fleming 2015).

7. Because the estimated effect is the differential impact of CNC enforceability on technology workers, if there
is also a similar effect for other sectors, our estimate would be a lower bound of the total effect on technology
workers. Starr, Prescott, and Bishara (2021) and anecdotal evidence from CNC litigation (LaVan 2000) suggest
that CNCs impacts other sectors as well.

8. Among others, for the cross-sectional results using the LEHD, we check and confirm robustness using the
effects for workers with in the top 2 percent of start-of-spell wages as the focal group, which affords a triple
difference test that also controls for state-by-industry fixed effects. For the Hawaii-specific results, we confirm
robustness to permutation tests (Hess 2017), creating synthetic controls groups (Abadie, Diamond, and
Hainmueller 2010), and various subsample checks.
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any of the first eight years after starting a job) is also directly relevant for the state and
federal policymakers who are actively debating changes to CNC policy (Office of
Economic Policy, U.S. Department of the Treasury 2016; Burke 2016).

More broadly, our work contributes to the literature on monopsony in labor markets.
Our finding of wage differences being correlated with CNC enforceability suggests a
deviation from the “law of one wage” and contributes to work documenting wage
dispersion (for example, Katz and Krueger 1992; see also the review by Bhasker,
Manning, and To 2002). As in Naidu (2010), our results suggest that CNC enforceability
slows down and redirects worker movement, reducing the returns to tenure and expe-
rience more broadly. Our findings are also consistent with Cahuc, Postel-Vinay, and
Robin (2006), who find that between-firm competition is quantitatively more important
than wage bargaining in raising wages above workers’ reservation wages.

I1. Examining Hawaii’s 2015 CNC Ban
for Tech Workers

A. Legal Background and Empirical Design

Given the policy and theoretical interest in identifying the causal effects of banning
CNCs on wages, we begin with a rare but recent natural experiment: Hawaii, which
previously enforced “reasonable” CNCs (Malsberger et al. 2010), banned CNCs for
technology workers only, effective July 1, 2015. Specifically, the text of the Hawaii bill
reads:

...it shall be prohibited to include a noncompete clause or a nonsolicit clause in
any employment contract relating to an employee of a technology business. The
clause shall be void and of no force and effect.

(HB 1090 H.D 2 S.D.2 C.D.1)

The stated reason for this ban was to promote growth of technology businesses, protect
jobs, and encourage the establishment of new technology businesses by tech employees.’

We use data from the Quarterly Workforce Indicators (QWTI) to examine mobility and
wage patterns before and after July 2015 in Hawaii. The QWI is a public use database
provided by the U.S. Census Bureau and derived from the universe of unemployment
insurance records in the state.'® The data include a set of quarterly “economic indicators,”

9. Section 1 states: “The legislature finds that restrictive employment covenants impede the development of
technology businesses within the State by driving skilled workers to other jurisdictions and by requiring local
technology businesses to solicit skilled workers from out of the State....Because the geographic area of Hawaii
is unique and limited, noncompete agreements unduly restrict future employment opportunities for technology
workers and have a chilling effect on the creation of new technology businesses within the State by innovative
employees....[A] noncompete atmosphere hinders innovation, creates a restrictive work environment for
technology employees in the State, and forces spin-offs of existing technology companies to choose places
other than Hawaii to establish their businesses.” The law was indeed not intended to be retroactive, as reflected
in the phrasing “it shall be prohibited to include”, and this was further clarified in a brief (one sentence) Section
4, which stated “This Act does not affect rights and duties that matured, penalties that were incurred, and
proceedings that were begun before its effective date.”

10. The QWI data were extracted using the online LED extraction tool: https://ledextract.ces.census.gov/static
/data.html
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including employment, job creation, earnings, and other measures of employment flows
at the state—industry—quarter level. Relevant for our purposes, the QWI includes var-
iables that track both the monthly earnings and mobility of workers.

Given that the ban on CNCs is specific to Hawaii and specific to the technology
industry, we leverage both the state-specific dimension and the industry-specific di-
mension to perform three types of difference-in-differences (DID) analyses. In each
design, firms and workers in the “technology business” per the Hawaii statute are the
“treated” entities, but what varies across these designs are the control groups. In the first
analysis, “Within-Hawaii, Cross-Industry” (hereafter “Within-Hawaii”), the control
group is other industries in Hawaii. In the second analysis, “Cross-State, Within-Tech”
(hereafter “Cross-State”), the tech sectors in the other 50 states form the control group.
In the triple-difference analysis, we exploit the fact that our shock is both state- and
industry-specific, allowing us to identify the Hawaii X Tech X Post 2015 interaction
while controlling for industry—quarter, state—industry and state—quarter fixed effects.
We undertake Fisher Permutation test (randomization inference) checks for all of the
approaches (Hess 2017; Rosenbaum 2002), and also a synthetic control check of the
“Cross-State, Within-Tech” DID results (Abadie, Diamond, and Hainmueller 2010).

Section 2 (d) of the Hawaii HB1090 bill defines a “technology business” to mean “a
trade or business that derives the majority of its gross income from the sale or license of
products or services resulting from its software development or information technology
development, or both.” Further, it states that “‘Software development’ means the cre-
ation of coded computer instructions”, and that “‘Information technology development’
means the design, integration, deployment, or support services for software.” Thus, we
define “Tech” as NAICS four-digit subsectors related to software development, design,
and related services.'!

To examine how tech wages change following the CNC ban, we examine two QWI
wage variables—average monthly earnings of workers in full quarter employment
(“EarnS”), and average monthly earnings of all hires into full-quarter employment
(“EarnHirAS”). While the ban on CNCs can be expected to improve the bargaining
power of workers, because wage adjustment/renegotiation for existing workers is in-
frequent (and typically at year-end), larger effects should be expected for the latter, as
wages for hires should reflect the changed bargaining position immediately after the
ban. To obtain comparable length of pre- and post-ban trends, we examine data from
2013Q2-2017Q1 (the latest available data). To examine mobility responses, we con-
struct a separation rate measure defined as the ratio of all separations of workers from
employers in the quarter (variable named “Sep” in QWI) to total employment count
(variable named “EmpTotal” in QWI). As an alternative, we use a defined separation
rate variable available in the QWI—Beginning-of-Quarter Separation rate (“SepBegR”)
which is Beginning-of-Quarter Separations divided by average employment.'?

11. The detailed list is provided in Online Appendix Table OAS8. Note that the definition of “Tech” per the
Hawaii statute is narrower than the definition we used in the cross-sectional analysis using LEHD data in
Section IIT below.

12. To provide further information on the variables used, per QWI documentation: (i) EarnS is the average
monthly earnings of employees with stable jobs (that is, worked with the same firm throughout the quarter).
This is obtained by adding all quarterly earnings atj in ¢ for all i who are full-quarter employees, dividing this by
the number of full-quarter employees at j, then dividing that by three (number of months in a quarter). (ii)
EarnHirAS is the Average monthly earnings for workers who started a job that turned into a job lasting a full
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Our basic specifications are:
DID Cross-Industry, Within-Hawaii Analysis:

(D Yj,:oc—i-BPost,*I{Tech}j+2t+mj+8ﬂ

DID Cross-State, Within-Tech Analysis:

(2) Yu=o+PPost, x [{Hawaii}, + X, + o + €

Triple Difference (DDD) Analysis:

(3) Yy =o+PPost, * I{Tech}j « [{Hawaii}, +Z; + X, + O + €

where the subscripts j, k, and ¢ are for industry, state, and quarter, respectively; X, are
year-by-quarter fixed effects; and w; are a set of industry fixed effects (NAICS four-digit
codes). For the Cross-State analysis, we also allow for industry-by-year—quarter and
state-by-industry fixed effects. In the triple difference analysis, wj are a set of state—
industry fixed effects, X, are industry X year-by-month (industry X year-by-quarter in
QWI) fixed effects, and X, are state X year-by-quarter fixed effects. 13 Standard errors are
clustered at the industry level in the Within-Hawaii analysis, and at the state level in the
other two.

Within each of the alternative DID approaches and for the triple difference analysis,
we check robustness to using alternative comparison groups. In particular, for the
Within-Hawaii analysis, we use a smaller comparison group of the four-digit industries,
which belong to the same two-digit level definition of the tech sector (“Tech 2d sector”),
as well as a comparison group of all nontech four-digit sectors. Similarly, for the Cross-
State and DDD analyses, we use a comparison group that excludes outlier CNC en-
forceability states by limiting the sample to the 40 states with CNC enforceability index
scores (discussed in more detail in Section III.B below) closest (in absolute terms) to
Hawaii in the pre-ban period, as well as a comparison to group of all other states.

B. Hawaii CNC Ban Results

We first discuss the wage effects. Figure 1 presents the time trends of the wage variables
from QWIL. In the top panel, the pre-ban trends in the wage variables are similar across

quarter. This is obtained by adding all quarterly earnings at j in # for all i who are hires (all) to full-quarter status
employees, then dividing this by the number of hires (all) to full-quarter status at j in ¢, and then dividing that by
three. (iii) EmpTotal is technically termed “Employment - Reference Quarter: Counts™ and is a count of people
employed in a firm at any time during the quarter. (iv) Beginning-of-Quarter Separations (SepBegR) is the
estimated number of workers whose job in the previous quarter continued and ended in the given quarter. A
worker i is defined as a beginning-of-quarter separation from employer j in ¢ if the worker has positive earnings
atjin #— 1 and 7 but no earnings fromj in 7+ 1. (iii) All Separations (Sep) is the estimated number of workers
whose job with a given employer ended in the specified quarter. A worker i is defined as separating from
employer j in ¢ if the worker has positive earnings at j in ¢ but no earnings from j in #+ 1. (iv) Average
employment used in the definition of Beginning of Quarter Separation rate uses the variable “Emp” which is
technically termed “Beginning-of-Quarter Employment: Counts”. A worker i is beginning-of-quarter employed
with employer j in ¢ if worker has positive earnings at j in #-/ and ¢.

13. Note that the double interactions in the DDD analysis (and the dummies themselves in both the DID and
DDD analysis) get absorbed by the included fixed effects, so these specifications are fully saturated.
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tech and other sectors within Hawaii. After the ban, the tech sector overall log wages
show a short-run upward spike (left figure), as do log hiring wages (right figure). In the
longer run, the other industry wages appear to climb upwards, so the trend changes catch
up with those for tech. In the bottom panel, the short-run increase in log overall wage
appears partly to be a reflection of a similar jump for tech wages in other states (left
figure). However, in the bottom-right figure, the increase in hiring wages for the tech
sector in Hawaii appears to be systematically greater than for tech hiring wages in other
states.

These patterns are largely confirmed by the regression results in Table 1. Panel A
presents Cross-Industry, Within-Hawaii specifications, and Panel B presents Cross-
State, Within-Tech results. Columns 3, 4, 7, and 8 present full-sample results, while
Columns 1, 2, 5, and 6 present comparisons to narrower groups (other industries within
two-digit technology sector in Panel A, and the 40 states closest to Hawaii in terms of
CNC enforceability in Panel B). While the overall post-ban change is small and not
statistically significant for overall wages in the Within-Hawaii (Panel A) analysis, there
appears to be a notable increase in hiring wages (significant relative to all other in-
dustries in Column 7), with the effect driven by a large short-run increase. The Cross-
State comparison in Panel B shows a systematic increase in the wages for tech workers
in Hawaii relative to tech workers in other states, and these effects (with additional
industry-by-quarter and state-by-industry fixed effects) appear to be more precise than
suggested by the trends in Figure 1. The magnitude of the cross-state effects is largest for
the hiring wage, which increases by 0.078 log points in Column 5 (or 0.071 in Column
7). This is more than 50 percent of the standard deviation in the pre-ban log wage rate for
tech workers in Hawaii (0.14 log points). As discussed earlier, because overall average
wages reflect the contracted wage for all workers, including those that do not have or are
not seeking outside opportunities, and including workers who may have pre-existing
contracts with CNC clauses (which were not affected by the ban), the lower magnitude
of effects on overall average wage is not surprising. Overall, the results suggest modest
effects on overall wages, but stronger increases in hiring wages.

These DID analyses are confirmed by the DDD results in Panel A of Table 2. Our
preferred specifications show an increase in overall (that is, all worker average) monthly
earnings of 0.7 percent (Panel A, Column 3) and a 4.2 percent increase in new-hire
wages after the ban (Panel A, Column 7). These results are reassuring, showing that the
increases in wages are robust to Hawaii-specific and tech-specific shocks that may have
coincided with the ban. In particular, the results for wages are consistently larger and
more significant than in the Cross-Industry, Within-Hawaii analysis.

The mobility results are shown in Figure 2, which displays the time trends of the
mobility variables from QWI. The top panel shows the Within-Hawaii trends and
compares the Hawaii tech sector to other industries in Hawaii, controlling for industry
fixed effects. The tech sector in Hawaii shows a distinct increase in the short run
following the ban, though there appears to be a reversal and greater volatility in the post-
ban trends. In contrast, the trends for other industries in Hawaii don’t show a significant
jump just after the ban, but exhibit a slow increase in mobility, so that towards the end of

14. While the figures provide period means which are volatile, the regression tables capture the (smoothed
average) DID effect which is the difference in means of the two trend lines in the pre-law change period relative
to the difference in the two trend lines in the post-law change period.

S357



S358 The Journal of Human Resources

(panunuod)

SOx SOX SOx SOX SOX SOX SOX SOX 4 101end)—Iedx
) § SOX ) § SOX SOX SOX SOX SOX 94 Ansnpuyg
v nv PT UYodL pT UoaL 10% v pT yoaL pPT UoaL S[dureg
$26°0 ¥26°0 L060 906°0 6L60 6,60 796°0 796°0 parenbs-y
See'e see'e €T €TH 8TH'E 8TH'E €SH €Sh SUOBAISSqQ
(6£10°0) (€890°0) 9120°0) (18€0°0)
SI10°0— 1SL0°0— 1200~ Y1¥0°0— Yo9L, x1s0d q'1
(ST10°0) (8L20°0) (ST10°0) (L8T0°0)
#x:0770°0 #52E760°0 692000 06100 YoaL, x 1504 dS
(€£L600°0) (8¥£0°0) (LY10°0) (S¥20°0)
#5%6S20°0 68€0°0 9050070~ 92L,000°0— o3, x 1804
HEMBH-UIYIAA ‘A1)SNpUI-SSOI)) Y [Pued
(8 (L) 9 (9] (y) (©) (0 (D

s3urureqg AIUOIN 98BIoAY SaIlH 307

s3urureq A[IUOIN 93BIOAY [[BIAQ 30T

SJNSIY S2OUA[1(J-Ul-20UI(—IUIULIIAXT [DANIDN NUDMDE Y] wioLf s1SKipuy sa]quiivp 23vM IMO

020z Wb1AdoD 20z ‘0T 11idy uo 1s9nb Ag Wou ) pepeojumoq

[RCLAR



Balasubramanian, Chang, Sakakibara, Sivadasan, and Starr  S359

(0V1°0) 0¥9°8 I ssuruIey A[IUOIA dTeIoAY
saIIH 507 Jo pue (80°0) 88.'8 st poriad s3urureq AYIuoA 25e10AY [[eIAQ 30T JO G107 AInr-21d oy ur saLsnpul yod) 10j (S) Ueaw oY [, "(PIPPE I 193] PIXIJ Uaym) S[[20
-uojo[3urs pue sjySrom 010z sdoip ‘st Jeyy ‘s[[ed uoye[Surs pue sjySom 10 s}snfpe suorneardsqo Jo equny ‘sjysom (feonireue) se (dwy) juowkordwry 1ouren) jo SuruuiSog
asn suoneoly10ads [[y SIS [[e 9PN[OUT SUWIN[OD JOYI0 [IYM ‘SULI) AN[OSQE UI 21098 JND ) UI ITeMEBH 0 1SISO[ SIS () Y 01 PAIWI] I8 9—G pue g—] Suwnjo)) ‘g [oued ug
*SOLIISNPUI [[ 9PN[OUT SUWN[OD IO AIYM ‘SIALNSNPUL [[03) Y} UIBIUOD JBY) SALNSNPUI JISIP-0M] Y} UTYIIM SALISNPUT JISIP-IN0J 0} PIIWI] I8 9—G PuB g—] SUWN[O)) ‘Y [ued U]
“TOLTIOZT-€D910T STIS0d AT PUE ‘TOYTOT—EOSTOT S1ISOJ S *SpIemIdnfe pue 1O A[nf se pauyap st 1sod,, "(SYIHUIRH Sof ‘st eyy) juowkodwy 1orreng) [[n] ot saIty
TV Jo sSurureq A[quoA 98e10AY o) Jo SO[ oy ST §—G suwn[o)) ut o[qerrea juopuadop oy, ‘(Surey Sof ‘stjey)) (quowkordurg 103reng) [ng) sSururer A[JIUOIN 9SBIOAY [[BIA0
Jo So[ ) I $—] suwnjo)) ur d[qeLieA Judpuadop ay ], -aIne)s Iemey ay) ul  ssauisng A30[ouydd),, JO UONIULJAP Y} YIIM PIOOUOD 0) ‘SIIIAISS pue Juatdo[oAdp ‘uSIsop a1emijos
10A09 JBY) SUOTBOJISSE[O A1snput NSIP-In0J JAQ) Se Pauljap st Yo, "g [dUed Ul SALISnpul Yo, O} PUB y [dued Ul ITeMBH JO )els Ay 03 payuwl] are eyed "[OL107—7O€10T
IMO AUy wolj re eje( " [Ued UI [9AJ] LIS PUB  [dUBJ UI [9A] A1ISNPUI Y J& PI2ISN]D a1 sasayuared ul SIOLIS pIepuels 1Snqoy 1070 > s ‘S0°0> dyse 170 > dy :SNON

SAX SX SOX SOA SO SO SOA SX HA pUl X a3e1§
SOX SA SOA SOA SO SO SOA SOX HA .HHO|HNO% Xpuy
v v sa1eIs O $91.IS O v v $1BIS O $918IS O Sdureg
968°0 968°0 888°0 8880 9760 976'0 2060 2060 parenbs-y
069y 069V 899°¢ 899°¢ €SLY €SLY 1TLE 1TLE suoneAlssqQO
(6£L00°0) (#8500°0) (00L00°0) (8%500°0)
$xxGLS0°0 w3 [890°0 +xGL10°0 #xxLE€C00 IH X3sod ¥'1
(L0900°0) (20900°0) (29€00°0) (€T€00°0)
#xx9LL0°0 #xx5C80°0 #2x0810°0 #xxL1C0°0 IH x1s0d dS
(L1900°0) (175000 (0€+00°0) (L8200°0)
4% [ 1L0°0 #xx8LL0O0 #xx8L10°0 3 £CC0°0 IH X1s0d
YIIL-UIYIIAA DIBIS-SSOL)) 1 [PUB
(8) 03] 9) (9] ) (¢ ) (D

sSurureqg A[IUOIN 93eIoAy SaIH S0

s3urureq AIUOIN 98BIOAY [[BIOAQ) 30T

020z Wb1AdoD 20z ‘0T 11idy uo 1s9nb Ag Wou ) pepeojumoq

(panunyuod) 1 dqey,



S360 The Journal of Human Resources

(panunuoo)

SL60 GL60 GL60 SL60 £66°0 €660 7660 7660 porenbs-y
878°50¢ 878°60¢ Or1v91 or1v91 8TL80T 8TL80T 625991 625991 SUONRAIDSQQ)
(€£6500°0) ($7900°0) (9¥500°0) (€5900°0)

##%9910°0 #+%8610°0 $0100°0 1S$+00°0 YOL X TH X1s0d AT
(TS€00°0) (6L¥00°0) (8€700°0) (9L200°0)
+xx8760°0 +xx8660°0 #xx0010°0 5 1C10°0 YOI, X [H X1s0d S
(19€00°0) (LS¥00°0) (0LZ00°0) (28200°0)
#257TH00 w2 17700 #xC1L000 #279600°0 YoL X [H X 3804

so[qerIeA agepr TAMO 1V Pued

(® w ) © () © ) )

s3urureq A[IUOIN 93eIoAY SaIlH S0 s3urureq A[IUOIN 93BIoAY [[BIAQ 30T

synsay 2oua42ffiq a]diL[—uanuiiadxsy [pAMDN IDMDE Y] wodf sisppuy K1j1qop puv 23oM JMO
(A0 LN

020z Wb1AdoD 20z ‘0T 11idy uo 1s9nb Ag Wou ) pepeojumoq



Balasubramanian, Chang, Sakakibara, Sivadasan, and Starr  S361

($20°0) S80°0 St 2y uoneredog 1a)ren)-jo-3uruuidag 1oy pue (0Z0°0) 16070 St poud G107 Anf-1d oy ur saLysnpur Yo, J1oj ey uoneredog [[BIAQ AY)
Jo (@S) ueaw oYL, (Ot 1°0) 0398 ST SSurureq A[IUOIA d3eIoAy saIrH S0 Jo pue (£:80°0) 88.'8 ST portad sSurureq AyyuoAl 98e10AY [[eIoAQ 30T JO §T10T Anf-o1d o) ur saLnsnpur
409} J0J ((IS) Ueaw ayJ, (POpPe Je $109JJ PAXIJ USYM) S[[90-U0IO[SUIS pue s)yIrom 019z sdoip ‘s1Iey) ‘S[[oo uolo[3uls pue sjysrom Joj sjsnfpe suoneAIasqo Jo Jquiny ‘sjysrom
(reonAeue) se (dwry) juowkordwy soyren)-jo-Suruuidog asn suoneoyroads [[y "$9JLIs [[B 9pN[OUT SUWN[OD JOYIO J[IYM ‘SULID) 9JN[OSE UT dI00S JND Y} UL ITEMBEH 0) ISISO[D
SIS () AU} 0) PANWI] 21e 9—G pue g—[ suwnfo) "[OLIOT-EO9I0T SI1S0d AT PUE ‘TOI10T-EOSTOT STISOJ S ‘spresmioe pue G[(g A[nf Se Paulyap st Jsod,, (SYIHUEH
Sof ‘st 1ey) yuewkorduwrg 193rend) [[ng ojur sl [V Jo sSurureq Ayuolq oSe1oAy oy Jo So[ ) ST §—¢ suwnjo)) ur pue ‘(Sureq Sof ‘st yey) Quowkordwyg 1oeng) [ng) sSurreg
A[YIUOIA 95BI0AY [[BISAO JO 0] 9} SI —] Suwnjo)) ul d[qeLrea juopuadop ayy ‘g [oued uf “(Y3ogdos ‘st yeys) jex uoneredos soren)-Jo-Juruuidog oy SI §—¢ suwnjo)) ul pue
{(reyordurg ‘stey) oneng) 2ouaIdjay oy ur juswkordwyg Aq paprarp (dog ‘styeys) suoneredag [V Se pauryop ajey uoneredag [[BIAQ 9Y3 ST H—] SUWN[O)) UI d[qeLeA judpuadop oy)
‘Y [oued Uf ‘9)me)s IIeMeH dy) Ul  ssaursng A30[ouydd),, Jo UonIuyap y) YHIm pIoduod 0} ‘SadIAIds pue Juaido[oaap ‘uSISop a1emijos I9A09 Jey) SuonedyIsse[d Ansnpur JISIp-1noy
1AM O Se pautjap st YL, 'TOLI0Z-ZOET0T TAO ) WOIJ A1k BIe(] "[OAS] Je)S oY) I8 PAI)SN[d aIe sasayjuared Ul SIOLIL pIepue)s 1snqoy 100> iy ‘S0°0 > dys ‘170> dy :SNON

SOx SO SOx SOx SO SOx SOx SOx T DO—IBIL X IS
SOx SOx SOx SOx SO SOx SOx SOx T4 PUL X IS
SOx SOx SOX SOX SOx SOX SOX SOx A DO—IBX X pul
v nv $.IS O s9181S O nv v s9181S O REILAN )74 S[dures
6680 6680 2060 2060 S¥6°0 S6°0 Sv6°0 Sv6'0 parenbs-y
7€9°80C 7€9°80C 0S+°991 0S+'991 809°60C 809°G0¢ G96°€91 696°€91 suoneAlssqQO
(¥L100°0) (86100°0) (€L100°0) (¥1200°0)
%L£€00°0 #x££600°0 #%%x9L900°0 #+xx9€800°0 UL XTH X1s0d J'1
(#%9000°0) (0¥8000°0) (S2100°0) (LL100°0)
#xx9C10°0 #5x:0C10°0 w3 C 1100 x5V 110°0 YL X TH X3s0d YS
(216000°0) (80100°0) (0€100°0) (08100°0)
#xx09600°0 $3x7010°0 #+x:x6L600°0 3701070 YO9L X TH X1s0d

sa[qertep KNGO IMO :d Pued

(8 (L) ) (9] (¥) (©) (@) (D

arey uoneredog 1ouen-jo-3uruuiog Jrey uoneredag [[BIAQ

(panunuod) g ajqey,

020z Wb1AdoD 20z ‘0T 11idy uo 1s9nb Ag Wou ) pepeojumoq



S362  The Journal of Human Resources

TOLI0T-2ZOE10T ‘IMO 2y woj axe vle( siySom ([eonieue) se (dwy) juowkordwy 101reng) jo Suruuidoq
pouad—Ansnpur s ‘suestl pajySrom are sueow payedaidde oy, ‘(13ogdes) oyer uoneredss 1ourenb jo Suruurdoeq st oyer uoneredog 11ren)-jo-Suruuidoq,, oy, ‘(jerordwy)
101eNQ) 20UI)Y oy ur Juswkordwyg £q papralp (dog) suoneredag [y se paurjop st ey uoneredag [[BIGAQ Y], “IMEIS [TeMBH ) UI  Ssauisng A30[ouyda,, Jo uoniuyap
AU YIIM PIOJUOD 0) ‘SADTAIRS pue Juwdo[aAap ‘USISIP 2IBMIJOS 19A0D Jel) SUONBDIJISSB[O Ansnpul NFIP-1no) [ Se paulap st Yda,, (joued wonoq) sydeisd , Yoo -uryip
918)G-SS01D),, Y} UI saLnsnpul  Yyoax,, o) pue (joued doy) sydei3 , Ansnpuy-sso1) ‘memeH-uryiipy,, Y) Ul Ilemeq Jo 9Jeis ay) 0) pArwi| ae eje(q ‘(sydeid Yoo -uryipy ‘0jers
-SS01D),, 9} UI $J091J0 PaxIy de)s 10§ pue sydeid , Ansnpuy-sso1)) ‘emeH-UIylipy,, Y Ul $)0JJ pax1yy Ansnput 10y Surjjonuod) suedwr dyrads-porrad syuasaid a1niy ST, :SOON

IMO woLf sa1qLIA Gi1qOp puv ung JND HPMDEH

7 N3y
emel —v - 10UI0 —e— _ eMeH —v - 1OYI0 —e— _
19uend)—Ied X 12uenQ)—Ied A
tbLroz  cboroz  ebgroz  vbrioz  1byroz  cberoz 1boz  cbotoz  ¢bstoz  vbyroz  1byroz  zberoc

¥ Lr B A 900 . c% _ . 900 mnw
® \k//n / \4\\-\; \ AN\ _a g 7 .S < 0 =
IO S S el 800 2 E i i U 800 o,
NV S K N $
-
Lo N ] o B g\ 0ro £
Y A | 01°0 & m / \ _ S
Voo "4 /o] -
¥ . ¥ \ 70 &
_ zro 9 | 5

arey uoneredag 1opren-jo-suruuidoq ey uoneredag [[e1AQ

O3 -UIYIIA “Q)BIS-SSOID) O3 -UIYIIA “DIBIS-SS01D)

YR —v - PO —e— YodL —v - YO —e—
19uend)—Ied A J2uenQ)—Ied A
tbLioz  cboroz  ebgroz  tbyioz  1byioz  Tberor 1bLroz  cboroz  ebgroz  vbrioz  1byroz  cberoz

| 800 | 01'0 ©
| X Sqm. | Mw/ m
g 275 ;0108 B % ¥ Sy v o &
4 \*\-\aﬂﬂu o g & / VR 4 /AY\\O\Q\ N &
YooYl 55 \ yIo g
i 85 «V\ v g
_ o BT an B
y1'0 7 8 Y 9I0 =
| a | vvm
_ 91°0 | 810 &

ey uoneredog 1ourend)-jo-3uruuidoq ey uoneredag [[eI9AQ

AnsSnpuy-ssoI) ‘eMeH-UI A AnsSnpuy-sso1)) ‘emeH-UIyiIA
spuail QO IMO

020z WbuAdod Hzoz ‘0T 111dy uo 1s8nb Ag W04y pepeo umoq



Downloaded from by guest on April 10, 2024. Copyright 2020

Balasubramanian, Chang, Sakakibara, Sivadasan, and Starr

our window, the mobility levels are similar for other industries in Hawaii. The bottom
panel of Figure 2 shows the cross-state trends and compares the tech sector in Hawaii to
tech sectors in other states, controlling for state fixed effects. The tech sectors in other
states do not show any surge in mobility after July 2015, and the increased mobility
levels in the tech sector in Hawaii are generally higher than for the other states. Overall,
the surge in mobility in Hawaii after the ban is consistent with a release of mobility
restrictions, and suggests facilitation of reallocation by the CNC ban.

These graphical results for QWI mobility variables are confirmed by regression
results in Table 3. We find that there is an increase in the separation rate in the Within-
Hawaii analysis (Panel A), particularly relative to other industries in the Tech 2d sector
(Columns 1 and 5), and this is most pronounced in the short run (first four quarters) after
the passage of the ban (Columns 2 and 6). The overall increase of 1.25 percent relative to
other tech sectors in Column 1 translates to a 13.7 percent increase in mobility when
compared to the mean separation rate of 9.1 percent for the tech sector in the pre-ban
period. The point estimate is smaller in Column 3 (0.272 percent, or 3 percent of pre-ban
mean separation rate), though this overall effect is a combination of a surge in the short
run (0.753 percent or 8.3 percent of pre-ban mean separation rate) and a reversal in the
long run. In Panel B, relative to other states, the tech sector in Hawaii shows system-
atically higher mobility in both the short and long run, and across both QWI mobility
variables. The magnitude in Column 1 and Column 5 are very similar and is about 12.5
percent of the pre-ban mean separation rate. Results for the alternative mobility variable
in Columns 5-8 are similar to the overall separation rate variable in Columns 1-4, for
both panels. We note that the mobility patterns may have been affected by anticipation of
the passage of the statute, and in this context it is reassuring that the magnitude of the
effect we find from the ban (about 12.5 percent, comparing tech sector across states) is
similar to the 15.4 percent effect found for inventor mobility from the increase in
enforceability for Michigan stemming from a state supreme court decision (which may
have been less anticipated) in Marx, Strumsky, and Fleming (2009). Panel B of Table 2
examines a triple-difference specification for mobility variables, and we get consistently
significant effects, with magnitudes in line with that in the cross-state within-tech results.
In particular, we find a 10.75 percent increase in overall separation rate (0.00979/0.091,
in Column 3) and a 11.3 percent (0.0096/0.085, in Column 7) increase in beginning-of-
quarter separation rate.'

One challenge associated with studying the case study of a change for one state is that
the traditional DID inference approach may have shortcomings. In particular, as dis-
cussed in Buchmueller, DiNardo, and Valletta (2011), who study the effects of Hawaii’s
Prepaid Healthcare Act which mandated employer health insurance, standard inference
may be insufficiently conservative and clustering approaches may have shortcomings
because only one state experiences the policy change. We check and confirm statistical
significance of our estimates using two prominent alternative approaches used in the
literature in contexts similar to ours: (i) inference using a synthetic control group and (ii)

15. In Online Appendix B, we undertake a similar mobility analysis using data from the Current Population
Survey (CPS). While we are cautious about emphasizing these results given the small sample size of individual-
level data for technology workers targeted by the CNC ban in Hawaii, it is reassuring that these results show a
significant increase in mobility for targeted tech workers in Hawaii after the CNC ban, consistent with the
results using the QWI data.
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inference using permutation tests, also used by Buchmueller, DiNardo, and Valletta
(2011). In Online Appendix C, we check robustness of the Cross-State, Within-Tech
analysis, using a synthetic control group approach proposed by Abadie, Diamond, and
Hainmueller (2010). In this approach, a synthetic matched control is constructed based
on a weighted average of states, with optimal weights constructed so that the predicted
(from a factor model) dependent variable of interest for the synthetic control closely fits
the pre-treatment trend in the treated state. Inference of statistical significance uses a
variation of the Fisher permutation test, and goodness of fit (using a mean square
prediction error measure) relative to the synthetic control in the post-treatment vs. pre-
treatment for the “treated” synthetic state relative to placebo runs involving other states
(as in Figure 8 in Abadie, Diamond, and Hainmueller 2010). We undertook a synthetic
matched control analysis comparing the tech sector in Hawaii to the synthetic control
composite of the tech sector in others states.'® We obtain a good fit for pre-trends relative
to the synthetic control for all variables and find significance relative to synthetic control
at 7 percent for average hiring wage and and at 2 percent for mobility variables (but
lower at 19 percent for average wages).'”

In Online Appendix D, we verify the robustness of our results to a randomization
inference (or permutation test) approach (Hess 2017). The randomization inference
approach, analogous to Fisher permutation tests, collects estimates of Equation 2 across
500 replications that randomly allocate the tech indicator across four-digit sectors (in the
Within-Hawaii analysis) and across states (in the Cross-State analysis), allowing us to
examine how our point estimates compare with the distribution of potential point esti-
mates using similarly sized alternative subsets of industries and states. We find results
that are qualitatively consistent with those in the baseline analysis (Tables 1 and 2). In
particular, for wage variables, we find stronger significance for increase in average hiring
wage after the ban, and generally stronger significance when comparing tech sector in
Hawaii to the tech sector in other states. We also find stronger cross-state, within-tech
effects for mobility variables, with larger effects in the short-run period after the ban.

One caveat to keep in mind when interpreting our results is that the Hawaii statute
included a prohibition of “nonsolicit” clauses (intended to prevent ex-employees from
soliciting clients). Because these clauses are also broadly intended to discourage com-
petition from ex-employees, this could be viewed as another form of restriction on
competition; nevertheless, when considering implications of our results for policy in-
terventions, it should be noted that the effects we find arise from a prohibition of both
noncompete and nonsolicit agreements.'®

16. We use the Abadie, Diamond, and Hainmueller (2010) Stata procedure “synth.”

17. We also checked robustness of the DDD QW1 results to including industry—year—quarter log employment
as a control. This addresses a potential concern that coincidental labor supply shocks could drive workers out of
the tech sector in Hawaii; while such a supply shift (say facilitating exit for Hawaii workers) could be induced
by the ban on CNCs and so may not necessarily indicate the presence of some other shocks, results presented
in Online Appendix Table OA9 show that the DDD results are not materially affected by inclusion of log
employment as a control. Thus, changes in employment induced by other shocks are not spuriously leading to
the observed DDD estimates.

18. We want to note that we are unaware of research examining the effect of nonsolicit clauses on mobility
or wages. Further, media stories and discussions in the press about the statute mainly discussed noncompete
provisions, and the preamble (Section 1) of the statute (quoted in Footnote 9 above) repeatedly emphasize the
harms of noncompete clauses.
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IT1. Examining Cross-State Variation in CNC Policies
with Matched Employer-Employee Data

While the Hawaii analysis is a rare, policy-relevant opportunity to
identify how banning CNCs influences worker wages and job-to-job transitions, the
analysis has a few important limitations. First, Hawaii’s labor market is geographically
isolated, which raises concerns about the potential generalizability of the findings. Sec-
ond, because the changes are recent, we lack individual-level data examining how the
CNC ban may change long-term dynamics related to the evolution of wages within and
across jobs. Third, the ban on CNCs simultaneously banned nonsolicitation agreements,
suggesting that the effects we identified could be driven by the combination of the two
provisions being banned, rather than just CNCs. Motivated by these limitations, in this
section we bolster and extend the findings from the Hawaii experiment using employer—
employee matched data covering all workers from 30 states for 1991-2008."

The data come from the Longitudinal Employer-Household Dynamics (LEHD) da-
tabase at the U.S. Census Bureau and are derived from the universe of unemployment
insurance records of employees (the same source as the QWI data used above). There are
two advantages of the LEHD. First, the LEHD provides employment history data for
individual workers over a long horizon for a full spectrum of industries across a large
number of states that vary in CNC enforceability levels. Second, the quarterly admin-
istrative data on all firms provides a clear measure of job transfer, mobility, and wage ata
high frequency, largely free from selection issues that may arise in studies that use patent
or listed-firm executive employment data (Marx, Strumsky, and Fleming 2009; Gar-
maise 2011).

Despite these benefits, the main downside of the LEHD is that it does not cover a
time period with many major exogenous changes in the enforceability of CNCs to use
within-state variation to identify the causal effects. Garmaise (2011), for example, iden-
tifies several such changes, but only one of those changes occurs during our timeframe,
and Census disclosure rules require at least three states to have the same policy shock to
disclose the estimated coefficient.”® Given these limitations, the only feasible identi-
fication strategy is to exploit cross-state heterogeneity in the enforceability of CNCs,
which requires stronger identifying assumptions. Fortunately, cross-state variation in

19. The states in the LEHD (in order from weakest to strongest CNC enforceability) are California, Oklahoma,
West Virginia, Arkansas, Montana, Rhode Island, Virginia, Texas, South Carolina, Hawaii, Wisconsin,
Georgia, Nevada, Oregon, North Carolina, Washington, Colorado, Maine, Tennessee, Louisiana, Maryland,
Vermont, Indiana, New Mexico, Idaho, New Jersey, Illinois, Utah, Iowa, and Florida. Vilhuber and McKinney
(2011) provide detailed documentation for LEHD data.

20. Inparticular, while we find very strong correlation in CNC enforceability index ranks across 2009 and 1991
(both for our Starr index, as well as the Bishara 2011 index), Garmaise (2011) argues for changes in CNC
enforceability for three states—Texas (in 1994), Louisiana (briefly from 2001 to 2003), and Florida in 1996. Of
these, only Louisiana has data in our LEHD sample before and after the identified change as Texas joins the
LEHD data only in 1995 and Florida only in 1998. Two other changes identified recently in Ewens and Marx
(2018) fall within our sample window—Ohio (in 2004) and Vermont (in 2005). However, Ohio is not among
the 30 LEHD states available in our sample. This leaves only two states (Louisiana and Vermont) with potential
changes within our sample period. Therefore, per the Census disclosure requirement that at least three states
with common policy changes be included in any analysis, we are unable to examine these two within-state
changes using the LEHD data.
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the enforceability of CNCs is large, and several recent studies have created indexes that
seek to measure these differences (Bishara 2011; Starr 2019; Lavetti, Simon, and
White 2020).

A central challenge to using only cross-state variation in enforceability is the con-
cern that other omitted state-level variables may be correlated with our outcomes of
interest, as well as with CNC enforceability. We describe our identification strategy
and assumptions in detail in Section III.C below. The key idea is that we identify one
group of workers—specifically workers employed in the “technology” sector (as
defined below in Section III.C.1)—as those for whom CNC is likely to have a greater
impact, and make the assumption that only CNC enforceability (and not other omitted
state level variables) has a differential impact for this group of workers.

A. LEHD Data and Sample Construction

We construct two samples with the LEHD: a job-level (that is, worker—firm combina-
tion) data set and a worker-level data set that tracks workers within and across jobs (that
is, their employment history).?' In both data sets, we drop all left-censored jobs (that is,
individual worker jobs spells that started before the beginning of our panel period). We
do so because we do not know the lengths of the latent spells for these jobs (as we do not
know the start date of these spells) or the characteristics of these jobs at the beginning of
the spell, which we use to construct our job-level fixed effects (as described below).
Further, dropping these jobs avoids bias from stock sampling. We also drop workers
whose first-year annual income in the LEHD is less than $35,000 in 2008 dollars (close
to the 10th percentile of 2008 earnings in the tech sector per the 2008 Occupational
Employment Statistics), to focus on high-earning workers who are the most likely to
sign CNCs (Starr, Prescott, and Bishara 2021). Secondary jobs (defined by the share of
that job’s earnings to the worker’s total earnings) whose spell is continuing in parallel to
another job for the same worker are also dropped.*

In terms of our key earnings outcomes, in the job-level analysis we measure log
quarterly earnings at the 1st, 4th, 8th... 32nd quarters of the job spell, CPI-adjusted to
2008 dollars.>* We also examine log cumulative earnings within the job, and within-job
wage growth relative to the starting wage at the 4th, 8th... 32nd quarters of the job spell.
In our analysis across the worker’s employment history, which tracks wages regardless

21. We allow job spells of the previous job and the new job to overlap in a year—quarter in which the job
transition occurs. Moreover, because the firm identifiers from each state’s database are within-state identifiers,
we use the national-level firm identifier (ALPHA) available in the Business Register Bridge (BRB) for defining
the job. “ALPHA” is a cleaned longitudinal firm identifier. Using ALPHA ensures we do not wrongly capture
within-firm, interstate, or intrastate transfers as worker movements out of a firm.

22. Specifically, because we wish to focus on full-time jobs, we imposed a conservative earnings share
threshold to define the full time primary job. We noted that a job’s earnings share can be low when there is job
transition in the quarter (because earnings in the LEHD are quarterly aggregates). Taking this into account, we
dropped job records whose earnings share from the job is less than 75 percent of total quarterly earnings for two
consecutive quarters. For job spells that lasted for only a single quarter, we dropped the spell job when its
earnings share was less than 75 percent for that quarter.

23. The LEHD has quarterly earnings data. When the job spell ends at Quarter 41, we take the quarterly
earnings at quarter 4¢—1, because the earnings in Quarter 4 would not fully reflect the worker’s per quarter
wage level (for example, if the spell ends in the 28th quarter, then we use the quarterly wage aggregate from the
27th quarter instead of the 28th quarter).
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of whether the worker switches jobs,24 we use as a dependent variable, the camulative
earnings of the worker at the 4th, 8th, ..., 32nd quarters since the worker started their
employment history.

As before, we supplement the wage results with analyses of worker mobility. In the job-
level analysis, we measure the length of the job spell defined as the log number of quarters
the worker was employed at the firm. To mitigate concerns about right-censoring, we
restrict our sample to jobs whose spell started in 2000 or earlier for this analysis, so that we
have a minimum of eight years of observations for each worker.”> The second approach
avoids the right-censoring issue entirely by using a set of dummy variables for the job
spell surviving a given length of time as the dependent variables: a dummy variable with a
value of one if the job spell survives until the 4th, 8th, ..., 32nd quarter of its spell (or eight
years). These job-level analyses miss, however, the cumulative effect on job switches
across multiple jobs. Accordingly, we also examine the cumulative number of jobs taken
(in logs) and the number of state or industry switches (in logs) over the course of the
worker’s eight year employment history (estimated at the 4th, 8th... 32nd quarter).*®

B. Index Measuring Cross-State Differences in CNC Enforceability

A central component of our empirical approach with the LEHD data is to measure the
extent of CNC enforceability across states. We adopt the index derived in Starr (2019),
but before describing the specifics of the index, we begin with a brief overview of the
law and the ideal measure of CNC enforceability. States regulate CNCs, and states have
historically come to very different positions related to whether and the conditions under
which CNCs should be enforced (Bishara 2011). A handful of states (for example,
California, North Dakota) will not enforce CNCs related to job-to-job mobility (ex-
ceptions are made in the context of CNCs ancillary to the sale of a business). Prior work
on the California policy, which was adopted in 1872, has linked it to the growth of
Silicon Valley (Gilson 1999; Fallick, Fleischman, Rebitzer 2006).

All other states enforce CNCs that pass a “reasonableness” test, though the contours
of that test differs across states—what one state deems reasonable, another may not.
Various editions of a treatise on CNC enforcement across states edited by Malsberger
and coauthors (for example, Malsberger et al. 2010) provide detailed descriptions of
the conditions under which each state will enforce a CNC. All prior measures of CNC
enforceability review this treatise and score states on various dimensions of CNC en-
forceability (Stuart and Sorenson 2003; Bishara 2011; Garmaise 2011). These dimen-
sions include, for example, whether the state will enforce CNCs even if a worker is fired,
whether continued employment is sufficient consideration for the enforcement of a
CNC, and whether the state courts can rewrite or “blue-pencil” overbroad provisions. A
full list of the components in the index in Bishara (2011), which forms the basis for the
Starr (2019) index used in this paper, is provided in Appendix Table 2.

24. Because the LEHD covers only 30 states, examining worker-level outcomes (unlike job-level outcomes)
potentially carries measurement error due to movement of workers into noncovered states. See Section IIL.G.4
for evidence on the lack of correlation between the missing states and enforceability.

25. Nonlinear duration model estimations (for example, cox proportional hazard models) were not compu-
tationally feasible alternatives for our analysis, because our identification strategy utilizes high-dimensional
fixed effects.

26. For left-censored workers, the 4th, 8th, 32nd quarters of the worker’s employment history are measured
starting from the first job that is not left-censored.
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Existing indexes score several of these dimensions, with higher scores reflecting that
it is easier to enforce CNCs, and then aggregate these dimensions to obtain a state-
specific score. Garmaise (2011) reviews 12 dimensions of enforceability and gives each
dimension a score of one or zero. Bishara (2011) similarly scores seven dimensions from
zero to ten (again with higher meaning easier to enforce). Furthermore, Bishara—a
former practicing attorney who litigated CNCs—attempts to weight each dimension of
CNC enforceability on the basis of his subjective assessment of its importance, while the
Garmaise (2011) measure gives each dimension equal weight. This weighting is the-
oretically important. If we would like to measure the enforceability of CNCs in a given
state (defined as the probability of enforcement for a random violator of a CNC), we
would have to know not only the situations under which a state would enforce a CNC (as
captured in the Malsberger treatises), but also the probability with which those condi-
tions occur. For example, if a state enforces CNCs when a worker is fired, but such an
event is either rare or nonexistent, then such a policy will not have any real effect on the
probability of CNC enforcement.

We use the measure of CNC enforceability derived in Starr (2019), which uses factor
analysis of the seven underlying dimensions across all states of CNC enforceability
initially scored in Bishara (2011) for both 1991 and 2009, to back out an estimate of a
(latent) enforceability index for these years. The resulting index is normalized to have a
mean of zero and a standard deviation of one in a sample where states are given equal
weight; the index ranges from —4.23 for North Dakota to 1.60 for Florida. The scores for
1991 and 2009 have a correlation of 0.94, reflecting that during this time there is very
little change in how states enforced CNCs. We use the 2009 measure for our analysis.
Figure 3 presents the enforceability index scores by state. California and North Dakota
have the lowest scores, while the highest enforcing states are Florida and Connecticut.

A potential concern about the CNC enforceability index arises from the fact that the
measures for California and North Dakota are markedly lower than for other states.
Administrative constraints related to use of LEHD data preclude a straightforward ro-
bustness check in the form of excluding these two states. As an alternative, we undertake
and confirm robustness of all of our key results to using the rank of the indexes, which
significantly mutes the differences in levels (see discussion in Section II1.G).

A summary of states classified into three groups of high, medium, and low enforce-
ability, as well as a brief description of enforceability provisions in a typical state in each
group, is provided in Appendix Table 3. The index we use is not very different from, and
hence highly correlated with, the Bishara (2011) index used in the literature (for example,
Lavetti, Simon, and White 2020), as, rather surprisingly, the factor weights generated from
the factor analysis by Starr (2019) closely match the subjective weights used by Bishara
(201 1).27 The means for the dummy variable measure used in Stuart and Sorenson (2003)
by different enforceability groups are provided in Column 5 of Appendix Table 3 and
show that our measure is broadly consistent with their measure as well.

Enforceability of CNCs is not geographically clustered in a systematic way, as there
is significant variation within regions of the United States (Figure OAS in the Online
Appendix provides a geographic heat map of the index). To get a sense of what types

27. The R-squared in a univariate regression of the Starr index on the Bishara index is 0.976, and for a
regression of the ranks of the measure on each other is 0.937. The scatter plots showing correlation (in raw
scores and ranks) between the Starr (2019) and the Bishara (2011) indexes, as well as both the indexes for each
of the states are available in Figure OA7 in the Online Appendix.
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of characteristics may be associated with this measure of state CNC enforceability, we
examine how this measure was correlated with a range of state-level variables that
could plausibly affect worker wages or mobility, around the midpoint of our data period
(year 2000). Our analysis shows that our enforceability index has very little correlation
with state per capita income, state corporate tax rates, union density, right to work law
adoption, and different exceptions to the employment-at-will doctrine (taken from
Autor, Donohue, and Schwab 2006), which could impact worker firing and hence
mobility), with the R-squared from a regression including all seven state-level vari-
ables equal to 0.122.%®

C. Empirical Approach with LEHD Data

1. Identification assumptions and definition of “tech” workers

The key identifying assumptions for the cross-state LEHD analysis are the following:
(A1) the group of workers identified by us as “high technology” (high-tech or tech)
workers are more strongly impacted by CNC enforceability than other workers, and
(A2) other omitted state-level variables that may be incidentally correlated with CNC
enforceability have a similar impact on high-tech and non-high-tech workers.

Specifically, we assume that variable Y, that measures the outcome in a job spell (for
example, wage at end of Quarter 4 in a job spell) in state s and in sector k has the
following form:

Yis =0+ PBR;+YCNC,+3CNC, x I{Tech}, +eys

where R, represents a vector of (omitted) state-level regulatory or other characteristics
that can affect the outcome variable, CNC| represents our enforceability measure, and
I{Tech}, is a dummy indicator variable for if the sector k£ belongs in high-tech (the
definition of high-technology sector is explained in detail below). In general, the
omitted R variables could be correlated with CNC,, which makes it impractical to
recover an unbiased estimate of parameter y from cross-state regressions of the type we
use. However, because by our assumptions CNC (but not other omitted state-level
variables) has an additional impact on outcomes for job spells in the technology sector,
we can recover an unbiased estimate of 6 by including state fixed effects that condition
out the effect of R,. We want to note that under our assumptions, the estimated pa-
rameter § yields only the differential effect of CNC enforceability on the group of
workers we define as “high-tech” workers and hence must be interpreted carefully.*’

28. See Online Appendix, Figures OA9 and Table OA13, for results examining correlation of the CNC
measure to other state-level variables.

29. In particular, we want to stress three points. One, even with our maintained assumptions, a null estimate for
& only means that the differential effect of CNC enforceability for the job spells in the group of industries we
define as high-tech are not different from that of other industries, and it does not tell us about the overall effect of
enforceability on all sectors. Two, if the group of interest is a different subset of “technology” workers than who
we define here, our estimate would need to be suitably adjusted. For example, if we assume that our estimate is
entirely driven by a subset of “true” technology workers (say with actual science or engineering college
degrees), and if they form say 50 percent of the high-tech-sector job spells in our sample, then our estimates
would need to be adjusted by a factor of two to obtain the effect for those workers. (Note that, as discussed
above, our sample is restricted to workers with wage above $35,000 in the first year they are in the LEHD panel,
so the share of workers with college or advanced degrees is likely to be higher in our sample than in the overall
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The plausibility of our identifying assumptions rests importantly on our definition of
high-technology workers. We define a worker, or more accurately a worker—firm pair job
spell, as belonging to “high-tech” if the industry of the firm (as defined in the LEHD at the
start of the job spell) belongs to a “Technology Employer” industry NAICS code (ag-
gregated to three-digit level) per the classification in Paytas and Berglund (2004). This
definition uses a categorization of “‘science and engineering intensive occupations” based
on U.S. Bureau of Labor Statistics Occupational Employment Statistics (OES) codes,
developed by Chapple (2004), and an occupation—-NAICS employment concordance
provided by the Bureau of Labor Statistics to obtain the share of employment in science
and engineering intensive occupations for each NAICS code. Paytas and Berglund then
define “Technology Employers” as those NAICS industries where the share of employ-
ment in science and engineering intensive occupations exceeds three times the national
average (that is, a cutoff of 9.98 percent, as the national average was 3.33 percent in 2002).
We aggregate this definition to the NAICS three-digit level. Job spells in these “Tech-
nology Employers” industries form our treatment group, hereafter referred to as “high-
tech” or “tech” jobs, whereas jobs in “Other Industries” are referred to as “nontech jobs.”

Given our definition of “high-tech” jobs, we believe Assumption Al is plausible for
two reasons. First, using nationally representative survey data, Starr, Prescott, and Bishara
(2021) conclude that “the use of noncompetes is highest for technical occupations
(computer, mathematical, engineering, architecture) in the manufacturing and informa-
tion industries.” Because our definition of high-tech workers relies on share of science and
technology occupations within the sector, it is likely these workers are more subject to
noncompetes and hence more likely to be impacted by CNC enforceability. To provide a
sense of the differential in the use of CNCs across sectors, we note that Starr, Prescott, and
Bishara (2021) find that 26.3 percent of workers in Information, Mining and Extraction,
Manufacturing, or Professional, Scientific, and Technical Services sign CNCs, compared
to 15.6 percent in other industries. Second, the sectors we define as high-tech are more
intellectual property—intensive, as reflected in the commonly used (albeit imperfect)
measure of patent counts. Specifically, our estimation using USPTO and QWI national

economy.) Three, while a secondary motivation for our choice of high-tech industry is to examine whether
high-tech workers as a group are indeed differentially affected by CNC and hence worthy of targeted policy
interventions (such as for Hawaii), even if the differential effect on wages and mobility for high-tech are not
significant, our analysis would not rule out the impact of enforceability on other welfare-relevant outcomes,
such as extent of knowledge spillovers, new venture creation, or innovation being higher for the high-tech
sector (justifying policy targeted to easing CNC enforceability for these sectors). In addition to interest from
policymakers (for example, as in Hawaii), prior literature (for example, papers using data on inventors) on
CNCs has treated technology sector as the distinctive group of interest, and others argue that mobility of
technology workers is uniquely important for the development of high-technology clusters (Gilson 1999; Hyde
2003; Fallick, Fleischmann, and Rebitzer 2006).

30. That is, every three-digit sector where any four-digit subsector belongs to the Paytas—Berglund list is
classified as high-tech for our analysis. The list of these technology employer industries (Table 1 in Paytas
and Berglund 2004) is provided in the Online Appendix (Table OA10), and we provide summary statistics on
workforce characteristics (average log wage, separation rates, and demographics) by technology sector and
enforceability in Online Appendix Table OAlla, using the QWI publicly available data workers (albeit
not limited to those with >$35,000 annual wages that we use in our LEHD regression analysis). Tech-sector
workers have higher wage, lower separation rates, are more male, smaller share of young workers and larger
fraction in large firms, with this pattern similar across states with different enforceability levels. Separation rates
and employment share of young are larger, and employment share of large firms are smaller, in low en-
forceability states (both for tech and nontech sectors). As discussed in Section III.C.2, our fixed effects controls
for (interacted) firm size, gender, and age effects.
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data for the period 2000-2004 (where QW1 national coverage is more complete than prior
years) shows that these sectors accounted for 62.1 percent of all patents granted in this
period, while accounting for only 14.5 percent of total employment.>’

Assumption A2 is an important one that we believe is plausible for several potential
sources of omitted variable bias. For example, other labor regulations (such as excep-
tions to employment-at-will examined in Autor, Donohue, and Schwab 2006)32 could
be expected to impact firing (and hence mobility and wages) for a broad set of industries,
not just the high-technology industries. However, any characteristics correlated with
wages and CNC enforceability that have a differential relationship with tech or non-
high-tech workers would lead to a violation of A2 and bias our estimates. In a key
robustness check, we relax ASSUMPTION A2 by making a weaker assumption that the
subgroup of more highly paid workers within the high-tech sector are more strongly
impacted by CNC enforceability and that other omitted factors do not impact this
specific subgroup differently. This approach is discussed briefly in Section II.G and in
more detail in the Online Appendix A.

One particular weakness of Assumption A2 is that other state-level characteristics
could influence selection of certain types of (for example, larger) firms or (for example,
younger or more male) workers into a state, and these firms or workers may be asso-
ciated with different levels of mobility or wages specifically for the high-tech sector. For
example, if young male workers in high-tech are highly mobile, and young workers are
attracted to low CNC locations (for example, California) because of other factors po-
tentially correlated with enforceability, then we might find higher mobility associated
with low CNC enforceability induced by this selection. Fortunately the richness of the
LEHD data allows us to include a very rich set of interacted {sector by firm size by
worker age by gender by initial wage by job-spell starting year} fixed effects that
flexibly condition out biases from this type of sector—worker—firm—cohort selection
effects.

2. Empirical specification

Equation 4 displays our estimating equation for the job-level analysis, which captures
the differential relationship between CNC enforceability and outcomes for tech versus
nontech workers, with additional subscripts to capture additional details in our actual
estimation:

(4) Y=o+ 3CNC, X I{Tech} + o+ FE(i, j, k. )+ YFB; + &,

Similar to the discussion above, Yy, denotes a job-spell-level outcome variable of
interest (for example, wage at end of Quarter 1 of the job spell). The subscripts i, j, &, I,
and s denote individual, job spell, industry, firm, and state, respectively. Our coefficient
of interest is &, which estimates the differential association between CNC enforceability

31. We thank Nathan Goldschlag for sharing USPTO patent count data by NAICS four-digit sectors, which he
and coauthors put together in connection with the work on Goldschlag, Lybbert, and Zolas (2019). The
summary table is provided in the Online Appendix (Table OA11b).

32. Asdiscussed above, we verify that the different exceptions to the employment-at-will doctrine studied by
Autor, Donohue, and Schwab (2006) have low correlation with our enforceability measure (Online Appendix
Table OA13).
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and the dependent variable for high-tech jobs relative to nontech jobs. CNCj is the 2009
CNC enforceability index measure (defined as discussed in Section III.B above) of the
state where the job spell is observed. I{ Tech }  is one if the firm of the worker—firm pair is
in one of the “Technology Industries” (defined as discussed in Section III.C.1 above). X
denotes state fixed effects, which subsumes the main effect of CNC enforceability and
controls for the direct effect of omitted state-level variables that affect wages and
mobility. In addition to these basic controls, we include the aforementioned fixed effects
in FE(i,j,k,[). Each joint fixed effect defines a group of jobs that are common (that is,
fully interacted) in terms of their three-digit NAICS codes, job-spell starting year, firm-
size group, job-spell starting-wage group, job-spell starting-age group of the worker,
and gender of the worker.>® FB; is a dummy that denotes whether the worker is foreign-
born, which we include because foreign-born employees are subject to visa-related
employment eligibility constraints that may affect their mobility (and wages).

For the worker-level analysis of career outcomes (in Section IIL.LE), such as cumu-
lative number of jobs taken, cumulative wages, and cumulative number of states (or
industries), the CNC enforceability measure is that of the state in which the worker’s first
job is located. The job-level variables and the job-level fixed effects are based on the
initial characteristics of the first observed job.

D. Job-Level Results

We first corroborate our baseline findings in the Hawaii analysis by examining the job-
level results. Table 4 presents the mirror of our Hawaii results in the context of our
LEHD Analysis, tracking the relative effect of a one standard deviation increase in CNC
enforceability on tech versus nontech workers. We observe a persistent negative relation
between enforceability and wages. The coefficient 6 ranges from 0.5 percent to 0.7
percent for high-tech jobs compared with nontech jobs in a given quarter, and lower
earnings of 2.5 percent in the quarter hired. To put these estimates in context, assuming a
uniform causal effect over the distribution of enforceability scores, applying the average
enforceability score to a nonenforcing state (a difference of four standard deviations)
suggests that moving from a ban to average enforceability would be associated with
2-2.8 percent lower wages for the average technical worker in a given quarter. The
coefficient estimates and the 95 percent confidence intervals, translated to reflect the
effect of applying the average enforceability score to a nonenforcing state (a difference
of four standard deviations), are plotted in Figure 4. The wage profile is relatively flat, so
the wage penalty of CNC:s is similar in log difference terms over the job tenure. Column
1 of Table 4 presents results on the initial start of job spell wage (this specification
naturally excludes initial wage fixed effects)—consistent with the results for new-hire
wages for Hawaii, we find that initial wages are lower in states with higher CNC
enforceability. Thus, there is no evidence that lower wages later in the job spell are offset
by higher initial wages. Overall, the results are consistent with a reduction in bargaining
power starting early in the job tenure of tech workers.

33. Firm size is the maximum number of quarterly workers employed at the firm in the year when the job spell
started, grouped in quartiles. Starting wage is defined by a categorical variable, with 11 categories along the
distribution of starting wages of jobs within three-digit NAICS codes (this particular dimension is omitted in the
analysis of starting wages, cumulative wages, and wage growth). Starting age is the worker’s age in the job’s
first year in quartiles of the distribution of starting ages for all jobs.
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Figure 4

CNCs and High-Tech Workers’ Wage across Job Tenure (LEHD)

Notes: This figure plots the coefficient estimates of the differential relation of CNC enforceability with wage,
for high-tech jobs relative to nontech jobs, translated to reflect the effect of applying the average enforceability
score to a nonenforcing state (a difference of four standard deviations) and the associated 95 percent confidence
intervals. Wage is the log of quarterly wage at 4th, ..., 32nd quarter of the job spell. Data are from the LEHD
(1991-2008).

Next, in Table 5, we examine the relation between CNC enforceability and workers’
cumulative wage and wage growth across job tenure. We measure wage growth as the
difference between the log of monthly earnings at 4th, 8th, ..., 32nd quarters of the job
spell and the log of initial wage of the job. The results show that cumulative wages
decline with CNC enforceability for tech workers, and the magnitudes of these declines
increase over job tenure. For wage growth, the negative coefficient on CNC enforce-
ability displays a U-shaped pattern. To provide context for the coefficient estimates, the
results in Panel A suggest that applying the average enforceability score to a none-
nforcing state would be associated with 4 percent lower cumulative earnings eight years
into a job for the average tech worker relative to a nontech worker.

We next examine the duration of jobs. Table 6 presents the differential effect of CNC
enforceability on mobility from estimating Equation 4. The column titles denote the
dependent variables for each of the specifications. We find that an increase of one
standard deviation in the enforceability score is associated with a 1.5 percent increase
in the mean job-spell duration (Column 9). This is driven by rightward shifts in the
job-spell distribution in higher enforceability states beginning in Year 2 (Column 2).
An increase of one standard deviation in enforceability is associated with a 0.5
percentage points increase in the probability that a job spell lasts at least eight years
(Column 8). Given that only 12.4 percent of all job spells last eight years, a one-
standard-deviation increase in enforceability increases the likelihood that the job lasts
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Figure 5

CNCs and High-Tech Workers’ Job Duration across Job Tenure (LEHD)

Notes: This figure plots the coefficient estimates and the 95 percent confidence intervals of the differential
relation of CNC enforceability with job duration, for high-tech jobs relative to nontech jobs (from Table 6),
translated to reflect the effect of applying the average enforceability score to a nonenforcing state (a difference
of four standard deviations), normalized by the mean probability of surviving to the end of that quarter. For
example, the point estimate of 0.0.0052 for the 32nd quarter (column 8 of Table 6) translated for the effect
of a four standard deviation change yields 4 X 0.0052=0.0208; this is normalized by the mean probability
of surviving to Quarter 32 of 0.124 (from Online Appendix Table OA2) to yield the plotted point of
0.0208/0.124=0.1677. Job duration is measured as the dummy variable for the spell surviving at 4th, ..., 32nd
quarter of the job spell. Data are from the QWI, 2013Q2-2017QI1.

at least eight years by 4 percent (0.5/ 12.4).3 Applying the average enforceability
score to a nonenforcing state would imply a 6 percent increase in the mean job-spell
length (similar to the 8 percent observed in Marx, Strumsky, and Fleming 2009) and
a 16 percent increase in the likelihood that jobs last at least eight years. Figure 5
presents a graphic illustration of the coefficient estimates and the 95 percent confi-
dence intervals in Table 6, translated to reflect the effect of applying the average
enforceability score to a nonenforcing state (a difference of four standard deviations)
relative to the mean probability of surviving to that quarter. The increase in the effect
of CNC enforceability on the relative mobility of tech workers over the tenure profile
is consistent with employees gaining more intellectual capital and, hence, being more
strongly targeted by firms for CNC enforcement.

Together, the results in this section corroborate the baseline patterns observed in the
Hawaii analysis: CNC enforceability is associated with longer job spells and with lower
wages both initially and throughout the job spells.

34. Summary statistics for all dependent variables are presented in Online Appendix Table OA2; the popu-
lation mean for the dummy indicator of job spell surviving more than 32 quarters is 0.124.
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E. Career Outcomes across Employment History

In this section, we exploit the richness of the LEHD data to extend the frame of analysis
beyond single job spells (as in Section IIL.D above) to examine if and how the CNC
enforceability level in a state where a worker started their initial job impacts cumulative
earnings and job transitions across the span of the worker’s career.

In Table 7, for cumulative earnings (Panel A) and mobility (Panel B), we observe
persistent differentials associated with CNC enforceability. In Panel A, we find a gradually
increasing and then decreasing wage suppression with CNC enforceability across em-
ployment history, such that eight years after starting a job in an average enforceability state
a worker has on average 4.6 percent lower cumulative earnings relative to an equivalent
worker who started a job at the same time in a nonenforcing state. For mobility, we find
that the magnitude of the decline is gradually increasing across employment history, such
that a one-standard-deviation increase in enforceability is associated with a 2.1 percent
decrease in the number of jobs after eight years, which translates to an 8.2 percent
differential (or about 0.22 additional jobs as mean log cumulative jobs after eight years is
0.939), when comparing an average enforceability state to a nonenforceability state.

One notable distinction between the cumulative earnings regressions at the career
level (Table 7) versus at the job level (Table 5) is that the latter are conditional on the
employee staying in the same job at the tenure examined (for example, the end of Quarter
24 analysis in Table 5 is conditional on workers staying in the job until Quarter 24). The
mobility results (Table 6) suggest that high-tech workers in higher enforceability states
have longer job spells than nontech workers. Thus, the estimated coefficients for the job-
level wage regressions could be affected by a composition effect, with the direction of the
effect depending on whether the workers that quit in low-enforceability states would
have had higher or lower earnings had they stayed on than the average for those who did
not quit. To the extent that the more productive workers are more likely to find job
opportunities, the coefficients in the job-level analyses would be biased toward zero. The
larger magnitudes of the coefficients in Panel A of Table 7 compared with those in Table
5 suggest this is indeed the case.

F. State- and Industry-Switching Behavior across Employment History

If variation in CNC enforceability were indeed material as our previous results suggest, one
way to circumvent CNC enforceability would be to transfer to jobs outside the geographic
scope of the CNCs (for example, the state) or to jobs in other industries. In this subsection,
we examine the total number of state switches, industry switches, state but not industry
switches, and industry but not state switches across the workers’ employment histories.
The analysis is conducted at the worker level, similar to the analysis in Section IILE, and
we use the same specifications, except we replace the dependent variables with log (1+
cumulative number of state switches), log (1 + cumulative number of industry switches),
and log (1+cumulative number of state-but-not-industry-switches), and log (1+ cumu-
lative number of industry-but-not-state-switches). We define state and industry switches
as changes in state and the three-digit NAICS code of the worker’s employer, respectively.

In Table 8, we observe a greater frequency of state switches for high-tech workers with
initial employment in a high-enforceability jurisdiction, compared with nontech workers
(Panel A). In contrast, greater enforceability is associated with a negative differential
effect on the number of industry switches for workers in high-tech industries across their
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employment history (Panel B). Panel C and Panel D show that what is driving these
contrasting results is that greater enforceability is associated with workers switching
states but not industries.*

These results suggest that while tech workers in high-enforceability states are more
likely to switch states to avoid enforcement, they appear to have greater industry-specific
human capital, so they are more likely to stay within the industry when they change jobs.
This is consistent with greater investment in industry-specific human capital (or endog-
enous location of activities requiring industry-specific human capital) by firms in high-
CNC locations (Marx 2011; Starr, Ganco, and Campbell 2018). Taken together with the
baseline results of the significantly lower frequency of job changes by tech workers in
high-enforceability jurisdictions, these results suggest that CNC enforceability places
noticeable constraints on the frequency and direction of worker mobility across jobs.

G. Robustness Checks

We perform several checks to assess the robustness of the aforementioned results.

1. Triple difference between high and low-wage jobs within tech

As discussed in Section III.C.1, a key assumption (A2) in our baseline pseudo DID
approach is that omitted state-level variables, unlike CNC enforceability, do not
differentially impact tech-sector workers. We relax this assumption by making a
narrower assumption that the mobility and wages of only the highest paid tech
workers are differentially impacted by CNC enforceability. This affords a triple dif-
ference DDD approach that allows for state-by-industry fixed effects, where we
compare differences in impacts for the highest paid (top 2 percent) tech workers
relative to other tech workers net of the analogous difference between the highest paid
and other workers in nontech industries. Online Appendix A provides a detailed
discussion of this analysis, and the results presented there confirm that there is indeed
a differential lowering of mobility and wages for the highest paid subsegment of tech
workers in locations with higher CNC enforceability, as expected.

2. Local labor market thickness

One potentially important concern is that unobserved local labor market thickness
may be (incidentally) negatively correlated with enforceability and also correlated with
greater wages and mobility (as thicker markets could imply greater competition among
labor-demanding firms, as in Cahuc, Postel-Vinay, and Robin 2006). We repeat our
main analysis of job-spell duration and wages, controlling for local labor market

35. We also examined how CNC enforceability affects the worker’s decision to switch state (or industry) at the
point of job transition. For this analysis, we estimate Equation 4 having the outcome variables as the binary
choice of switching state (or industry). Each observation in the estimation sample is the worker—job—year—
quarter observation at the quarter of job transition. Thus, the regressions estimate the differential effect of CNC
enforceability on the probability of switching state (or industry), conditioning on job transition and controlling
for the job characteristics of the pre-transition job. The results, reported in Online Appendix Table OA4, show
that workers in high-tech industries are more likely to switch state but not industry, and they are less likely to
switch industry but not state, at job transitions in high-CNC-enforceability states. This set of results is con-
sistent with the results in Table 8.
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thickness proxied using total employment in state/three-digit NAICS code/year (in
logs). The results (available in the Online Appendix Table OA3) are remarkably similar
to the baseline results.

3. Using CNC ranks instead of raw score

Another potential concern is that California’s large economy and near-complete CNC
nonenforceability (an outlier among the CNC scores used in the baseline analysis) could
be inordinately influencing the results. We therefore repeat our analyses in Section II.D,
using ranks of the 2009 CNC enforceability index scores, which is free from extreme
values by construction. The 2009 CNC enforceability index score ranks are assigned
integer values of 1 to 50 across the 50 state values and are standardized (to have mean
zero and standard deviation one). Larger values correspond to stronger CNC enforce-
ability, and smaller values correspond to weaker CNC enforceability. In results pre-
sented in the Online Appendix (Table OA6 and Table OA7), we find that estimates using
CNC ranks are very similar to those using CNC scores in terms of statistical significance
and signs, and the magnitudes are similar as well (for a hypothetical change moving
from California to Florida).

4. Balance of enforceability measures across missing and available states

Because the LEHD data we had access to does not cover all 50 U.S. states, there could be
abias as aresult of workers’ relocations to missing states. For example, when a worker is
transferred to an establishment of the same firm that is located in a non-LEHD state, we
lose track of the worker, potentially yielding a right-censoring in the spell measure. If
firms relocate workers from low-enforceability states to high-enforceability states to
protect their knowledge, and if the missing states have higher levels of CNC enforce-
ability, there would be a positive bias in the estimated effect. However, a #-test for
difference in the enforceability index scores between the states included in the LEHD
and the states not included in the LEHD yields a p-value of 0.83, suggesting there is no
significant difference in mean CNC enforceability scores across states in and out of the
LEHD sample, which alleviates such a concern.

5. Robustness of job-spell analysis to using alternative samples

Finally, due to right-censoring, we restricted the sample to jobs that started in the year
2000 or earlier for our analysis of job-spell lengths. In an unreported analysis, we find
that the results for the log of job-spells analysis are robust to the sample of non-right-
censored jobs that started in the year 2000 or earlier. We also repeat the job survival
analysis and the wage analysis on the sample of jobs that started in year 2000 or earlier
and find that the results are robust. The estimation results are available upon request.

IV. Discussion
This study uses a recent natural experiment in Hawaii and detailed

matched employer—-employee data from the U.S. Census Bureau to examine how CNC
enforceability affects wages and employee mobility for workers in the technology
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sector. The longitudinal analysis of the recent ban on CNCs for tech workers in Hawaii
suggests that the ban increased wages at hiring for tech workers, as well as mobility. In
the cross-sectional analysis, higher CNC enforceability is associated with longer job
spells, a greater likelihood of leaving the state, and a reduced propensity for cross-
industry movement for tech workers. Most importantly, we also find that compared with
their peers in low-enforceability states, tech workers in states with high enforceability
receive reduced wages throughout a given job as well as over their career.

Our analysis of the Hawaii policy change is the first study of the impact of a complete
ban on CNCs. Our cross-sectional analysis using the LEHD is the first to use com-
prehensive employer—employee matched data to examine the relative effect of CNC
enforceability on tech workers, and it fills two important gaps related to: (i) variations in
the effect of CNC enforceability over a worker’s career and (ii) joint state—industry
switching behavior to circumvent CNCs. Regarding the latter, we find nuanced results
for job switching: there is increased propensity to move across states but decreased
propensity to switch across industries, explained primarily by tech workers who leave
the state but stay in the same industry. These results are consistent with greater in-
vestment in industry-specific human capital (or endogenous location of activities re-
quiring industry-specific human capital) by firms in high-enforceability locations (Marx
2011; Starr, Ganco, and Campbell 2018).

Our finding of lower mobility of tech workers from CNC enforceability (both from
the analysis of the Hawaii noncompete ban and from the cross-sectional analysis using
LEHD data) is consistent with prior studies of CNC enforceability and mobility, such as
Marx, Strumsky, and Fleming (2009); Marx, Singh, and Fleming (2015); and Garmaise
(2011). The two former studies find that inventor mobility was reduced and redirected
out of state following Michigan’s reversal of its policy not to enforce CNCs. Based on
within-state changes in enforceability, Garmaise (2011) finds reduced intra-industry
mobility among top executives. Relative to these studies, our examination of job spells
covers a significantly larger and less-selected sample that tracks mobility for all tech
workers with greater accuracy. In particular, our data avoid four limitations of mobility
measurement using inventor patent filings (discussed in detail in Agarwal, Frake, and
Ganco 2018).3¢

Over the employee job spell for tech workers, we find that the potential impact of
CNC enforceability on the duration of the job spell is lowest at short tenures, but rises at
longer tenures. These results are consistent with CNCs being enforced only after
workers gain or learn significant appropriable intellectual capital, indicating that CNC
enforceability has a smaller effect early in the job tenure.*” The higher impact at mid-
tenure is consistent with Lazear and Gibbs (2014, p. 82-85), suggesting that the value of

36. One, a small percentage of firms patent (see for example, Balasubramanian and Sivadasan 2011), and
within them only a small percentage of technical workers file patents. Two, even among patent filing workers,
mobility can be tracked only for those workers that file multiple patents. Three, even for a worker with multiple
filings, any completed job spells between the two consequent patent filings are missed. Four, even when there
are no intervening spells, the timing of moves is difficult to pin down when the patenting is infrequent. We thank
a reviewer for highlighting and suggesting inclusion of these points.

37. Further, in a Jovanovic-type learning—matching model, initial separations may be reflecting lack of fit
between the worker and the firm, and such separations may in fact be mutually beneficial and therefore
unrestricted by the firm, even when a CNC is enforceable.
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a worker to a firm is highest for mid-career workers, making it more likely that firms
enforce CNCs on such workers.

Lower mobility alone does not necessarily imply a negative effect on workers. Workers
may trade off mobility in return for higher wages resulting from increased firm invest-
ments in their human capital. For instance, Lavetti, Simon, and White (2020) find that
physicians who sign CNCs have higher earnings and earnings growth. In contrast, we
find that stricter CNC enforceability is associated with lower wages, both initially and
throughout the tech worker’s tenure.*® In this respect, our results are similar to those in
Garmaise (2011) and Starr (2019). The wage analysis in Hawaii finds similarly sized
short-run increase in wages for hires following the ban on CNCs for tech workers.

Our last finding examining outcomes over the career of a tech worker suggests that
starting a job in an average enforceability state—regardless of whether the individual
eventually leaves their initial job or state—is associated with reduced earnings of 4.6
percent eight years after starting the job compared to a tech worker in a nonenforcing
state. This finding is important because, contrary to models in which early training or
information sharing investments will increase productivity and thus worker pay in later
periods (that is, Rubin and Shedd 1981), it suggests that the dominant effect of CNC
enforceability for the average technical worker is to depress wages (relative to nontech
workers).

Together, our results strongly suggest that CNC enforceability lowers worker welfare,
consistent with CNC enforceability reducing workers’ bargaining power relative to the
firm and “locking” them into their jobs, as argued by Arnow-Richman (2001, 2006), and
consistent with the lack of negotiation over CNCs observed in Starr, Prescott, and
Bishara (2021). Our results are thus consistent with CNC enforceability creating mo-
nopsony power, leading to deviations from the law of one wage, reducing the elasticity
of labor supply (Bhasker, Manning, and To 2002; Manning 2011; Ashenfelter, Farber,
and Ransom 2010), and dampening labor market dynamism (Furman and Krueger
2016).

In line with Krueger’s (2017) concerns about CNCs facilitating collusion quoted at
the beginning of the paper, our findings also highlight a potential similarity between
labor market collusion and the enforceability of CNCs. The “gentleman’s agreements”
signed by Apple, Google, and many other tech companies in California to not recruit
each other’s employees served to reduce both wage competition and mobility between
competitors (Helft 2009).%° Mukherjee and Vasconcelos (2012) model these agree-
ments as alternate mechanisms for extracting surplus from productive workers, and our
findings suggest that the outcomes for tech workers from high CNC enforceability may
be similar to those due to labor market collusion under oligopsony (Krueger and Posner
2018).

38. A potential reason for the difference is that we examine effects of enforceability that impacts the institutional
setting and hence the bargaining power of workers relative to employers, which is distinct from the potential
effects of endogenous decisions by individual workers to sign CNC agreements. Workers may be able to negotiate
higher wages and wage raises in return for signing a CNC agreement (Black and Loewenstein 1991).

39. In his deposition during the Department of Justice investigation into the Silicon Valley gentleman’s
agreements, George Lucas said “[We] could not get into a bidding war with other companies because we don’t
have the margins for that sort of thing.”



Balasubramanian, Chang, Sakakibara, Sivadasan, and Starr  S389

A)nyes Iemey ay) ur  ssouisng ASojouyod),, Jo uonuyep
AY) UM PIOJUOD 0} ‘SAOIAIRS pue ‘Juawdo[oAdp ‘USISIP IBMIJOS JOA0D JBy) SUONEDIJISSE[d Ansnpul NSIP-Ioj [MO S paulap st YoL,, 2ym ‘7OS107—cOE 10 poued
oy ur ‘xaprenb oy o SuruurSoq oY) ur MEMBH UL SALSNPUI  Yda),, Ut soakojdwa ()£ 4G 9Se10AL UO 210M QI9Y) JBY) SABIIPUI | MOY ‘7 uwinjo)) ‘Ojdurexa 104 “(10L107—-20E107)
e1ep IO oy ul pourad ueq-isod pue -axd ay ur suoneredas pue ‘sany mau quawAo[dwd 1a)renb jo Suruuidaq Jo Joquinu [810) A Jo AFeIoAR Ay sjudsald 9[qe) SIY L, :SAION

6TET8T 695 09L°18¢ THOPL 695 €LOVL ueq G10g AInr-1sod
00Z°68T €66 LY9°88T OLLVL €56 SITYL ueq G107 Anf-21d (1re) suoneredag
LSTVIE 0SS 9€9°€ 1€ LYS9L 0SS L66°SL ueq G107 Anf-1sod
698°€6T 80S T9€°€6T 658°L9 80S ISE°L9 ueq G107 AInf-214 SN MAN
SLY00T'S  VYLS'S  T06F61C  SE6°61S YLS'S T9€PIS  ueq S10T AInf-1504
606°066C  OLY'S  8€H°S86T  ¥80°00S 0LY'S Y19v61 ueq G107 Amf-o1d  JuswKo[dws 1openb jo Furuuidoq
9 (9] (¥) (©) €] (D
[®10L, H IH-UON ®0L, o], LERILN;

UO9L-UIIIAN ‘QJBIS-SSOID)

eMeH-UIIAL ‘A1snpuy-sso1))

020z Wb1AdoD 20z ‘0T 11idy uo 1s9nb Ag Wou ) pepeojumoq

42140N() 12d suonpavdag puv ‘saanf ‘saakojduisg fo 4aquinpN p10f 284207 —DIDT [MO

I d1qe], xipuaddy

xipuaddy



S390 The Journal of Human Resources

(panuruod)

800

€ro

0ro

cro

600

S00

c00

0oro

0ro

01°0

"UOT)RIOPISUOD JUIOINS

9q pInoMm SwId} Ul d3ueYD [RIOJULQ B Jou JudwAojdwa

PaNUNUOD JAYIISU UM JEIS B 0] () PUB QUAdIINS

Sem SUuLId) Ul Q3UBYD [BIO1JOUI] B ATUO QIdYM 9Je)S B 0) G

punoie ‘93adwod 01 10U JUBUIA0D & 110ddns 0} Juaroyns skeme
ST JuoWAo[dWwo PaNUNUOD IYM 3JeIS B 0] ()| Jeau JO ()| JO 210§

JUAIdIYNS

JoAau st JuawAo[dwa Jo 11eIs Yy 2I2yMm IS © 0] () pue

QUAIDIJNS SAWIIOWOS ST JudWAO[dWa JO 1Ie)s Ay} 2IYM 2Je)s

® 0] G punore ‘919duwod o3 jou JuruaA09 € 110ddns 03 Juaroins
sAemre sI JudwAo[dwa JO 1Ie)s oY) 2IayMm Jels B 0] () JO 2J00§

1oKodwe ay) uo jooid jo uoping Fuons e

sooed Jeyp 91e)s € 0) () pue ‘Tokojdwa oy} uo paoerd uoping oy}

0] yoeoidde paoueleq e sey jey 9je3s e 0} § ‘rokordure pgrurerd
a3 uo jooid Jo uaping yeam e saoe[d jey) 2Jels ' 03 ()] JO 100§

“1oKordwd oy 10 3sa10)ur 9[qe1d9101d pojIwI]

paulep A[oLIs B sey] Jey) IS & 0) () PuR ‘Isaraiul a[qeldajord

e Sururgop o) yoeoidde paoueeq € sey Jey) 23els € 0 G 1SaIajul
J1qe10a301d paulyop A[peolq & sey Jey) 2Jels & 0] ()| JO 210§

JUSWADIOJUD

SIOARJSIP JeU} 9J1Je)s © ey Jey) 9Je)s B 0] USAIS Sem () pue

JUSWAI0JUD 0} Yoroidde si1 Ul [ennou Sem Jey) JnJess B pey

JO Q)NJeIS B 9ABY JOU PIP JOYIIR JBY) RIS B 0} G JUIWIDIOJUD
3uons sIoAe] Jey) 9Jmels B sey jey) 2Jels B 0] ()| JO 2109§

un3aq sey diysuonerar
JjuowAo[dwa oy 19)Je OJul pardjue 93dwod
0) Jou JuBUAA0D ® Joddns 01 uoneIIPISUOD
juardrgns apraoad juswAodwe panunuod [[Ip
(un3oq sey drysuonerar juswkordwe ay) 19y
0JUI PAIAUL Jjodwod 0} Jou JueudA0d € 1oddns
0] UOnBIAPISUOD Juargns apraoid juowkordurs
JO SUONIPUOd pue SWIA) Y} Ul AZUBYD B [[IM
:0¢ % q¢ uonsan(),, :uondoour-jsod uonerapIsuo)
{JUBUIAOD
9y) 1oddns 03 uonRIOPISUOD JUAIOLYNS dpIA0Id
diysuonerar yuowAordwa oy jo uondoour
Y} 1k 9)odwod 03 JOU JUBUAAOD € JO Furu3Is
) se0( B¢ uonsang),, :uondoour Je UONLIIPISUOD)

- 92dwod 0] JOU JUBUIAOD J[QBIIIOJUD UL
JO 90U)SIX? A} 9A01d 03 MOys 0} 9qe 2q Jnure[d
Isnw Jey A\ 1€ uonsang),, :Jooid jo uaping s, gnured

«{PaULIop
Jey) SI MOY pue Jsa1oyul 9[qe)odjoid s 10kordwo
ue ST JRUA\ 7 UOnsany),, :SAIUI [qeI0}01]

«,92duwoo 03 Jou SJUBUOA0D JO AN[IqEOIIOFUD oY)
su10A03 Jeyy uonedrdde [e1ouad Jo 9njels AelS
© a10y) ST :T uonsany),, :KJIqeadIousd Jo AJneIs

WSO IYSTOM
ereystg

1S

3un00g

uonsand)

xopuj £31]1qad40fus] 212dui0OUON JO UOINAISUO))
7 dqeL xipuaddy

020z Wb1AdoD 20z ‘0T 11idy uo 1s9nb Ag Wou ) pepeojumoq



Balasubramanian, Chang, Sakakibara, Sivadasan, and Starr  S391

(600 ‘1ddns ‘wno pue §00¢) L2a.ng awig-£g-2101S Y ‘212duio) of 10N SIUPUA0Y) <P ‘193I9qS[RIN ] UeLig sem (][(7) BIeYsIg AQ pasn uonIps JUaLIND uay) Y], ‘O

*3UL109s AU} JO UOISSNISIP Pa[IeIop & 10§ (] [(7) BIeysIg 298 ‘71 VO 2]qelL Xipuaddy auruQ ur papraoid are sajels Jo yoro 10§ SUOISUDWIP UIAIS ) JO [ord
U0 S2I00S MBI $MO[q 9[qE) AU} UI PAQLIdSAP A1k (] [()) BIeysig Aq Xapul DN Y} JO UONONISUOD ) J0J pajean) a1om £ay) moy pue suonsanb uaaas ayJ, ., o1do) oy uo uone[siso|
PaIoBUD Sey I1 Jey) U)X oY) 03 Ko110d sit pajerdwojuos sey ajeys o) J1 Surpnjour ‘seyoduwoouou uo £orjod s 93e3s & Jo 21myo1d [[ng € Ino ysopy ued 9jeSaiSSe oy ur ‘suonsanb asay,,
Jey) SPpE pPuB , JUSWADIOJUR 9)adwoouou Jo Asuaiur s, uondIpsLnf USAIS & SULINSEIW 0} JUBAJ[QI SINSSI [BFI] 9 SSAIPPE A[IOIIP A3 9SNBIAQ UISOYD 1M, suorsanb asayy Jeyy
Soj0U vIRYSIY | 19SIqS[E UBL Aq UayEMOpUN SardI[od JuswadIous Aedwoouou jo sLaans dels-£g-a1ess “dArsuayarduwos ‘orpoued woy suonsenb uaAds pajod[as ereysig
(1 10Q) BIeysig ur pa1ods A[[entur AI[Iqeadiojud DN JO SUOISUIWIP UIAIS Y} JYSI1omal 0} SIsATeue 103oej Suisn pajonnsuod st roded s1y) ut pasn xoput (6] () LelS Y], :S9ION

*s9jeUTWIR) JOAo[dwd Jy JI 9[qBIIIOJUD JOU SI JUBUIAOD

B 0IOUM () PUE ‘SOOUBISWNOILD QWOS UT ATUO 9[qBIIIOJUd <« 9[QBIOIOJUD JUBUIAOD

ST JUBUQAOD B QI9UM 2JB)S © 0] G ‘sojeurunid) Jokordwa oy J1 o st ‘drysuonefar juowAo[dwoe Y} SoRUTULID)
600 01°0 9[qeaOIOJUD SABMTE ST JUBUDAOD € 9I0UM JJBIS © 0) ()] JO 9I00S 1oKordwo oy JT :§ wonsany),, oI SA 3InQ

"pomo[e sem

uonesyIpowt erdIpnf 1ou  Jrouad an[q,, JOYIAU AIYM Je)S B omurad

0} popreme ‘() A[qrssod ‘0100s MO] pue sanbar JUOWIIOJUS S)IN0D 9Y) [[IM UOTONPaI JO WIIOJ Jeym pue

s . jgnurerd o) Sunepowwodoe 0) pue suonoLNsaI Jo 9doos uoTIONPAI MO[[E SINOD A [[IM SIOUBISTNOILD

J[qemorre ay) 01 yoeoidde paouereq e Surmoys 9ysno i JeyM JOpun ‘oS JJ (9[qeo0I0JU JUBUIAOD

Surmo[[esIp Jo ped)sul }oenUO0d 3Y) ULIOJAI 0] ABM B SB PIMO[[B ) e 0) PUB MOLIEU IOW SUOTIOLSAI

arom suonedTjIpow  rouad onjq,, Po[[ed-0S AIAYM 9Je)S o) SYeW 0) JUBUIA0D Y} AJrpour 0} paprurrad

€ 0) G JO 9109 YUSUIIOIOJUS WNWIXEW UO SUONILISAI PAJIWI] SHINO0J 9U) AT ‘pLOIqIoA0 Ik A3y asnedaq

PUE 9peL 9q UBD UOISIAI Q19 SOOUBISWNIIID PEOIq IR AI3Y)  9[qeadIojuaun are 93odwod 0) JoU JUBUIA0D JU} Ul
¥0°0 G0'0  PUB POMOI[[E ST UOT)EOTJIPOW [RIOIPN{ 9I0UM 9)B)S B 0) ()] JO 9I00§  SUONOLNSAIAY) J] i UONSIN),, S)OBIUOD PROIGIIAQ
ySopM  YSoM 3un00g uonsang)

me)g  ereysig

(panunyuod) 7 dlqer, xipuaddy

020z Wb1AdoD 20z ‘0T 11idy uo 1s9nb Ag Wou ) pepeojumoq


https://uwpress.wisc.edu/journals/pdfs/1218-9931R1_supp.pdf

(panunuod)

810

LSO

. Jeuuosiad juoweFeuew
PUB 9AIINOIXD 0} JJBIS
[euorssajoid aymsuod oym
s90A0[dwo pue $1901JO pue
[ouuosiad juowogeuruwl pue
ANNYAX[9,, 10J Afeon1oads
sojedwoouou soz1ug0oa1
PUR ‘SIBOA OM] URY) SSI[ SISE|
ey} JuawAo[dwa I10J SIS0
Sururen Aedax 0y 99kordure
ue a1mbal Jey) s10eNU0d Joge|
Smo[[e opelo[o)) ‘o[duexa
104 ‘soyoduwroouou Jurssnosip
UONR[SIS] JWOS JARY ISO]A
‘suonoLnsal JuowAodwe
-3sod Aue 10§ suondaoxa
INOYIIM SAIMIL)S JUSWAIIOJUD
Jrodwosuou-njue oAey
(e103RQ YHON pue) BIUIOJIED)

OUEP] ‘OOIXAN

MON ‘BURIPU] ‘JUOULIDA

‘pUB[AIRIAl ‘BUBISINOT]

99SSAUUQ], “QUIBIAI

‘OpeI0[0)) ‘UOISUTYSBAA

‘eurjore)) YLoN

‘U031 ‘epeAAN ‘BI3I090)

‘UTSUODSIA\ ‘TlTemeH
‘eurjore)) (Inos ‘sexa],

BIUISIIA

‘pue[S] SpOYY ‘sesueyIly

‘BUBJUOIA] ‘BIUISIIA ISOM
BWOURPO ‘BIUIOJIED

OUeP] ‘OIIXIA MIN
‘PURIPU] ‘JUOUWLIQA ‘PUB[AIBIA
‘areme[d(J ‘eueIsmoT|
‘s)pesnyoesSSeIAl ‘UBSIYOIA
99SsaUUQ], “QUIBJA ‘OpRIO[0))
‘ewreqely ‘U0)UIYSBAN
‘Qnysdwrey moN
‘SutoApy ‘euIfoIR)) YLION
‘RUOZIIY ‘BIUBAJASUUS]
‘uo3a1Q ‘oryQ ‘1ddississIp
‘epeAdN ‘BISI09D) ‘BJOSQUUIIA
“UTSUOISTAA ‘BYSRIQON
‘Ileme ‘eurjore)) yinos ‘sexay,
BIUISIIA
‘pue[S] apoyy ‘sesueyIy
‘BUBJUOIA] ‘BIUISIIA ISOM
BWOURPO BYSEIY SHOA
MON ‘BILIOJIED “BI0NER( YHON

(Ayniqeoorojud
dJeIopour)
%09 SIPPIN

(Ayiqeasiojuo
Mo[) 9[nuinb wonog

(Srdwres qHAD
Aiqeadrojuyg
MO0 10J Awwungg

(€007) uosualios

pue 11BN JO UBSIA]

(paredrpuy $90IN0S 19410
pue [0 eIeystg woiy)
SA101[0d A)N[IqBadIojuU
Jo sordwres aanensny[y

(seu03are)) ssoioe pue
urim Kyiqeaosojuy
1595uong 0} JSABIA JO
yuey £q paIopiQ) serels
0¢ Jo oidwes qHAT

(serr080)e)) SSoIor pue UM
Anpiqeadiojuy 1se3uons o3
1S JO uey Aq parepiQ)
saiel§ ()6 Jo apdureg [[ng

(6000
xopu] AJ[IqeedIojuy

OND JO 9[nud0Ig

5392

$2IVIS K11]1qD2240Ju MOT “SA YSIE U2aMiaq 2ouaaffi(q Jo uondiiosacq

020z Wb1AdoD 20z ‘0T 11idy uo 1s9nb Ag Wou ) pepeojumoq

€ 91qeL, xipuaddy



S393

(9661 JO UONIPa 3sNeaAI) JOSIAQS[BIA
oy uo Surmerp) SOND 010jue 03 Kfiqe s Jokodwe ue sy A[219A9S 10 sapn[oald,, Jey) aymess e sey 9Je)s Ay Joyloym Ioj I0JedIpur Awunp € asn (¢(Qg) UOSUAIOS pue 1en)§ :sAJoN

‘A[MOLIBU JUBUIAOD
SATJOINSAI B 9NINSUOD

0 10U $}IN0D SIZLINOOU
Jey} Joypoue pue sokordwe
31 01 Wiey JO UONRISPISUOD

syuaaa1d Jeyy suo opnour BPHO[] ‘INd1109Uu0))
suorstaoxd Aoy ‘xokodwa ‘sesuey] ‘LINOSSIA]
-o01d A[3uons se pomara BPUIO[] ‘eMmO] ‘ejoye( YPINos ‘emof ‘yein (K1qeaoojus
0 SI me[ 9)odwoouou S BpPLIOL]  ‘Uel() ‘SIOUI[[] ‘ASIOf MAN  ‘SIOUI[[] ‘AQSIof MAN ‘AYOomuay] y3ry) omurnb doj,
(ordwres QHAT) (paredrpuy $20In0S IYIQ (sou103918)) SS0I08 pue  (S9LI039IB)) SSOIOB PUB UIYIIM (6002)
Anpiqesorojuyg pue [1(g eleysrg woij) unim AJIqeadiojug Apiqeadiojuy 1se3uonS 01 Xapuj AJ[Iqeadiojuyg
Mo Joj Awung sa1o1[04 ANIqeadiojuy 1593U0nS 03 ISABIM JO 1SRN JO qury AQ parapiQ) DND JO 9[nuadig
(€007) uosuaiog Jo sojdwreg oAnensny[| yuey £q paIapIQ) SIS soJe1S (6 Jo ordwres [ng
pue Jremg§ Jo uBaN 0¢ Jo oidwes AHA'T

(panunyuod) ¢ Ijqe], xipuaddy

020z Wb1AdoD 20z ‘0T 11idy uo 1s9nb Ag Wou ) pepeojumoq



Downloaded from by guest on April 10, 2024. Copyright 2020

S394  The Journal of Human Resources

References

Abadie, Alberto, Alexis Diamond, and Jens Hainmueller. 2010. “Synthetic Control Methods for
Comparative Case Studies: Estimating the Effect of California’s Tobacco Control Program.”
Journal of the American Statistical Association 105(490):493-505.

Agarwal, Rajshree, Justin Frake, and Martin Ganco. 2018. “The Streetlight Effect: Identifying Bias
in Patent-Based Measures of Mobility.” Working Paper. College Park: University of Maryland.

Arnow-Richman, Rachel S. 2001. “Bargaining for Loyalty in the Information Age: A Reconsi-
deration of the Role of Substantive Fairness in Enforcing Employee Noncompetes.” Oregon
Law Review 80(4):1163-244.

Arnow-Richman, Rachel. 2006. “Cubewrap Contracts and Worker Mobility: The Dilution of
Employee Bargaining Power via Standard Form CNCs.” Michigan State Law Review, 963-92.

Ashenfelter, Orley C., Henry Farber, and Michael R. Ransom. 2010. “Labor Market Monopsony.”
Journal of Labor Economics 28(2):203-10.

Autor, David H., John J. Donohue III, and Stewart J. Schwab. 2006. “The Costs of Wrongful-
Discharge Laws.” Review of Economics and Statistics 88(2):211-31.”

Balasubramanian, N., and J. Sivadasan. 201 1. “What Happens When Firms Patent? New Evidence
from US Manufacturing Census Data.” Review of Economics and Statistics 93(1):126—46.

Bhaskar, V., Alan Manning, and Ted To. 2002. “Oligopsony and Monopsonistic Competition
in Labor Markets.” Journal of Economic Perspectives 16(2):155-74.

Bishara, Norman. 2011. “Fifty Ways to Leave Your Employer: Relative Enforcement of Cove-
nants Not to Compete, Trends, and Implications for Employee Mobility Policy.” University
of Pennsylvania Journal of Business Law 13(3):751-95.

Black, Dan A., and Mark A. Loewenstein. 1991. “Self-Enforcing Labor Contracts with Costly
Mobility: The Subgame Perfect Solution to the Chairman’s Problem.” Research in Labor
Economics 12:63-83.

Boal, William M., and Michael R. Ransom. 1997. “Monopsony in the Labor Market.” Journal
of Economic Literature 35:86—112.

Buchmueller, Thomas C., John DiNardo, and Robert G. Valletta. 2011. “The Effect of an
Employer Health Insurance Mandate on Health Insurance Coverage and the Demand for Labor:
Evidence from Hawaii.” American Economic Journal: Economic Policy 3(4):25-51.

Burke, Ryan. 2016. “What You Need to Know about Non-Compete Agreements, and How States
are Responding.” Blog Post. The White House. President Barack Obama. https://obama
whitehouse.archives.gov/blog/2016/05/05/what-you-need-know-about-non-compete
-agreements-and-how-states-are-responding (accessed July 13, 2020).

Cahuc, Pierre, Fabien Postel-Vinay, and Jean Robin. 2006. “Wage Bargaining with On-the-Job
Search: Theory and Evidence.” Econometrica 74(2):323-64.

Chapple, Karen, Ann Markusen, Greg Schrock, Daisaku Yamamoto, and Pingkang Yu. 2004.
“Gauging Metropolitan ‘High-Tech’ and ‘I-Tech’ Activity.” Economic Development Quarterly
18(1):10-29.

Ewens, Michael, and Matt Marx, 2018. “Founder Replacement and Startup Performance.” Review
of Financial Economics 31(4):1532-65.

Fallick, B., C. Fleischman, and J. Rebitzer. 2006. “Job-Hopping in Silicon Valley: Some Evidence
Concerning the Micro-Foundations of a High Technology Cluster.” Review of Economics and
Statistics 88:472-81.

Furman, Jason, and Alan B. Krueger. 2016. “Why Aren’t Americans Getting Raises? Blame the
Monopsony.” Op-ed. The Wall Street Journal, November 3.

Garmaise, Mark. 2011. “Ties That Truly Bind: Non-Competition Agreements, Executive Com-
pensation, and Firm Investment.” Journal of Law, Economics, and Organization 27:376-425.

Gilson, R. 1999. “The Legal Infrastructure of High Technology Industrial Districts: Silicon Valley,
Route 128, and Covenants Not to Compete.” New York University Law Review 74:575-629.


https://obamawhitehouse.archives.gov/blog/2016/05/05/what-you-need-know-about-non-compete-agreements-and-how-states-are-responding
https://obamawhitehouse.archives.gov/blog/2016/05/05/what-you-need-know-about-non-compete-agreements-and-how-states-are-responding
https://obamawhitehouse.archives.gov/blog/2016/05/05/what-you-need-know-about-non-compete-agreements-and-how-states-are-responding

Downloaded from by guest on April 10, 2024. Copyright 2020

Balasubramanian, Chang, Sakakibara, Sivadasan, and Starr

Goldschlag, Nathan, Travis J. Lybbert, and Nikolas J. Zolas. 2019. “Tracking the Technological
Composition of Industries with Algorithmic Patent Concordances.” Economics of Innovation
and New Technology, https://doi.org/10.1080/10438599.2019.1648014

Gruber, Jonathan, and Brigitte Madrian. 1994. “Health Insurance and Job Mobility: The Effects of
Public Policy on Job-Lock.” Industrial & Labor Relations Review 48(1):86—102.

Hess, Simon. 2017. “Randomization Inference with Stata: A Guide and Software.” Stata Journal
17(3):630-51.

Helft, Miguel. 2009. “Unwritten Code Rules Silicon Valley Hiring.” New York Times, June 3.

Hyde, Alan. 2003. Working in Silicon Valley: Economic and Legal Analysis of a High-Velocity
Labor Market. Armonk, NY: M.E. Sharpe.

Katz, Lawrence F., and Alan B. Krueger. 1992. “The Effect of the Minimum Wage on the Fast-
Food Industry.” ILR Review 46(1):6-21.

Kini, Omesh, Ryan Williams, and David Yin. 2021. “CEO Non-Compete Agreements, Job Risk,
and Compensation.” Review of Financial Studies. Forthcoming. https://doi.org/10.1093/rfs
/hhaal03

Krueger, Alan B. 2017. “The Rigged Labor Market.” Milken Institute Review, April 28. https://
www.milkenreview.org/articles/the-rigged-labor-market (accessed July 28, 2020).

Krueger, Alan, and Eric Posner. 2018. “A Proposal for Protecting Low-Income Workers from
Monopsony and Collusion.” The Hamilton Project Policy Proposal 2018. Washington, DC:
The Hamilton Project.

LaVan, Helen. 2000. “A Logit Model to Predict the Enforceability of Noncompete Agreements.”
Employee Responsibilities and Rights Journal 12(4):219-35.

Lavetti, Kurt, Carol Simon, and William D. White. 2020. “The Impacts of Restricting Mobility
of Skilled Service Workers: Evidence from Physicians.” Journal of Human Resources
55(3):1025-67.

Lazear, Edward P., and Mike Gibbs. 2014. Personnel Economics in Practice, 3rd edition.
Hoboken, NJ: Wiley.

Lobel, Orly. 2013. “Talent Wants to Be Free: Why We Should Learn to Love Leaks, Raids, and
Free Riding.” New Haven, CT: Yale University Press.

Malsberger, Brian M., Stacey A. Campbell, David J. Carr, and Arnold H. Pedowitz, eds. 2010.
Covenants Not to Compete: A State-by-State Survey. Tth edition. Washington, DC: Bureau of
National Affairs.

Manning, Alan. 2003. Monopsony in Motion: Imperfect Competition in Labor Markets. Princeton,
NJ: Princeton University Press, 2003.

Manning, Alan. 2011. “Imperfect Competition in the Labor Market.” In Handbook of Labor
Economics, Volume 4, Part B, ed. David Card and Orley Ashenfelter, 973—1041. New York:
Elsevier.

Marx, M. 2011. “The Firm Strikes Back: Non-Compete Agreements and the Mobility of Technical
Professionals.” American Sociological Review 76(5):695-712.

Marx, M., J. Singh, and L. Fleming. 2015. “Regional Disadvantage? Employee Non-Compete
Agreements and Brain Drain.” Research Policy (44):394—404.

Marx, Matt, Deborah Strumsky, and Lee Fleming. 2009. “Mobility, Skills, and the Michigan
Non-Compete Experiment.” Management Science 55:875-89.

Mukherjee, Arijit, and Luis Vasconcelos. 2012. “Star Wars: Exclusive Talent and Collusive
Outcomes in Labor Markets.” Journal of Law, Economics, & Organization 28(4):754-82.

Naidu, Suresh, 2010. “Recruitment Restrictions and Labor Markets: Evidence from the Post-
Bellum U.S. South.” Journal of Labor Economics 28(2):413-45.

Office of Economic Policy, U.S. Department of the Treasury. 2016. “Non-compete Contracts:
Economic Effects and Policy Implications.” Report. https://www.treasury.gov/resource-center
/economic-policy/Documents/UST%20Non-competes%20Report.pdf (accessed July 13,
2020).

S395


https://doi.org/10.1080/10438599.2019.1648014
https://doi.org/10.1093/rfs/hhaa103
https://doi.org/10.1093/rfs/hhaa103
https://www.milkenreview.org/articles/the-rigged-labor-market
https://www.milkenreview.org/articles/the-rigged-labor-market
https://www.treasury.gov/resource-center/economic-policy/Documents/UST%20Non-competes%20Report.pdf
https://www.treasury.gov/resource-center/economic-policy/Documents/UST%20Non-competes%20Report.pdf

Downloaded from by guest on April 10, 2024. Copyright 2020

5396

The Journal of Human Resources

Paytas, Jerry, and Dan Berglund. 2004. “Technology Industries and Occupations for NAICS
Industry Data.” Pittsburgh, PA: Carnegie Mellon Center for Economic Development and State
Science and Technology Institute.

Rosenbaum, P. 2002. Observational Studies. New York: Springer.

Rubin, Paul H., and Peter Shedd. 1981. “Human Capital and Covenants Not to Compete.” Journal
of Legal Studies 10(1):93-110.

Starr, Evan. 2019. “Consider This: Training, Wages, and the Enforceability of Covenants Not to
Compete.” Industrial and Labor Relations Review 72(4):783-817.

Starr, Evan, Natarajan Balasubramanian, and Mariko Sakakibara. 2018. “Screening Spinouts?
How CNC Enforceability Affects the Creation, Growth, and Survival of New Firms.” Man-
agement Science 64(2):552-72.

Starr, Evan P., Martin Ganco, and Benjamin A. Campbell. 2018. “Strategic Human Capital
Management in the Context of Cross-Industry and Within-Industry Mobility Frictions.”
Strategic Management Journal 39(8):2226-54.

Starr, Evan, J.J. Prescott, and Norman Bishara. 2021. “Noncompetes in the US Labor Force.”
Journal of Law and Economics. Forthcoming.

Stuart, T., and O. Sorenson. 2003. “Liquidity Events and the Geographic Distribution of Entre-
preneurial Activity.” Administrative Science Quarterly 48(2):175-201.

U.S. Census Bureau. 2017. “Quarterly Workforce Indicators 101.” https://lehd.ces.census.gov/doc
/QWI_101.pdf (accessed July 13, 2020).

Vilhuber, Lars, and Kevin McKinney. 2011. “LEHD Data Documentation LEHD-OVERVIEW-
S2008-rev1; LEHD Infrastructure files in the Census RDC—Overview Revision.” U.S. Census
Bureau CES Working Paper CES 11-43. https://www2.census.gov/ces/wp/2011/CES-WP-11
-43.pdf (accessed July 13, 2020).


https://lehd.ces.census.gov/doc/QWI_101.pdf
https://lehd.ces.census.gov/doc/QWI_101.pdf
https://www2.census.gov/ces/wp/2011/CES-WP-11-43.pdf
https://www2.census.gov/ces/wp/2011/CES-WP-11-43.pdf

