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Abstract

Essays in Labor and Financial Economics

Bhargav Gopal

More than one-third of US-listed companies had all-male corporate boards in 2015. Quotas are

discussed as policy levers to increase gender diversity, but there is much controversy whether they

can increase female representation without harming organizational outcomes. Using the passage

of a California law in 2018 that required the presence of at least one woman on corporate boards

by the end of the following year, in the first chapter of my dissertation I estimate the effects of

gender quotas on firm performance. I find the quota reduced the share of all-male boards by thirty

percentage points within one year, with no reductions in operating performance, firm values, or

shareholder returns within three years. These results question why all-male boards were prevalent

prior to the legislation. I find that women directors are less likely to possess top-level experience

and employment connections with corporate executives, which both appear as viable

explanations. These findings provide insight on why women continue to lack representation in

corporate leadership.

Non-compete agreements are provisions within employment contracts that prevent workers from

joining competing firms. They are prevalent in the US workforce, with 38% of workers having

signed such clauses at some point in their careers. Despite their vast usage, there is limited

research on the incentives for workers and firms to use non-compete agreements. In the second

chapter, we show that non-compete agreements can create one market failure – inefficient lack of



job separation – while mitigating a separate market failure – inefficient provision of

industry-specific investment by firms. The model yields the predictions that (i) non-compete

agreements are more likely to be used in industries where employer training is more “general”

and (ii) non-compete signers have longer job tenures and receive more firm-provided investment

relative to similar workers without non-compete agreements. Using newly-released panel data on

the usage of non-compete agreements from the NLSY97, we confirm the model’s predictions.

Non-compete signers are more concentrated in knowledge-intensive industries and remain with

their employers for 3 more months than individuals without such agreements. Non-compete

signers also receive more employer-provided investment, but do not experience higher wage

growth.

Non-compete agreements are provisions within employment contracts that prevent workers from

join- ing competing firms. In the third chapter, using the Current Population Survey, 18 state-level

non-compete policy changes between 1992-2014, and hand-collected data on workers exempt

from non-compete enforcement, I study the effects of non-compete regulation on labor market

outcomes using a triple-differences research design. I find that a standard deviation increase in

non-compete enforcement raises hourly wages by 3-7%, with larger gains for job leavers than job

stayers. Non-compete enforcement is not associated with job mobility, unemployment, or labor

force participation decisions. The findings are interpreted through the lens of an incomplete

contracting model. Under the model’s assumptions, non-compete agreements mitigate the market

failure of underprovided firm-sponsored general training, thus increasing the worker’s

productivity. The extent to which the worker is compensated for this increase in productivity

depends on labor market competition at the time of contracting. The fact that increased

enforcement raises the wages of job leavers more than job stayers is consistent with the model’s

predictions.
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Chapter 1: How Do Firms Respond to Gender Quotas? Evidence From

California’s Senate Bill 826

1.1 Introduction

Even as the female fraction of MBA students in recent years hovers around 50%, it is nonethe-

less rare today for top corporate leadership positions in the U.S. to be occupied by women (Fig-

ure 1.1). Gender quotas on the boardroom are often proposed as policy prescriptions to increase

diversity, but it is unclear whether they should worsen, improve, or have no effect on financial

performance. In a textbook argument, firms optimally choose the board of directors to maximize

shareholder value [e.g. 1]. External factors that constrain the firm’s ability to optimize, such as a

government mandated gender quota, should then worsen outcome measures. It is frequently as-

serted that women are underrepresented in top corporate leadership positions because they possess

less relevant work experience, such as prior board or c-suite roles. If so, the quota may coerce firms

to hire female directors with less top-level experience who, in turn, reduce measures of financial

performance.1

A competing view highlights that quotas may incentivize companies to search for candidates

with distinctive work experiences. These directors may improve financial performance by bringing

new skills into the boardroom or monitoring corporate executives more closely.2 Firms may not

1Ahern and Dittmar [1] find that the new female directors appointed after Norway’s quota had significantly less
CEO experience and were younger, more highly educated, and more likely to be employed as a non-executive manager
compared to retained male directors.

2One reason quota-appointed directors may be tougher monitors is that they are less likely to belong to the “Old
Boys Club.” To the extent that firms benefit from additional monitoring, the quota may improve financial performance.
Note that excessive monitoring by the board may deteriorate firm outcomes [2]. Alternatively, quota-appointed direc-
tors may improve performance by bringing new skills to the boardroom. See Kim and Starks [3] for empirical evidence
that female directors possess skill-sets typically missing on corporate boards. Women may also be underrepresented in
corporate leadership and improve financial performance if their managerial potential is systematically underestimated
[4]. See Spitzer and Talley [5] for a theoretical model demonstrating how even a single quota-appointed director
may shift group-level decision making. Viewed through their model, quota-appointed directors may undertake costly

1



have previously considered quota-appointees for board positions because these candidates do not

belong to the typical hiring networks used for recruitment [e.g. 6]. Applicants without referrals

may be perceived as lower-ability or more-risky, which would systematically disadvantage women

if they do not have connections to corporate leadership. However, quota-appointed directors may

also be token appointments, lacking the influence to shape the board of directors’ collective deci-

sion making.3 This may be especially true when the quota-appointed director is the sole female on

a large board.

To investigate these considerations, I study how firms responded to California’s SB826, the

first gender-based quota for corporate boards in the United States.4 The legislation passed in late

2018, and mandates that listed companies headquartered in California have at least one female

director by the end of 2019. As an enforcement mechanism, annual fines ranging from $100,000

to $300,000 are levied on companies that fail to comply. In this paper, I ask whether companies

subject to the quota added female representation, and if so, whether board gender diversity induced

by the quota affected medium-run financial performance.5

I link data between BoardEx, Compustat, and the Center for Research in Security Prices

(CRSP) to investigate whether the quota eliminated all-male boards, and if so, how gender-diversity

induced by the quota affected financial performance. BoardEx contains the annual gender com-

position of corporate boards, allowing me to assess compliance with the legislation. I construct

two annual measures of corporate performance – Return on Assets (ROA) and Tobin’s Q – from

Compustat’s files. I use CRSP’s daily security-level returns to calculate the returns from holding a

portfolio of quota-affected companies. To identify the causal effects of the quota, I track firm-level

investments in information acquisition that can shift the preferences of the median director.
3Supportive of this view, Hwang et al. [7] use a sample of approximately 2500 firms to find that female directors

appointed after California’s gender quota were given fewer responsibilities.
4For a list of gender quotas implemented outside the United States, see Table 1 of Terjesen et al. [8]. For a

comparison of gender quotas across Europe, see Table 1 of Mensi-Klarbach and Seierstad [9]. SB826 does have
additional requirements. By the end of 2021, companies with 5 directors are mandated to have at least 2 female
directors and companies with 6 or more directors are required to have at least 3 female directors. I study how companies
responded to the first stage of SB826.

5I follow convention by measuring financial performance using Tobin’s Q, Return on Assets, and Shareholder
Returns. See, for example, Adams and Ferreira [2]. “Medium-run” is defined to be the three years following the
legislation’s passage.

2



outcomes of all domestic and listed companies that had no female board representation in 2017, the

year prior to the reform. Among these companies, only the firms based in CA as of 2017 (“treated

or quota-affected firms”) had to change board composition or corporate form to abide with SB826’s

requirements. I use the firms based outside of California as my control group and verify that the

conditional independence assumption is likely to hold.6 I consider specifications where the quota’s

effect may vary year over year (Event Study), but also those where the effect is presumed to be

immediate and constant (Difference in Differences). Statistical precision is enhanced in the latter

specification, though it is unable to recover whether the quota has time-varying effects.

The identification strategy leveraging quota-induced changes in board composition overcomes

the fact that board structure is an equilibrium outcome designed to address a company’s corporate

governance issues [11]. For example, managers of poorly performing companies may advocate

for staggered boards to remain entrenched, while shareholders may elect outside directors to more

closely monitor management [e.g. 12].7 Similarly, I show that the board’s gender composition also

responds to internal conditions within the firm: growing firms adopt and subsequently maintain

gender-diverse boards in the absence of policy pressures to diversify.8 This descriptive finding is

novel and highlights the usefulness of examining quota-induced changes in board gender diversity.

Since growing firms add female directors, simple comparisons of financial outcomes before and

after companies adopt gender-diverse boards risk overstating the positive impacts of diversity.

Overall, I find that SB826 successfully introduced gender diversity onto corporate boards

without harming medium-run financial performance. Between 2017 and 2019, the number of

California-based listed companies with all-male boards declined from 204 to 59, representing a

71% reduction. This dramatic increase in boardroom gender diversity may not be entirely at-

6The baseline “event study” econometric specification, stated in Equation 1.1, contains firm and industry by year
fixed effects. Standard errors are clustered at the firm level. The quota’s effects are identified based on a comparison
of outcome changes between companies that did and did not have CA headquarters in 2017. The assertion that the
conditional independence holds is supported by the fact that 𝛽𝑡 , 𝑡 ≤ 2017 ≈ 0 for a variety of outcomes. Mackinnon
and Webb [10] discuss how standard errors may be underestimated when all treated units are part of a single cluster.
Quantitatively similar results using the authors’ Wild Bootstrap Randomization Inference procedure is available upon
request.

7Directors in staggered boards have overlapping and multi-year terms. They are frequently used to prevent hostile-
takeovers.

8As a result, mature firms are substantially more likely to have gender-diverse boards than newly listed firms.
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tributable to the quota. Gormley et al. [13] document that in 2017, large institutional investors led

campaigns to increase boardroom gender diversity among American corporations, and that these

pressures quickly succeeded in increasing female boardroom representation.9 Consistent with this

observation, difference-in-differences estimates indicate that SB826 reduced the share of all-male

boards by a more modest 26%. Robustness tests suggest that these results are not driven by shifts

in attitudes about women in leadership particular to California or selective attrition among quota-

affected firms.10

An investment strategy of buying and holding a value-weighted portfolio of quota-affected

companies from October 1st, 2018 (the first trading day after the legislation’s signing) to Decem-

ber 31st, 2021 generates returns 24 percentage points above that from holding the S&P 500 index

over the same period. In contrast, the identical strategy applied to firms in the control group would

under-perform the S&P 500 by 34 percentage points.11 The difference-in-difference specifications

indicate that the legislation increased Tobin’s Q by 7% and ROA by 5 percentage points – both

effects are statistically significant at the 10% level. Point estimates in the event-study regressions

are also positive, though statistical significance varies based on the choice of specification. In-

terpreted conservatively, my results imply that the quota did not worsen firm values or operating

performance within three years and, if anything, improved them. These positive effects cannot

be explained by modifications in policy the board influences, as rates of delistings, mergers and

acquisitions, dividend issues, and changes in shares outstanding remain stable. The conclusion

that SB826 plausibly improved operating performance remains valid under various econometric

specifications, splits of the sample, and financial outcomes considered.

The relationships between SB826, financial outcomes, and company policy could be explained

9More specifically, they find that American corporations more than doubled the number of female additions be-
tween 2016 and 2019 due to campaigns led by “The Big Three” institutional investors.

10More specifically, my results are robust to a triple differences specification that includes companies that had
gender-diverse boards in 2017 as a within-state control group. In addition, “placebo tests” where I re-run the baseline-
specification but consider companies with all-male boards in a year prior to 2017 provide null results. The placebo
analysis implies that the first-stage results are not driven by differential mean reversion: California-based companies
with all-male boards are not inherently more likely to add female directors.

11Similar patterns emerge from holding portfolios where each company is given equal weight – “equally weighted
portfolios.”
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in several ways. One hypothesis is that firms continued business as usual and hired “token” fe-

male directors – those that have minimal influence on the board. If so, one might expect firms to

comply with the quota by hiring less-credentialed women who do not serve on the most impor-

tant committees. An alternative hypothesis is that quota-affected firms recruited qualified women

outside of typical hiring pools, and that these women capably represented shareholder interests. I

find strong support for the latter hypothesis, although some firms hired women who are unlikely to

wield influence on the board.

As evidence, the quota reduced the share of the board with prior employment connections

to corporate leadership by 5 percentage points, with more than 90% of women appointed after

the quota serving as non-executive directors.12 Companies that adopted gender-diverse boards

because of the quota (“Complier Firms”) were particularly likely to recruit female candidates from

out-of-network. The two-stage-least-squares estimates indicate the quota lowered the share of the

board with a prior connection to leadership by 8 percentage points among these firms. This finding

indicates that SB826 raised the share of “outsiders” on the board, and complements research by

Hwang et al. [7], who show that women appointed after the quota have different work-experiences

and skills than the typical director. Further, quota-affected firms had many qualified candidates

from whom to choose. Female directors rarely joined the boards of multiple treated companies,

which might occur if few qualified female candidates are available. Quota-affected firms did not

face additional litigation, as would be expected from demonstrably less capable boards.13 Between

2018 and 2021, quota-affected companies experienced 3% higher employment than companies in

the control group, which is consistent with research demonstrating that gender-diverse boards are

less likely to undertake workforce reductions [14].

However, when I look at committee assignments, I see that SB826 also lowered the share of the

board with prior executive experience by 2-3%, reflecting the fact that the typical female director is

slightly younger and less experienced than her male counterpart. The audit committee is regarded

as one of the most important institutions within corporate boards since its members monitor fi-

12Non-Executive directors are board members who are not involved in the day-to-day management of the company.
13Litigation is measured based on whether companies were subject to a class action lawsuit.
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nancial reporting and disclosure [15]. Firms refrained from immediately placing women onto the

audit committee but not from other roles on the compensation or nominating committees. This

pattern is particularly prevalent in male-dominated industries, where the quota reduced the share

of the board on the auditing committee by 4%. These facts notwithstanding, the “tokenism” theory

is not entirely satisfactory. Firms typically decided to hire women as non-executive directors as

opposed to paying the relatively minor fines prescribed by the legislation.14 Financial performance

plausibly improved after the quota, and in most respects, quota-appointed directors play similar

roles within the board as their peers.15

This paper contributes to literature that examines how gender diversity affects organizational

outcomes. Research studying firm responses to SB826 has focused on stock price reactions in the

immediate days following the legislation’s announcement [7, 16, 17, 18]. These studies establish

negative announcement returns ranging from 1-2%, but face the limitation that the effect may

be driven by regulatory uncertainty or other bills signed on the same day.16 I circumvent these

challenges by analyzing the longer-run impacts of the quota. In that sense, my methodology more

closely resembles the literature evaluating the longer-run effects of the 2003 Norwegian quota.

Ahern and Dittmar [1] find that the quota led to less experienced boards and lower firm values

within 5 years. Bertrand et al. [19] show that the female directors appointed after the quota were

more qualified than those appointed before the quota along many dimensions. These results may

not necessarily hold in the US context since the Norwegian quota required 40% female board

representation while California’s mandated the presence of a single female director. In the three

years following SB826, the legislation has resulted in less experienced boards, but has not reduced

financial performance.

Outside the immediate context of corporate boards, studies have arrived at various insights on

14Non-executive directors have a median annual salary of 107,000 as of 2020. In contrast, executive directors have
a median annual salary of 754,000 in 2020.

15There are no declines in the average committee load or predicted director compensation in response to the quota.
Of course, the claim that directors play similar roles within the organization is subject to the recurring critique that
they may behave differently in ways that are not measurable to the researcher.

16[16] document that the governor signed 183 bills on the weekend in which he signed SB826. Further, they show
states with similar political leanings to California also experienced negative abnormal returns, suggesting regulatory
uncertainty may contribute to the reaction.
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how female leadership affects organizational outcomes. For instance, Gompers et al. [20] find that

gender diversity at the partner level increases fund returns. Chattopadhyay and Duflo [21] study

a 1992 gender quota in India that required one-third of local political positions be reserved for

women. They document that women policy-makers invest more in projects that address the needs

of women. My paper contributes to the literature by showing that mandated gender diversity can

introduce qualified women onto corporate leadership, thereby creating gains in female representa-

tion without generating losses in financial performance.

This paper unfolds as follows. I discuss the quota’s requirements in Section 1.2 and the data

utilized in Section 2.3. In Section 1.4, I describe compliance with the legislation. Section 1.5

discusses the legislation’s impacts on financial performance, while Section 1.6 inquires how the

quota shifted the board’s characteristics and decision-making. Section 2.5 concludes.

1.2 Legal Context

California Governor Jerry Brown signed into law Senate Bill (SB) 826 on 9/30/2018, which

requires publicly-held corporations with a principal executive office in California to have at least

one female director on the Board of Directors by December 31, 2019. By the end of 2021, com-

panies with 5 directors are mandated to have at least 2 female directors and companies with 6 or

more directors are required to have at least 3 female directors. I study how companies responded

to the first stage of SB826, which is the very first board gender-quota in the United States.17

The legislation impacts companies based in California with shares listed on the New York

Stock Exchange, NASDAQ, or NYSE American. SB826 does not cover private companies or

listed companies with headquarters outside of California. Companies that fail to comply with the

17According to the CA Secretary of State, “A female is an individual who self-identifies her gender as a woman,
without regard to the individual’s designated sex at birth.” Therefore, companies that hire transgender individuals
who self-identify as female will be compliant with the legislation’s requirements. Publicly-held companies have
shares listed on the New York Stock Exchange, NASDAQ, or NYSE American. SB826 does cover companies listed
on foreign exchanges with headquarters in CA. I exclude consideration of these companies since my analysis fo-
cuses on domestic and listed companies. Between 2015 and 2020, no state besides California has passed a corporate
board gender quota that enforces fines on non-compliant companies. On May 13th, 2022, Los Angeles Superior
Court Judge Maureen Duffy-Lewis found that SB826 violates the equal protection clause of California’s constitution:
https://corpgov.law.harvard.edu/2022/06/12/california-gender-board-diversity-law-is-held-unconstitutional/
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quota are subject to fines: each director seat required to be held by a female that is not actually held

by a female for at least a portion of the calendar year counts as a violation. A fine of $100,000 is

imposed for the first violation, and $300,000 for each subsequent violation.18 California-based

firms impacted by SB826 have a couple of options to avoid paying fines. First, shareholders

of these companies can add a female board member by the end of 2019, either by replacing an

existing male director or by expanding the size of the board. Second, these companies can evade

the reach of the legislation by going private or changing headquarter location.

Firm responses to California’s gender quota can provide guidance on the efficacy of more re-

cent boardroom diversity, equity, and inclusion (DEI) efforts. In late 2020, California Governor

Newsom approved additional legislation which requires companies subject to SB826 to have at

least one director from an underrepresented community by the end of 2021.19 In mid-2021, the

Securities and Exchange Commission approved NASDAQ’s board diversity disclosure require-

ments that encourage (but do not require) companies listed on its exchange to have at least two

diverse directors by mid-2023. Within the last year, large asset managers such as Blackrock and

Goldman Sachs have urged US companies to have diverse boards. The California agency respon-

sible for SB826’s enforcement has yet to levy fines on companies that maintain all-male boards.

Nevertheless, as I will show in Section 1.4, companies subject to the quota swiftly added female

directors. These results suggest that public pressures for firms to increase diverse representation

can affect firm behavior.
18For example, a listed California-based company that has no female board members between 1/1/2019 and

12/31/2020 would owe a fine of $400,000. Failure to file timely board gender information with California’s Secretary
of State yields a $100,000 fine. As of December 2021, no fines have been assessed as SB826 faces legal challenges:
https://www.reuters.com/world/us/trial-begins-challenge-california-women-boards-law-2021-12-01/.

19AB979, approved on September 30th, 2020, identifies director from underrepresented communities as individual
who self-identify as Black, African American, Hispanic, Latino, Asian, Pacific Islander, Native American, Native
Hawaiian, or Alaska Native, or who self-identify as gay, lesbian, bisexual, or transgender. AB979 imposes fines for
non-compliance.
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1.3 Data Sources and Sample Description

1.3.1 Data Sources

I employ matched data between BoardEx, Compustat, and CRSP to study relationships be-

tween director characteristics, board characteristics, and firm outcomes.20 BoardEx provides de-

tailed information on the composition of corporate boards and the employment histories of direc-

tors. Using information from a company’s annual reports, BoardEx provides yearly descriptors of

the board’s size and gender composition. BoardEx also characterizes the gender and employment

histories of directors in its database by scraping online reports. Prior roles of directors contain a

start and end date, allowing me to construct measures of a director’s experience. These employ-

ment histories also enable BoardEx to determine whether any two directors in its database share a

prior employment connection. I restrict attention to the sample period starting in 2010 and ending

in 2021.21

I observe the annual board composition of approximately 4000 companies (Table 1.1), which

represents the near-universe of domestic and listed companies between 2010 and 2021.22 I use

BoardEx data to assess compliance with the quota and examine the characteristics of directors

added after SB826. Director characteristics are measured upon onboarding and include traditional

measures of human capital – age, education, and experience – as well as indicators for whether

the director joins a monitoring-intensive committee or has prior employment connections with

company leadership.23 A primary responsibility of monitoring-intensive committees is to oversee

20I use the crosswalk provided by WRDS and deploy a conservative approach that requires matched companies to
have have identical SEC identifiers (CIKs) and security level identifiers (CUSIPs) across BoardEx, Compustat, and
CRSP.

21Prior to 2010, BoardEx does not provide comprehensive annual board-level information for all listed firms.
22The annual characteristics of the board are measured as of the company’s annual report date. If there are multiple

annual reports in a single calendar year, I select the last annual report. BoardEx does not impute gender. Instead,
gender is based on self identification or pronouns used in official reports. See Figure A.1 for an example report where
pronouns are used to classify gender. If two directors have a prior employment connection, the dates in which the
two directors overlapped at the previous company are provided. The number of domestic and listed companies from
BoardEx and CRSP are approximately equal.

23Monitoring-intensive committees are defined to be the audit, compensation, and nominating committees. I observe
whether a director has a prior connection to company leadership, but also the type of connection. I.e. whether two
directors previously served together on a board or c-suite of another company.
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financial statements and reporting. Less capable boards may be more likely to make errors in

reporting financial statements and consequently face litigation for securities fraud. To examine

this hypothesis, I identify companies that faced class-action lawsuits between 2015 to 2021 from

the Stanford Securities Class Action Clearinghouse, producing a sample of 1646 firms.24

I next use data from Compustat and CRSP to study how the quota affected firms’ financial out-

comes and policy. Each year, more than 90 percent of companies from BoardEx can be linked to

Compustat and CRSP (Table A1, Col 3), covering the near universe of domestic and listed compa-

nies. Using annual data from Compustat, I construct various measures of Operating Performance

that are measured at the end of a company’s fiscal year. Following existing literature [e.g. 2, 1], I

focus on Tobin’s Q and Return on Assets.25 Tobin’s Q is defined as the ratio of the firm’s market

value to its book value of assets, where market value is book assets plus book equity minus the

market value of equity. Return on Assets (ROA) is net income before extraordinary items and

discontinued operations divided by book assets. In rare instances, companies report non-positive

total assets or book assets, in which case the observation is dropped.

Shareholder returns and company policy variables are derived from CRSP. Delisting occurs if

none of the company’s securities are listed the subsequent year. All other company policy variables

indicate if the event occurred for some security during the calendar year. For example, a company

is defined to issue a dividend if any of the company’s listed securities offers a dividend during the

calendar year. Buy-and-hold returns are calculated using returns provided in the daily stock file.

Among companies with multiple securities, I choose the security with the highest average trading

volume between Jan 2nd, 2015 and March 31st, 2022. In calculating buy-and-hold returns, I

exclude companies that delist and have missing delisting returns, or do not delist and have missing

returns over the holding period. Companies may respond to the quota by delisting or changing

headquarter locations. I acquire annual information on each company’s headquarter location from

Compustat Snapshot to investigate this possibility.26

24As discussed in Ferris et al. [15], the firms sued in this dataset have not necessarily committed fraud. Furthermore,
firms sued in a given year may have committed fraud in previous years.

25There is not universal consensus that Tobin’s Q accurately measures operating performance [e.g. 22]
26Geographic identifiers include both the state of the company’s principal executive offices and the country of
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1.3.2 Sample Description

Table 1.1 shows the sample size by year, once I restrict to US-based listed companies that

report the firm’s headquarter location and board gender composition. Between 2015 and 2021, 16

to 20 percent of all firms in the sample are headquartered in California. In the three years prior to

the legislation, 31 to 39 percent of CA-based firms had all-male boards, with a combined market

value of approximately 123 billion dollars as of the first quarter of 2017.

Despite the fact that SB826 regulates board gender composition for all listed firms based in

California, many legally affected firms are unlikely to actually modify their boards to respond to

the gender quota. CA-based listed companies with at least one female board member prior to the

legislation’s passage would not need to make any changes to be compliant with SB826. In theory,

the gender quota may deter firms already compliant with SB826 from transitioning to an all-male

board. However, historical data demonstrates that firms overwhelmingly add (rather than remove)

women to the board as the firm ages.27 As a result, I define firms affected by the quota (“treated

firms”) to be CA-listed companies with all-male boards in 2017, the year prior to the legislation’s

passage. Analogously, I define the control group to be firms with all-male boards and headquarters

outside of CA as of 2017.

There are cross-sectional differences between firms in the treatment and control groups, as

observed in Table 1.2. In 2017, treated firms have smaller boards, are younger, and have fewer

employees than control firms. In addition, treated firms have a stronger presence in manufacturing,

have higher Tobin’s Q, and are less likely to issue dividends than control firms. Despite differences

in financial outcomes, many boardroom level characteristics are similar between the treatment

and control groups. Average ages of directors joining the two groups are nearly identical, though

incorporation. These values are taken from Compustat Snapshot. If missing, geographic identifiers are taken from the
WRDS SEC Analytics Suite. WRDS SEC data are linked to the matched BoardEx-Compustat data using the cik-gvkey
linking table provided by WRDS. If the geographic identifier is still missing and the year is past 2019, the value is
taken from Boardex’s header-level information provided in the Company Profile files. Each year, more than eighty
five percent of companies from BoardEx can be matched to CRSP, quarterly financial data, historical listing exchange
identifiers, and historical geographic identifiers, as seen in the final column of Table A1.

27Figure A.2 shows that in each year between 2010 - 2019, only 1 to 3 percent of domestic listed companies
transition from having a gender-diverse board to an all-male board in the following year. Figure A.3 corroborates this
argument, showing that older firms are more likely to have gender-diverse boards in the 2017 cross-section.
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directors joining treated firms are slightly more likely to have prior board and c-suite experience.

The share of the board on the auditing committee is lockstep between the treatment and control

group. Similar conclusions hold for the compensation committee, though treated firms have a

larger share on the nominating committee. The level differences between treatment and control

firms do not pose a problem for my identification strategy, which relies upon parallel trends in

potential outcomes.

1.3.3 Endogeneity of Board Composition: Growing Firms Adopt Gender-Diverse Boards

A hurdle in establishing causal impacts of gender-diverse boards is the endogeneity of board

composition. As stressed by Adams et al. [11], the governance structure of a company is an equi-

librium outcome designed to address the company’s corporate governance problems. For example,

shareholders may elect directors or choose the board’s size so as to optimally monitor manage-

ment. Similarly, I show that firms strategically choose the board’s gender composition. Growing

firms adopt and subsequently maintain gender-diverse boards, yielding an equilibrium where ma-

ture firms are substantially more likely to have gender-diverse boards than younger firms.

As suggestive evidence, I observe that between 2010 and 2021, close to one-half of newly-

listed firms have all-male boards, while less than one-fourth of companies over age 50 have such

boards (Figure A.3).28 This bivariate relationship likely reflects a causal relationship. Table A1

presents results from a staggered difference-in-differences model using the Sun and Abraham [23]

estimator. The procedure compares changes in measures of firm size among companies that adopt

gender-diverse boards between 2010 to 2017 to that among companies that had all-male boards

over the same period.29 Column 1 presents the coefficients when the outcome variable is the log

of assets, a measure of firm size. The negative coefficients on the relative years prior to gender-

28This relationship may not necessarily indicate that firms add female directors upon aging. For example, the
bivariate relationship would also be consistent with the theory that gender-diverse boards remain listed for a longer
duration.

29The documented effects for a given period relative to treatment are derived from a two step procedure. In step 1,
the Sun and Abraham procedure generates treatment effects for a particular cohort (ie. the effects of gender-diverse
boards for companies that adopt gender-diverse boards in 2012.) These effects compare changes in outcomes between
the treated cohort and the never-treated group. In step 2, the relative period treatment effects are averaged across
cohorts, where the weights are proportional to cohort size.
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diverse board adoption indicate that growing firms transition away from all-male boards. Similar

conclusions hold when I proxy for firm size using the log of employees or market value.30

These results provide minimal support for the “Glass Cliff” hypothesis [i.e 24], which states

that poorly performing companies implement female leadership. In fact, the opposite relationship

holds true over my sample period – firms on faster growth trajectories adopt gender-diverse boards.

My findings suggest that naive comparisons of financial outcomes before and after companies

adopt gender-diverse boards may overstate the positive impacts of gender diversity. They also

illustrate the importance of using natural experiments to identify the causal impacts of corporate

boards. This sentiment is echoed in Post and Byron [25]’s review of the literature, who call for

studies to elucidate potential endogeneity in the board’s determination.31

1.4 How Did Firms Comply with SB826?

Studies of board gender quotas in other countries suggest that companies may restructure to

avoid adding female directors.32 SB826’s monetary penalties for non-compliance are mild relative

to penalties in other contexts, so one would expect far less evasive behavior among California-

based firms affected by the gender-quota.33 Indeed, I find no evidence that firms took evasive

actions. Between 2017 and 2020, only 7 percent of treated firms delisted or changed headquarter

30I also arrive at similar conclusions when I use more standard event study methods and restrict the sample to all
domestic and listed firms observed in the years prior to gender-diverse board adoption (Table A4).

31There are some studies in the US context that attempt to address the endogeneity of board composition. Widely
cited estimates of the effects of gender diversity on Firm Value come from Adams and Ferreira [2], who use a firm
fixed effects specification. Their econometric model attempts to identify the effects of gender diversity by studying
how firm outcomes change when a firm gender diversifies its board. For their estimates to have a causal interpretation,
firm-specific omitted variables such as corporate culture must not vary over the sample period. Bernile et al. [26]
address a similar question but use an instrumental research design. They use the diversity of potential directors that
live within a non-stop flight of a firm’s headquarter as an instrument for board diversity. Through two stage least
squares estimates, the authors find that increased board diversity results in better financial performance.

32For example, Norway passed a gender quota in 2003 that required all public limited liability companies to have
at least 40 percent representation of each gender. Any public limited liability company that failed to meet the require-
ments as of 2008 would be forced to dissolve. Bertrand et al. [19] document sizable evasion: of the 563 public limited
liability companies affected by the quota in 2003, only 179 maintained corporate form by 2008.

33In CA context, affected firms can evade, comply, or not comply. I refer to “evasion” as corporate restructure
(ie. changing headquarter location or going private), “compliance” as the addition of female board members without
corporate restructure, and “non-compliance” as payment of SB826 monetary penalties while maintaining the status
quo. Note all three actions place companies within the letter of the law.
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location. Firms in the control group were actually more likely to change headquarter location and

equally likely to go private (Table A2).

Quota-affected firms in CA did not systematically evade the legislation through corporate re-

structure, but did they actually add women into their boards? After all, treated firms that want to

maintain all-male boards have the option of paying fines described in Section 1.2. There is sugges-

tive evidence that the quota caused firms to add female directors. First, there were 204 California

companies with all-male boards in 2017, but only 12 in 2021 (Table 1.1). Second, the probability

that a California-based company maintains an all-male board the subsequent year declines from 93

percent in 2010 to 30 percent in 2018.

However, these changes may not solely reflect the causal effect of the gender quota. Over-

all shifts in attitudes about women in leadership positions that occur during the sample period

could be a confounding factor. To investigate the contribution of SB826 to the dramatic decline of

California-based companies with all-male boards, I consider changes in board composition among

non-CA-based firms with all-male boards in 2017 as a comparison group (“control firms”). For-

mally, using the firm-year panel from 2015 - 2021 and ordinary least squares, I estimate the pa-

rameters of the following regression:

𝑌 𝑓 𝑡𝑖 = 𝛾0 +
∑︁

𝑡≠2017
𝛽𝑡
(
1[𝑌𝑒𝑎𝑟 = 𝑡] × 𝐶𝐴 𝐻𝑄2017

)
+ 𝛿 𝑓 + 𝛿𝑡𝑖 + 𝜖 𝑓 𝑡𝑖, (1.1)

where 𝑌 𝑓 𝑡𝑖 is the board composition of firm 𝑓 in year 𝑡 and industry 𝑖, 𝛿 𝑓 are firm fixed effects,

𝛿𝑡𝑖 are industry by year fixed effects, and 𝛾0 is a constant. I use industry by year fixed effects to

account for different industry compositions between treatment and control firms (see Table 1.2).

Estimates of 𝛽𝑡 represent differences in board composition between treatment and control firms in

year 𝑡 relative to 2017. For these estimates to identify the causal effect of SB826, it is necessary

that the variables excluded from Equation 1.1 trend similarly between treatment and control firms

within the same industry (“Parallel Trends Assumption”).34 All regressions use an unbalanced

34This assumption would be violated, for example, if attitudes about women in leadership trend differently in treated
manufacturing firms relative to control manufacturing firms.
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panel of firms and cluster standard errors at the firm level.

If the parallel trends assumption holds, then estimates of 𝛽𝑡 for 𝑡 < 2019 should be close to

0. Indeed, changes in outcomes between the 204 treated firms and 942 control firms are similar

prior to the quota.35 Almost all outcomes related to board composition and financial performance

evolve similarly prior to SB826, providing prima-facie evidence that the parallel trends assumption

is likely to hold (Table 1.3).36

Table 1.3 presents estimates of the event study coefficients in Equation 1.1. Taken at face

value, SB826 raised the female board share by 6 percentage points and reduced the share of all-

male boards by 30 percentage points within one year (Cols 1 and 2). In 2019, treated firms were

substantially more likely to expand the board due to the quota: Column 4 shows that the quota

raised the share of companies that added a board seat by 14 pp, from a mean of 0.23.

1.4.1 Robustness Check: Did Firms Added Female Directors For Reasons Besides the Quota?

These estimates may understate or overstate the true effects of the gender quota. If, for exam-

ple, SB826 created social pressure for firms based outside of California to gender diversify their

boards, then the event study coefficients from Table 1.3 would be underestimates. This would be

consistent with the discussion in Von Meyerinck et al. [16], who document that California often

sets policy trends that are later adopted by other states. In contrast, SB826 adoption may be as-

sociated with attitude shifts about women in leadership that occur in California but not elsewhere.

Under the “Social Change” hypothesis [27, 28], increased female board representation among

treated firms would have occurred even absent SB826. In this scenario, the numbers from Table

1.3 would overestimate the true effect of SB826. However, I find little evidence of these biases.

To test for these effects, I re-estimate Equation 1.1, but further restrict the control group to firms

35Some of these firms may not appear in my constructed firm-year panel outside of 2017 due to firm entry into and
exit from listed status (ie. some firms IPO, go private, or dissolve). Table A3 presents annual attrition rates between
2015 - 2020 for the treatment and control groups separately. Two-sided t-tests reject the presence of differential
attrition in any year, although 22 percent of treated and control firms exit my sample by 2020. I remain consistent in
using an unbalanced panel so as to avoid bias arising from sample selection. In unreported results, I observe that firms
in the balanced panel tend to be older and larger than those in the unbalanced panel.

36An exception is when the dependent variable is ROA. I observe pre-trends, which may suggest that the post-event
coefficients understate the positive effects of the quota.
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headquartered in Democratic states – those that voted for Hillary Clinton in the 2016 election. As

conjectured by Von Meyerinck et al. [16], Democratic states are more likely to adopt gender quo-

tas like SB826 than Republican states. Furthermore, attitudes about progressive causes are more

likely to be concordant within Democratic states. As a result, if spillover effects or broad shifts in

attitudes particular to Democratic states are at play, then estimates from this regression should be

muted relative to those in Table 1.3. In fact, the estimated effects of SB826 on board gender com-

position are larger when I restrict the control group to firms based in Democratic states.37 These

numbers provide evidence that the effects documented in Table 1.3 are not overestimated due to

omitted variables particular to Democratic states.

Furthermore, I find that SB826 did not shift the board composition of CA-based firms with

gender-diverse boards in 2017, suggesting that my results are not driven by unobserved CA-specific

shocks. If the estimated effects of the quota on board gender diversity are upward biased due to

social change, then one would expect increases in female board representation among all CA com-

panies (even those already compliant with SB826). However, CA-based firms unaffected by the

quota did not change board composition in response to SB826. Figure 1.3 tracks the share of com-

panies with all-male boards among CA companies that already had female board representation in

2017. While the share of firms with all-male boards among the companies considered somewhat

rises between 2017 and 2020 (by less than 5 pp), similar patterns are also observed among non-

CA-based companies without all-male boards in 2017.38 Further, the estimated effects of SB826

on the board’s gender composition substantially decline when I estimate Equation 1.1 on the sam-

ple of all domestic and listed firms (Col 7, Table A4). Given this evidence, it is not surprising

that the triple differences point estimates fall within the 95 percent confidence interval of Table

1.3’s baseline estimates (Table A4, Col 6).39 These results corroborate that the baseline estimates
37Table A4 documents that SB826 reduced the share of all-male boards by 32 pp by 2020, while Table 1.3 documents

a reduction of 28 pp. Similarly, the former table shows SB826 increased female board share by 8pp, while the latter
table shows a 7pp increase.

38The low rates transition rates from gender-diverse to all-male boards is not a statistical anomaly. Figure A.2
expands to the full sample of domestic and listed companies and shows that companies infrequently transition from
gender-diverse to all-male boards.

39The triple differences specification uses the full sample of domestic and listed firms between 2015 and 2021. It
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presented in Table 1.3 accurately capture the causal effects of SB826.

To summarize, firms affected by SB826 overwhelmingly responded by adding female board

members. In contrast to firm responses in Norway, firms in California did not take systematic

actions to evade the scope of SB826. Within two years, the quota raised the average share of

female board members by 8 percentage points and reduced the share of all-male boards by 30

percentage points. To accommodate newly instated female board members, quota-affected firms

were substantially more likely to increase the size of their board.

These gains in female board representation are substantial. For context, the female board share

among all domestic and listed companies only increased by 7 percentage points between 2010 and

2017 (Figure 1.1). SB826 can thus be viewed as rapidly accelerating trends towards increased

gender diversity on corporate boards.

1.4.2 Compliance with SB826’s Phase-Two Requirements

California-based firms quickly adhered to the requirement that at least one woman be on the

board by the close of 2019. But they also increased female representation in response to the second

phase of SB826, which requires companies with six or more directors to have at least three female

directors by the end of 2021.40 These results suggest that compliance with the first stage of SB826

was not merely due to its minimal requirements.

In 2017, 12% of California-based companies would have met SB826’s Phase-Two require-

ments. By 2021, 63% of California-based companies were fully compliant with the requirements

(Table A5).41 Analogously, 16% of non-California based companies would be compliant with the

requirements in 2017 and 35% in 2021. In agreement with these descriptive statistics, I find that

presents OLS estimates of the following equation:

𝑌 𝑓 𝑡𝑖 = 𝛾0 + 𝜃 𝑓 + 𝛿𝐶𝐴,𝑡 + 𝜓𝐴𝑀𝐵,𝑡 + 𝛽

(
1[𝑌𝑒𝑎𝑟 ≥ 2019] × 𝐶𝐴 𝐴𝑀𝐵2017

)
+ 𝜖 𝑓 𝑡𝑖 (1.2)

40Companies with five directors are required to have two female directors, while companies with four or fewer
directors are required to have one female director.

41Note that gender composition of the board is measured as of the annual report date. 63% is an under-reporting of
the share of companies that meet SB826’s Phase-Two requirements, since companies can add female directors between
the annual report date and 12/31/2021.
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the quota increased the female director share by 6 percentage points among all California-based

companies by 2021 (Table A2). As a validity check, I observe that changes in the female share are

most prominent among the CA-based companies that need to add more female directors in order

to be compliant with the Phase-Two requirements (Table A3).

1.5 How Do Gender-Diverse Boards Affect Financial Performance?

Existing research has documented negative share price reactions to the announcement of SB826

[i.e. 18], but did compliance with the quota actually worsen financial performance? In this section,

I show that within three years, the quota did not deteriorate firm profitability, values, or returns

and, if anything, improved them.

California-based companies with all-male boards prior to the quota had declining Return on

Assets from 2015 to 2017, having experienced an 8 percentage point reduction over the period

(Figure A.5). The reduction among treated firms is more substantial than the two percentage

point decline experienced by control firms over the same period. However, operating performance

among treated firms catches up in the three years after the quota. The same figure shows that

between 2018 and 2021, average ROA among treated firms rises by 13 percentage points, compared

to a 7 percentage point increase among the control group.

Consistent with the visual evidence, the event-study estimates in Table 1.3, Column 7 indicate

that the quota raised operating performance by 8 percentage points within 3 years, with statistical

significance at the 1% level. Some (but not all) of the improvements in operating performance

can be explained by favorable economic conditions experienced by all California-based firms over

the post-treatment period.42 The triple differences point estimates show that the quota increased

ROA by 5.5 percentage points (s.e. 2.2) between 2018 and 2021 (Table A5).43 This point estimate

is lower than the 8 p.p estimate generated from the event-study model, but is still economically

42As of 2017, California based companies with gender-diverse had lower average ROAs than non-California based
companies with gender-diverse boards. Figure A.5 shows that the ROA gap declines over the post-treatment period.

43One can alternatively estimate a triple difference model where the within-state control group only consists of firms
that would be compliant with SB826’s 2021 requirements prior to the quota. Table A6 presents such results, which
shows that SB826 increased ROA by 6.6 p.p. by 2021. This result is not statistically significant at conventional levels.
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meaningful. For context, the baseline value for ROA among treated firms is -0.30 in 2017; a 5 p.p.

gain in ROA for these firms corresponds to a 17% improvement in operating performance.

I also observe that the quota had no deleterious impacts on financial performance when I look at

Tobin’s Q, a measure of a firm’s value.44 Average Tobin’s Q trends similarly between the treatment

and control group over the entire sample period, as shown in Figure A.6. Not surprisingly, I fail

to reject the standard null hypothesis that the quota had a zero impact on firm value (Table 1.3,

Column 6). To increase statistical precision, I pool all the post-treatment periods in a difference-

in-differences specification. Table 1.4, Column 1 shows that SB826 increased Tobin’s Q by 7%,

though once again the standard null hypothesis cannot be rejected at conventional levels.45 It is

interesting to note that an effect size of -1% falls outside the 95% confidence interval, once again

reaffirming the conclusion that the quota did not have any substantial negative impacts on financial

performance.

Similar results emerge upon considering the buy-and-hold returns from holding a portfolio of

quota-affected companies. The solid black line in Figure 1.5 shows that one dollar invested in a

market-value weighted portfolio of treated companies as of Jan 1st, 2018 would grow to $1.77 by

March 31st 2022. In contrast, the same dollar sunk into a value-weighted portfolio of companies in

the control group would grow to $1.43. Out-performance by the treatment group is not an artifact of

weighting the portfolio by market capitalization. If an investor were to purchase equally-weighted

portfolios, the superior performance by the treatment group would be further accentuated: a dollar

invested in the treatment group grows to $2.10, versus $1.30 for the control group (Figure A.7).

These results are not due to differing industry compositions across the treatment and control

groups. Figure A.8 presents results when I re-run Equation 1.1, but where the outcome variable is

each firm’s buy and hold return by quarter relative to the legislation’s passage. Since shareholder

returns are available at a higher frequency than annual financial data, I include interacted industry

by quarter fixed effects. These fixed effects control for common financial shocks experienced by

44Tobin’s Q, or Simple Q, has been used extensively in the literature as a measure of firm value [i.e. 12, 2]
45For context, Gompers et al. [12] find that a one point increase in their governance index is negatively associated

with an 11.4 percentage-point difference in Tobin’s Q.
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firms within the same industry in a given quarter. The point estimates attached to the final quarters

are approximately 0.7, indicating that the conclusions from the graphical analysis are robust to

industry controls. While statistical precision is weak, there are only three quarters in the post-

treatment period where the 95% confidence interval falls below 0. This finding corroborates the

conclusion that SB826 did not harm and plausibly increased medium-run shareholder returns.

To increase statistical precision, I consider an index of financial outcomes. As discussed by

Kling et al. [29] and Hoynes et al. [30], aggregating multiple outcome variables within a given

domain can lower standard errors. More specifically, I construct the index by first calculating the

z-scores of all the financial variables presented in Table 1.4, and then taking an equally-weighted

average.46 The z-scores are calculated by subtracting the control group mean and dividing by

the control group standard deviation, so each constituent of the index has mean 0 and standard

deviation 1 for the control group.

Upon considering the index, I find that SB826 modestly improved financial outcomes (Table

1.4). The point estimate in the first cell indicates the quota increased the index of financial out-

comes by 1/20th of a standard deviation, with statistical significance at the 10% level. When I add

a control for firm size in Column 2, point estimates and statistical precision improve (Coefficient

= 0.07, SE = 0.03).

The estimates using the overall sample mask some heterogeneity in the effects of the quota.

Companies with small boards (those with below-median board size) particularly benefited from

SB826. The difference-in-differences estimates show the quota raised ROA by 9 p.p and the index

of financial outcomes by 1/10th of a standard deviation among these companies. Given that board

expansion was a popular means of compliance, these results question whether smaller boards are

necessarily optimal, as is often claimed in the literature [i.e. 31]. Companies in male-dominated

industries may be especially burdened by compliance, as these industries plausibly have a limited

supply of qualified director candidates.47 These concerns do not appear well-founded, as the point

46The variables in the index include Return on Assets, Return on Equity, Log(Q), Log(Market to Book), Cash Flows,
Log(Employment), and Capital Intensity.

47I define male-dominated industries as the SICs that have below-median female board share as of 2017.
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estimates on the index when I restrict to male-dominated industries are positive (though statistically

insignificant). Relative to the baseline analysis, the effect of SB826 on profitability is smaller when

I restrict to companies where the CEO is chairman of the board (Column 8, Table 1.4). This result

is consistent with the theory that individual directors are less influential when the CEO has control

over the board. It also illustrates how the effect of gender quotas may depend on the allocation

of authority within organizations, which has been shown to affect bottom-line outcomes [i.e. 32].

Overall, this section demonstrates that the quota did not adversely affect financial performance in

the three years after its passage. This conclusion holds upon examining different types of financial

outcomes and conducting analysis on various splits of the sample.

1.6 Effects of the Quota on Board Characteristics

Given that the quota did not hurt financial performance, a natural question arises: why were

all-male boards the most popular form of board structure prior to the legislation? In this section,

I demonstrate that firms typically recruit candidates with top-level experience and connections to

corporate leadership. Women directors, including those appointed after the quota, are less likely to

possess these characteristics, which helps to explain why corporate leadership has been predomi-

nantly male.

I start by comparing the characteristics of all incoming male and female directors who start be-

tween 2015 - 2020 along three dimensions: education, experience, and connections. Even though

this period is associated with gradual increases in female board representation (Figure 1.1), Table

1.5 shows that new male appointments still outpaced new female appointments by more than three

to one. Incoming female directors are equally qualified as their male counterparts in terms of ed-

ucation, as proxied by MBA, Law Degree, and Ivy League attainment. In fact, incoming female

directors are 2pp more likely to have a Law Degree (9% male vs 11% female). However, there do

appear to be substantial gender differences in experience. Compared to incoming female directors,

incoming male directors are more likely to have prior Board (83% men vs 72% women), C-Suite

(70% men vs 67% women), and Same Sector experience (56% men vs 43% women). Although
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this finding is not novel [e.g. 1, 7], it is reassuring to observe in my sample period.

I also see that incoming male directors are substantially more likely to have employment rela-

tionships with existing company leadership than incoming female directors, contributing to a small

literature that investigates how workplace connection patterns affect male and female outcomes.48

Men have a staggering 21pp advantage in having prior connections with the incumbent board and

C-Suite. Further, 95 percent of incoming female directors are Non-Executive directors (compared

to 82 percent of male directors), resonating with the theme that female directors are predominantly

“outsiders.” While not definitive, these numbers do hint that path dependence contributes to gen-

der disparities in board membership: men are more likely to hold leadership positions, begetting

connections to other company leaders, which in turn generate more leadership positions.

The quota thus reduced the share of the board with prior top-level experience and connections

with leadership, consistent with underlying differences between the typical male and female direc-

tor over the sample period. I use Equation 1.1 to evaluate how the quota shifted the composition of

the boardroom. By 2020, SB826 reduced the share of the board with prior board and c-suite expe-

rience by 5 and 3 percentage points respectively (Table 1.6, Cols 4-5). After SB826, incidence of

top-level experience among incoming female directors is comparable across firms in the treatment

and control group, though gender-gaps still remain (Table 1.7). Therefore, reductions in the share

of the board with top-level experience are driven by the fact that treated firms were substantially

more likely to add female directors than control firms. Interestingly, there is no decline in the

board’s share with same-sector experience. This result implies that many of the women without

top-level experience who did break the “Glass Ceiling” came from the same sector as treated firms.

Perhaps the most striking effect of SB826 was its influence in promoting first-time directors

without prior employment connections onto corporate boards. By 2020, the quota lowered the

proportion of directors with prior employment connections to the board by 3% (Column 7 of

48Essen and Smith [33] find evidence of the “Old Boys Network” in the Danish board context, who show that
gendered connection patterns increase the likelihood that male candidates achieve board positions. Similarly, Cullen
and Perez-Truglia [34] show that gendered connection patterns advantage males in the promotion process. Kunze and
Miller [35] find that increased female representation in corporate leadership may benefit women in lower ranks, but
not women within the same rank.
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Table 1.6). When I consider the incidences of a prior board-board or same-gender connection,

this number rises to 4.6% and 5.4% respectively (Cols 8, 10). Moreover, 93% of female directors

held non-executive directorships in the post-quota period, which further validates the claim that

quota-appointed directors are outsiders.49

Although quota-appointed directors have different types of work experience, they do not ap-

pear less-qualified or influential on corporate boards. As demonstrated in the previous section,

financial outcomes did not decline in response to SB826; this finding rejects the hypothesis that

the quota would coerce firms to add unqualified directors who reduce measures of financial perfor-

mance. For more granular evidence at the director-level, I observe that 210 female directors filled

214 vacancies, indicating that treated firms pulled from a diverse array of board candidates (Table

1.7). On average, women entering treated firms received 1.87 committee appointments; 54% sat

on the auditing committee while 51% sat on the compensation committee. Although these values

are lower than that for men in the control group, the difference-in-differences estimates presented

in Table A5 find minimal support for the theory that SB826 changed the overall committee com-

position of corporate boards. There is one exception – the quota lowered the share of the board on

the audit committee, especially among firms in male-dominated industries. This result indicates

that quota-appointed directors were not immediately assigned the most important responsibilities

on corporate boards.

Overall, this section elucidates that the gender experience and connection gap contributes to

the gender representation gap in corporate leadership. The quota resulted in less experienced and

connected boards, but did not deteriorate and plausibly improved financial performance among

affected companies.

49More than 80% of directors are non-executive in the regression sample, so the point estimates in Column 11 are
small in magnitude and not statistically significant.
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1.7 Conclusion

In this paper, I show that SB826, which mandated at least one woman onto corporate boards by

the end of 2019, successfully introduced gender diversity without reducing corporate performance.

Within two years, the legislation increased women’s share on corporate boards by 7 percentage

points, which corresponds to the entire gain in female board representation between 2010 and 2017.

Within three years, quota-affected companies plausibly experienced higher shareholder returns,

firm values, and operating performance. My results should not be taken to imply that quotas are

a panacea for addressing the lack of diverse representation in leadership. Many firms might have

added female representation even absent the quota. I document that firms add gender diversity onto

the boardroom as they age, so the quota can be interpreted as accelerating a natural process.

Nevertheless, proponents of active governmental invention to address inequalities may rejoice

in this paper’s findings. The quota created a pathway for qualified women to enter corporate

leadership without harming performance. But this result poses somewhat of a puzzle: why didn’t

the shareholders of quota-affected companies adopt gender-diverse boards prior to the legislation?

This paper provides support for the theory that some capable women do not reach the top because

they are not connected to incumbent male leadership. Employment connections develop through

work experience, so it may not be entirely surprising that the quota also lowered the share of the

board with prior board and c-suite experiences. The quota increased firm outreach efforts while

maintaining bottom-line outcomes, in much the same way that some universal school outreach

programs have improved minority representation while maintaining student-level outcomes [36].

The results of this paper may not be very surprising to some readers. The quota imposed a

relatively minor requirement that one woman be on the corporate board. Firms complied with

this low bar, and there there do not appear to be any adverse consequences of eliminating all-

male boards within 3 years. However, the quota may generate externalities that take years to

materialize. A promising avenue for future research would be examine whether the quota created

gains for women that were not mandated by the legislation. It would be worthwhile to follow-up
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in the upcoming years to study whether quota-affected firms continued to recruit women or if the

first-time female directors appointed after SB826 earned additional corporate leadership positions.

For the more immediate present, socially conscious investors and policy-makers can take home

the message that moderate pressures to increase diversity can be good for business and minority

representation.

Figure 1.1: Female Board Share versus Female Share of MBA
graduates
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Note: The female share of MBA graduates is taken from NCES Table 325.25, which tracks postsecondary
institutions participating in Title IV federal financial aid programs. The annual female board

share of domestic and listed companies is derived from BoardEx's Organizational Summary files.
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Figure 1.2: Annual Statistics on Female Directors
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Note: Panel A displays the annual number of female directors and Panel B shows year over year changes in the number of female
directors. The sample restricts to an unbalanced panel of California−based listed companies observed between 2010−2021. The

gender composition of firms is provided by BoardEx, and historical headquarter location is triangulated from Compustat Snapshot,
SEC reports, and BoardEx. CA SB 826, approved on 9/30/2018, mandated at least 1 woman be on the corporate board of listed

companies with HQ in CA by 12/31/2019.
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Figure 1.3: Share of Companies with All Male Corporate Boards
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Notes: CA SB 826, approved on 9/30/2018, mandated at least 1 woman be on the corporate board of any
listed company with HQ in CA by 12/31/2019. Listed companies have shares listed on the NASDAQ,
NYSE, or NYSE American. The sample tracks an unbalanced panel of firms that were domestic and

listed in 2017, the year before SB 826 was signed.
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Figure 1.4: Event Study Results
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Figure 1.5: Value-Weighted Returns
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Note: The sample tracks an unbalanced panel of firms that were domestic and listed in 2017, the year before SB 826 was signed. Firms
that delist and have missing delisting returns, or do not delist and have missing returns, are dropped. Company specific

buy−and−hold−returns are weighted by market value as of SB826. SB826 was announced on Sunday September 30th, and Monday October 1st
was the first trading day after the legislation's announcement. Daily security returns are provided by CRSP. Among companies with

multiple securities, I choose the security with the highest average trading volume between Jan 2nd, 2015 and March 31st, 2022.
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Table 1.1: Sample Size
HQ in CA HQ outside of CA

Year
N:

All Firms N N: AMB Pr(AMB) N N: AMB Pr(AMB)

2015 4013 664 266 0.40 3349 1134 0.34
2016 3872 647 242 0.37 3225 1021 0.32
2017 3845 644 204 0.32 3201 942 0.29
2018 3817 658 166 0.25 3159 760 0.24

2019 3795 671 59 0.09 3124 582 0.19
2020 3861 702 24 0.03 3159 475 0.15
2021 3977 772 12 0.02 3205 314 0.10

Note:
The sample restricts to domestic and listed companies that report board gen-
der and headquarter location. The annual gender composition of corporate
boards is provided by BoardEx and reflects the board’s composition as of
the company’s annual report date. Headquarter location is triangulated from
Compustat Snapshot, BoardEx, and SEC filings. The universe of listed com-
panies is derived from CRSP. ”AMB” refers to companies with All-Male
Boards. CA’s SB826, approved on 9/30/2018, mandated at least 1 woman be
on the corporate board of any listed with HQ in CA by 12/31/2019.
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Table 1.2: Firm Characteristics in 2017

CA-HQ
Outside
CA-HQ Diff P-Value

N:
CA-HQ

N:
Outside
CA-HQ

Boardroom Characteristics
Board Size 6.38 6.75 -0.37 0.00 204 943
Dual CEO/Chairman Role 0.38 0.37 0.00 0.93 204 943
Director Age 61.00 61.64 -0.64 0.15 204 942
MBA Degree 0.39 0.34 0.05 0.01 204 941
Prior Board Experience 0.81 0.77 0.04 0.03 204 942
Prior C-Suite Experience 0.69 0.61 0.08 0.00 204 942
Prior Same Sector Experience 0.51 0.44 0.07 0.01 204 942
Prior Conx w/Board 0.57 0.54 0.03 0.23 204 941
Prior Board Conx w/Board 0.41 0.38 0.03 0.27 204 941
Prior Conx w/ C-Suite 0.49 0.43 0.05 0.03 204 940
Prior Same Gender Conx w/Board 0.56 0.54 0.03 0.22 204 941
Non-Executive Director 0.78 0.80 -0.02 0.04 204 943

Firm Characteristics
Age 16.07 19.21 -3.14 0.00 202 942
Employees (k) 0.79 1.99 -1.19 0.00 193 875
Return on Assets -0.30 -0.12 -0.18 0.00 194 895
Log(Tobin’s Q) 0.82 0.55 0.28 0.00 188 870
Log(Market Value) 5.37 5.54 -0.16 0.23 189 874

Company Policies
1(Delist) 0.02 0.01 0.01 0.23 204 943
1(Merger or Reorg) 0.00 0.00 0.00 0.90 204 943
1(Dividend) 0.14 0.36 -0.22 0.00 204 943
1(Incr in Shares Outstanding ≥ 5 percent) 0.04 0.04 -0.01 0.73 204 943
1(Decr in Shares Outstanding ≥ 5 percent) 0.06 0.07 -0.01 0.74 204 943

Committee Composition
Avg Committee Load 2.90 2.72 0.17 0.02 203 939
Audit Share 0.73 0.73 0.00 0.79 203 939
Compensation Share 0.69 0.66 0.03 0.06 203 939
Nominating Share 0.63 0.58 0.06 0.01 203 939
Other Share 0.03 0.05 -0.02 0.00 203 939

Industry Composition
Agriculture, Forestry and Fishing 0.00 0.00 0.00 0.59 204 943
Construction 0.00 0.01 -0.01 0.34 204 943
Finance, Insurance and Real Estate 0.08 0.18 -0.10 0.00 204 943
Manufacturing 0.34 0.26 0.08 0.02 204 943
Mining 0.01 0.09 -0.08 0.00 204 943
Non-Classified 0.34 0.23 0.12 0.00 204 943
Retail Trade 0.01 0.03 -0.02 0.06 204 943
Services 0.16 0.12 0.04 0.14 204 943
Transportation, Communications, Electric, Gas and Sanitary service 0.02 0.06 -0.04 0.01 204 943
Wholesale Trade 0.02 0.03 -0.01 0.53 204 943

Note:
The sample restricts to firm-year observations in 2017 and selects companies that were domestic, listed, and had an all-male board. Sample
sizes differ across rows due to missing values. Raw means and p-values from a two sided t-test reported. Boardroom characteristics are derived
from BoardEx and represent mean values in 2017. Financial variables are derived from Compustat’s annual fundamental files, and are either log
transformed or winsorized at the 1st and 99th percentiles. The percentiles are calculated relative to all domestic and listed companies observed in
the 2017. Tobin’s q is the ratio of the firm’s market value to its book value of assets. Market value is book assets plus book equity minus market
value of equity. ROA is net income before extraordinary items and discontinued operations divided by book assets. All company policy variables
are derived from CRSP’s events files. A company delists if none of the company’s securities are listed the subsequent year. All other company
policies indicate if the event occured for some security during the calendar year, and are derived from CRSP’s Events files. Committee membership
is derived from Boardex’s Committee files. The first row represents the average (over all companies) of the mean committee load within a company.
The remaining rows in the section represent the average (over all companies) share of directors that serve on a given committee. Industries are
categorized into 11 divisions using the 4 digit SIC code, following OSHA’s crosswalk. SIC codes are derived from CRSP’s Names files.
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Table 1.3: Effects of the Gender Quota on Board Composition and
Operating Performance

Board Composition Operating Performance

Dependent Variables: Male Share of Board 1(All-Male Board) Board Size 1(Expand Board) 1(Male Dropped) Log(Tobin’s Q) Return on Assets
Model: (1) (2) (3) (4) (5) (6) (7)

Variables
𝐶𝐴2017 × Year = 2015 -0.007 -0.043 0.114 -0.034 0.047 -0.052 0.051

(0.005) (0.029) (0.108) (0.050) (0.056) (0.047) (0.032)
𝐶𝐴2017 × Year = 2016 -0.0006 -0.005 0.050 -0.042 -0.009 -0.048 0.070∗∗

(0.003) (0.021) (0.084) (0.045) (0.053) (0.042) (0.031)
𝐶𝐴2017 × Year = 2018 -0.006 -0.028 0.060 0.037 0.025 0.007 0.046∗

(0.006) (0.036) (0.087) (0.055) (0.055) (0.039) (0.025)
𝐶𝐴2017 × Year = 2019 -0.056∗∗∗ -0.300∗∗∗ 0.223∗∗ 0.135∗∗∗ -0.004 0.040 0.081∗∗∗

(0.008) (0.038) (0.112) (0.052) (0.057) (0.050) (0.027)
𝐶𝐴2017 × Year = 2020 -0.078∗∗∗ -0.297∗∗∗ 0.172 -0.024 0.055 0.094 0.098∗∗∗

(0.008) (0.032) (0.124) (0.051) (0.060) (0.060) (0.036)
𝐶𝐴2017 × Year = 2021 -0.105∗∗∗ -0.223∗∗∗ 0.306∗∗ 0.070 -0.018 0.025 0.079∗∗

(0.010) (0.025) (0.137) (0.053) (0.062) (0.067) (0.033)

Fixed-effects
Firm Yes Yes Yes Yes Yes Yes Yes
Year-SIC Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 6,878 6,878 6,878 6,638 6,638 5,979 6,625
Dependent variable mean 0.945 0.692 6.91 0.229 0.415 0.493 -0.139
Number of Firms 1,146 1,146 1,146 1,139 1,139 1,103 1,133

Clustered (Firm) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The sample restricts to an unbalanced panel of firms that were domestic, listed, and had all-male boards in 2017. The time period covered is 2015 - 2021, with reported effects relative
to the 2017 baseline. Standard errors are clustered at the firm level. Treated firms have CA headquarters and all-male boards as of 2017. The ’Expand Board’ indicator equals one if
board size increases relative to the prior year. ’Male Dropped’ equals 1 if some male director present in the previous year is not present in the current year. Tobin’s Q is the ratio of the
firm’s market value to its book value of assets, and is log transformed. Market value is book assets plus book equity minus market value of equity. ROA is net income before
extraordinary items and discontinued operations divided by book assets, and is winsorized at the 1st and 99th percentiles of the regression sample. Outcome variables related to board
composition are derived from BoardEx’s organizational summary files, which provides the director roster as of the company’s annual report date. Financial variables are derived from
Compustat’s annual fundamental files. Industries are categorized into 11 divisions using the 4 digit SIC code, following OSHA’s crosswalk. SIC codes are derived from CRSP’s Names
files. Sample sizes vary due to missing values of the outcome variable. CA SB 826, approved on 9/30/2018, mandated at least 1 woman be on the corporate board of any listed with HQ
in CA by 12/31/2019.
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Table 1.4: Effects of the Gender Quota on Financial Outcomes:
Heterogeneity

Baseline
Size

Control
Small
Brd

Male-Dominated
Industry

Index of Financial Outcomes 0.054 (0.030) 0.071 (0.027) 0.100 (0.039) 0.040 (0.035)
ROA 0.046 (0.022) 0.040 (0.021) 0.090 (0.034) 0.040 (0.028)
ROE 0.072 (0.074) 0.067 (0.073) 0.139 (0.112) 0.083 (0.097)
Log(Q) 0.071 (0.041) 0.070 (0.041) 0.086 (0.063) 0.074 (0.051)
Log(Market to Book) 0.099 (0.065) 0.097 (0.065) 0.147 (0.087) 0.118 (0.083)
Cash Flow 0.045 (0.022) 0.040 (0.021) 0.090 (0.035) 0.038 (0.028)
Log(Employment) 0.023 (0.015) 0.017 (0.014) 0.012 (0.017) 0.034 (0.017)
Capital Intensity 0.004 (0.002) 0.004 (0.002) 0.005 (0.003) 0.004 (0.003)

Note:
The sample restricts to an unbalanced panel of firms that were domestic, listed, and had all-male
boards in 2017. The time period covered is 2015 - 2021. The table presents the coefficients
and standard errors from the difference-in-differences model. Standard errors are clustered at the
firm level. The index of financial outcomes averages the z-score across all financial outcomes,
following Kling, Liebman, and Katz (2007). For each financial outcome, the z-score subtracts the
mean of the control group, then divides by the standard deviation of the control group. Financial
variables are derived from Compustat’s annual fundamental files, are reported in millions, and are
either log transformed or winsorized at the 1st and 99th percentiles. The percentiles are calculated
relative to all domestic and listed companies observed in the annual distribution. Industries are
categorized into 11 divisions using the 4 digit SIC code, following OSHA’s crosswalk. SIC codes
are derived from CRSP’s Names files. Column 2 adds a control for firm size, which is proxied
by Log(Revenues). Column 3 subsets to companies that had fewer than 7 directors (the median
board size) in 2017. Column 4 subsets to firms in industries with below-average female board
representation. Industry classification and averages are calculated using the 2017 cross-section.
CA SB 826, approved on 9/30/2018, mandated at least 1 woman be on the corporate board of any
listed with HQ in CA by 12/31/2019. See data appendix for variable definitions.
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Table 1.5: Characteristics of Incoming Directors by
Gender

Male Female Difference P Value

Age & Education
Age 57.03 56.07 0.96 0.00
MBA Degree 0.38 0.38 0.00 0.83
Ivy League Degree 0.27 0.27 0.00 0.91
Law Degree 0.10 0.12 -0.02 0.00

Experience
Prior Board Experience 0.83 0.72 0.11 0.00
Prior C-Suite Experience 0.70 0.67 0.03 0.00
Prior Same Sector Experience 0.55 0.43 0.12 0.00

Connections
Prior Connection to Incumbent Board 0.61 0.39 0.21 0.00
Prior Board Connection with Incumbent Board 0.41 0.19 0.22 0.00
Prior Connections to the C-Suite 0.50 0.28 0.22 0.00
Prior Same Gender Connection to Incumbent Board 0.59 0.14 0.45 0.00
Non-Executive Director 0.82 0.95 -0.13 0.00

Sample Size
Number of Positions 20412 6492
Number of Directors 16434 4896
Number of Companies 4516 3581

Note:
The sample restricts to all incoming directors within domestic and listed companies. The time period consid-
ered is 2015 - 2020. Raw means and p-values from a two sided t-test reported. Observable characteristics of
incoming directors at the time the boardship begins are derived from BoardEx. Age and education derived
from director profile files, experience via employment history files, and connections through the network
files. Two directors have a prior connection if they overlapped at a previous company. Sectoral classification
following the FTSE International standard is provided by BoardEx; see Table A7 for the full list of sectors.
Experience and connections gained through work spells in non-listed companies are counted.
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Table 1.6: Effects of the Gender Quota on Boardroom
Characteristics

Demographics Experience Connections

Dependent Variables: Age Male MBA
Brd
Exp

C-Suite
Exp

Sector
Exp

Brd
Conx

Brd-Brd
Conx

C-Suite
Conx

Same Gender
Brd Conx

Non-Exec
Dir.

Model: (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Variables
𝐶𝐴2017 × Year = 2015 0.231 -0.007 -0.005 0.013 -0.002 0.007 0.004 0.013 -0.004 0.001 0.013∗

(0.285) (0.005) (0.012) (0.010) (0.011) (0.012) (0.013) (0.013) (0.013) (0.013) (0.007)
𝐶𝐴2017 × Year = 2016 -0.039 -0.0007 0.003 0.006 0.003 0.005 -0.006 -0.004 -0.007 -0.005 0.003

(0.196) (0.003) (0.009) (0.006) (0.008) (0.008) (0.009) (0.009) (0.009) (0.009) (0.006)
𝐶𝐴2017 × Year = 2018 0.035 -0.007 -0.011 -0.004 -0.006 0.016∗ -0.015 -0.002 -0.014 -0.022∗ 0.010∗

(0.179) (0.006) (0.009) (0.008) (0.009) (0.009) (0.012) (0.010) (0.010) (0.011) (0.006)

𝐶𝐴2017 × Year = 2019 -0.175 -0.056∗∗∗ -0.015 -0.025∗∗ -0.023∗ 0.003 -0.028∗ -0.024∗ -0.023 -0.049∗∗∗ 0.013∗
(0.249) (0.008) (0.012) (0.012) (0.012) (0.012) (0.014) (0.013) (0.014) (0.013) (0.007)

𝐶𝐴2017 × Year = 2020 -0.111 -0.078∗∗∗ -0.022 -0.033∗∗ -0.029∗∗ 0.010 -0.026 -0.033∗∗ -0.014 -0.053∗∗∗ 0.006
(0.309) (0.008) (0.013) (0.014) (0.014) (0.015) (0.016) (0.016) (0.017) (0.015) (0.008)

2SLS �1(𝐺𝑒𝑛𝑑𝑒𝑟𝐷𝑖𝑣𝑒𝑟𝑠𝑒𝐵𝑜𝑎𝑟𝑑) -0.610 -0.224∗∗∗ -0.056 -0.111∗∗∗ -0.089∗∗ −6.81 × 10−5 -0.078∗ -0.102∗∗ -0.045 -0.156∗∗∗ 0.015
(0.855) (0.015) (0.039) (0.041) (0.041) (0.041) (0.046) (0.044) (0.046) (0.041) (0.020)

Fixed-effects
Firm Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year-SIC Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
F-test (1st stage) 238.8 241.1 207.8 237.2 237.2 237.2 231.1 231.1 216.0 231.1 241.1
Observations 40,969 41,567 37,161 41,029 41,029 41,029 39,978 39,978 38,801 39,978 41,567
Dependent variable mean 61.9 0.956 0.354 0.759 0.618 0.454 0.529 0.354 0.429 0.512 0.808
Number of Firms 1,146 1,146 1,145 1,146 1,146 1,146 1,145 1,145 1,145 1,145 1,146

Clustered (Firm) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The sample restricts to all directors within firms that were domestic, listed, and had all-male boards as of 2017. The time period covered is 2015 - 2020, with reported effects relative to the 2017
baseline. Standard errors clustered at the firm level. Treated firms have CA headquarters and all-male boards as of 2017. Two directors have a prior connection if they overlapped at a previous
company. Regression is weighted by the inverse of annual board size. Director-level characteristics measured upon year of onboarding. Sectoral classification used to code sectoral experience is
provided by BoardEx; see Table A7 for the full list of sectors. Experience and connections gained through work spells in non-listed companies are counted. Industry variable used in the fixed effects
are derived from 4 digit SIC codes provided by CRSP. Sample sizes vary due to missing values of director characteristics.
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Table 1.7: Characteristics of Incoming, Exiting, and Retained
Directors by Treatment Status

California HQ Non-California HQ

Entering F Entering M Exiting M Retained M Entering F Entering M Exiting M Retained M

Age & Education
Age 56.79 56.33 62.12 60.83 55.93 56.25 62.78 61.54
MBA Degree 0.33 0.33 0.39 0.39 0.33 0.35 0.34 0.35

Experience
Prior Board Experience 0.56 0.69 0.82 0.80 0.57 0.68 0.77 0.78
Prior C-Suite Experience 0.62 0.64 0.67 0.70 0.62 0.64 0.58 0.62
Prior Same Sector Experience 0.48 0.58 0.54 0.52 0.42 0.52 0.47 0.44

Connections
Prior Conx w/Board 0.31 0.37 0.56 0.58 0.29 0.48 0.57 0.55
Prior Board Conx w/Board 0.08 0.13 0.40 0.41 0.09 0.20 0.38 0.38
Prior Conx w/ C-Suite 0.19 0.29 0.47 0.50 0.17 0.33 0.44 0.44
Prior Same Gender Conx w/Board 0.03 0.35 0.55 0.57 0.03 0.46 0.56 0.54
Non-Executive Director 0.93 0.80 0.84 0.78 0.95 0.80 0.83 0.80

Committee Composition
Number of Committees 1.87 2.44 2.81 2.82 1.90 2.19 2.61 2.68
Audit Committee 0.54 0.62 0.63 0.69 0.57 0.63 0.65 0.68
Compensation Committee 0.51 0.60 0.66 0.64 0.46 0.53 0.62 0.62
Nominating Committee 0.54 0.54 0.62 0.60 0.50 0.43 0.54 0.56
Other Committee 0.04 0.03 0.04 0.04 0.06 0.08 0.07 0.07

Sample Size
Number of Positions 214 224 402 941 566 1076 1660 4856
Number of Directors 210 222 391 919 549 1058 1614 4592
Number of Companies 147 105 150 198 443 502 646 918

Note:
The sample considers firms that were domestic, listed, and had all-male boards as of 2017. Entering (Exiting) directors join (leave) sometime between 2018 - 2020.
Retained directors remain with the company between 2017 - 2020. These variables are derived from BoardEx’s organizational summary files, which provides the
complete director roster as of the annual report date. Two directors have a prior connection if they overlapped at a previous company. Director-level characteristics
measured upon year of onboarding. Sectoral classification used to code sectoral experience is provided by BoardEx; see Table A7 for the full list of sectors. Directors
may hold multiple positions. Some directors have missing characteristics.
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Table A1: Growing Firms Adopt Gender Diverse Boards:
Sun and Abraham (2021) Estimator

Dependent Variables: Log(Assets) Log(Revenues) Log(COGS) Log(Liabilities) Log(Employees) Log(Market Value) 1(Dividend) Board Size
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Variables
1(𝐷𝑖𝑣𝑒𝑟𝑠𝑒) × Relative Year = -4 to -7 -0.025 0.003 0.005 -0.035 0.0007 -0.078∗∗ -0.003 0.384∗∗∗

(0.030) (0.031) (0.035) (0.033) (0.013) (0.034) (0.011) (0.053)
1(𝐷𝑖𝑣𝑒𝑟𝑠𝑒) × Relative Year = -3 -0.051∗∗ -0.036 -0.008 -0.040 -0.026∗∗∗ -0.108∗∗∗ -0.013 0.169∗∗∗

(0.025) (0.025) (0.029) (0.028) (0.009) (0.030) (0.012) (0.048)
1(𝐷𝑖𝑣𝑒𝑟𝑠𝑒) × Relative Year = -2 -0.022 -0.014 -0.040∗∗ -0.029 -0.016∗∗∗ -0.025 -0.014∗ 0.131∗∗∗

(0.014) (0.016) (0.018) (0.018) (0.005) (0.020) (0.008) (0.034)
1(𝐷𝑖𝑣𝑒𝑟𝑠𝑒) × Relative Year = 0 0.045∗∗∗ 0.049∗∗∗ 0.043∗∗ 0.040∗∗ 0.020∗∗∗ 0.045∗∗ 0.010 0.845∗∗∗

(0.013) (0.018) (0.019) (0.017) (0.006) (0.018) (0.007) (0.037)
1(𝐷𝑖𝑣𝑒𝑟𝑠𝑒) × Relative Year = 1 0.066∗∗∗ 0.070∗∗ 0.036 0.044∗ 0.022∗∗∗ 0.066∗∗ 0.021∗∗ 0.759∗∗∗

(0.020) (0.027) (0.029) (0.027) (0.008) (0.028) (0.010) (0.050)
1(𝐷𝑖𝑣𝑒𝑟𝑠𝑒) × Relative Year = 2 0.075∗∗∗ 0.084∗∗ 0.065∗ 0.059∗ 0.040∗∗∗ 0.086∗∗ 0.028∗∗ 0.729∗∗∗

(0.029) (0.036) (0.038) (0.036) (0.012) (0.038) (0.013) (0.061)
1(𝐷𝑖𝑣𝑒𝑟𝑠𝑒) × Relative Year = 3 to 7 0.076∗∗ 0.085∗ 0.076 0.037 0.058∗∗∗ 0.143∗∗∗ 0.026 0.764∗∗∗

(0.038) (0.046) (0.051) (0.047) (0.017) (0.053) (0.017) (0.084)

Fixed-effects
Firm Yes Yes Yes Yes Yes Yes Yes Yes
Year-SIC Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 15,620 15,592 15,593 15,579 15,381 14,942 16,281 16,281
Dependent variable mean 6.05 5.16 4.60 5.25 0.777 5.81 0.362 7.37
F-test 598.9 552.2 426.3 519.5 939.8 305.4 141.0 119.0
Number of Firms 2,879 2,873 2,874 2,877 2,848 2,859 2,981 2,981

Clustered (Firm) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The sample restricts to an unbalanced panel of all domestic and listed firms between 2010-2017. Effects are relative to one year prior to the adoption of gender diverse boards. Relative periods are binned
at four years prior to adoption and three years after adoption. Diverse firms transition away from all-male boards sometime between 2010-2017. Firm-year observations among companies that always
have gender diverse boards when observed are dropped. Further, observations with negative revenues and cost of goods sold are dropped. All firm-year observations are included for companies that do
not adopt diverse boards during the sample period. Standard errors are clustered at the firm level. Columns 1-6 are derived from Compustat’s annual fundamental files. Column 7 is derived from CRSP’s
Dividend file, while Column 8 and the diverse indicator are derived from BoardEx’s organizational summary file. Industries are categorized into 11 divisions using the 4 digit SIC code, following OSHA’s
crosswalk. SIC codes are derived from CRSP’s Names files. Sample sizes vary due to missing values.
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Table A2: Compliance with SB826’s 2021 Requirements: Define
All California-Based Firms as Treated

Dependent Variables: Male Share of Board 1(All-Male Board) Board Size 1(Expand Board) 1(Male Dropped)
Model: (1) (2) (3) (4) (5)

Variables
1(𝐶𝐴 𝐻𝑄2017 ) × Year = 2015 0.003 0.017 -0.023 -0.005 -0.026

(0.004) (0.018) (0.061) (0.030) (0.032)
1(𝐶𝐴 𝐻𝑄2017 ) × Year = 2016 0.005∗ 0.021 -0.049 -0.026 -0.031

(0.003) (0.014) (0.045) (0.029) (0.030)
1(𝐶𝐴 𝐻𝑄2017 ) × Year = 2018 0.0008 -0.009 0.021 -0.007 -0.006

(0.003) (0.013) (0.047) (0.030) (0.031)
1(𝐶𝐴 𝐻𝑄2017 ) × Year = 2019 -0.021∗∗∗ -0.094∗∗∗ 0.178∗∗∗ 0.073∗∗ -0.007

(0.004) (0.020) (0.060) (0.029) (0.032)
1(𝐶𝐴 𝐻𝑄2017 ) × Year = 2020 -0.034∗∗∗ -0.088∗∗∗ 0.199∗∗∗ -0.021 0.011

(0.005) (0.021) (0.065) (0.029) (0.032)
1(𝐶𝐴 𝐻𝑄2017 ) × Year = 2021 -0.060∗∗∗ -0.071∗∗∗ 0.369∗∗∗ 0.074∗∗ 0.008

(0.006) (0.021) (0.073) (0.031) (0.032)

Fixed-effects
Firm Yes Yes Yes Yes Yes
Year-SIC Yes Yes Yes Yes Yes

Fit statistics
Observations 24,066 24,066 24,066 23,498 23,498
Dependent variable mean 0.830 0.226 8.55 0.256 0.450
Number of Firms 3,845 3,845 3,845 3,830 3,830

Clustered (Firm) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The sample restricts to an unbalanced panel of firms that were domestic and listed in 2017. The time period covered is 2015 - 2021, with reported
effects relative to the 2017 baseline. Standard errors are clustered at the firm level. Treated firms have CA headquarters as of 2017. The ’Expand
Board’ indicator equals one if board size increases relative to the prior year. ’Male Dropped’ equals 1 if some male director present in the previous
year is not present in the current year. Outcome variables related to board composition are derived from BoardEx’s organizational summary files,
which provides the director roster as of the company’s annual report date. Industries are categorized into 11 divisions using the 4 digit SIC code,
following OSHA’s crosswalk. SIC codes are derived from CRSP’s Names files. Sample sizes vary due to missing values of the outcome variable. CA
SB 826, approved on 9/30/2018, mandated at least 1 woman be on the corporate board of any listed with HQ in CA by 12/31/2019. The second stage
of SB826 requires companies with 6 or more directors to have at least 3 female directors by the end of 2021. Companies with 5 (4) directors are
required to have at least 2 (1) female directors by the end of 2021.
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Table A3: Compliance with SB826’s 2021 Requirements: Restrict
Analysis to California-Based Firms

Dependent Variables: Male Share of Board 1(All-Male Board) Board Size 1(Expand Board) 1(Male Dropped)
Model: (1) (2) (3) (4) (5)

Variables
𝑆ℎ𝑜𝑟𝑡 𝑓 𝑎𝑙𝑙2017 × Year = 2015 -0.031∗∗∗ -0.036∗∗ 0.048 0.010 0.006

(0.004) (0.015) (0.061) (0.031) (0.032)
𝑆ℎ𝑜𝑟𝑡 𝑓 𝑎𝑙𝑙2017 × Year = 2016 -0.018∗∗∗ -0.015 0.008 0.014 0.023

(0.003) (0.010) (0.045) (0.027) (0.031)
𝑆ℎ𝑜𝑟𝑡 𝑓 𝑎𝑙𝑙2017 × Year = 2018 -0.015∗∗∗ -0.095∗∗∗ 0.016 0.048 0.039

(0.003) (0.015) (0.049) (0.031) (0.031)
𝑆ℎ𝑜𝑟𝑡 𝑓 𝑎𝑙𝑙2017 × Year = 2019 -0.042∗∗∗ -0.247∗∗∗ 0.024 0.049∗ 0.067∗∗

(0.004) (0.017) (0.063) (0.028) (0.030)
𝑆ℎ𝑜𝑟𝑡 𝑓 𝑎𝑙𝑙2017 × Year = 2020 -0.058∗∗∗ -0.290∗∗∗ 0.011 0.020 0.074∗∗

(0.004) (0.016) (0.067) (0.030) (0.031)
𝑆ℎ𝑜𝑟𝑡 𝑓 𝑎𝑙𝑙2017 × Year = 2021 -0.076∗∗∗ -0.301∗∗∗ 0.085 0.057∗ 0.033

(0.005) (0.015) (0.073) (0.031) (0.031)

Fixed-effects
Firm Yes Yes Yes Yes Yes
Year-SIC Yes Yes Yes Yes Yes

Fit statistics
Observations 4,018 4,018 4,018 3,901 3,901
Dependent variable mean 0.820 0.215 7.99 0.284 0.454
Number of Firms 644 644 644 641 641

Clustered (Firm) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The sample restricts to an unbalanced panel of firms that were domestic, listed, and had CA headquarters in 2017. The time period covered is 2015 -
2021, with reported effects relative to the 2017 baseline. Standard errors are clustered at the firm level. ’Shortfall’ equals the number of female
directors a company would need to add in 2017 to be compliant with SB826’s 2021 requirements. The ’Expand Board’ indicator equals one if board
size increases relative to the prior year. ’Male Dropped’ equals 1 if some male director present in the previous year is not present in the current year.
All outcome variables are derived from BoardEx’s organizational summary files, which provides the director roster as of the company’s annual report
date. CA SB 826, approved on 9/30/2018, mandated at least 1 woman be on the corporate board of any listed with HQ in CA by 12/31/2019. The
second stage of SB826 requires companies with 6 or more directors to have at least 3 female directors by the end of 2021. Companies with 5 (4)
directors are required to have at least 2 (1) female directors by the end of 2021.
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Table A4: Effects of the Gender Quota on Board Composition:
Robustness Checks

Dependent Variables: 1(All-Male Board) 1(Expand Board)
Size

Control
Dem.

Subsample
AMB

2015-2017
Small
Brd

Male
Industry

Triple
Diff

CA
Treated

Size
Control

Dem.
Subsample

AMB
2015-2017

Small
Brd

Male
Industry

Triple
Diff

CA
Treated

Model: (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14)

Variables
Treated × Year = 2015 -0.022 -0.040 0.0009 -0.030 -0.045 -0.107∗∗∗ 0.017 0.007 -0.054 0.004 0.036 -0.063 -0.041 -0.005

(0.029) (0.031) (0.002) (0.042) (0.036) (0.035) (0.018) (0.053) (0.054) (0.055) (0.061) (0.066) (0.061) (0.030)
Treated × Year = 2016 -0.005 -0.004 0.002 0.022 -0.007 -0.055∗∗ 0.021 -0.017 -0.063 -0.080∗ -0.102∗∗ -0.082 -0.034 -0.026

(0.021) (0.022) (0.002) (0.029) (0.026) (0.025) (0.014) (0.047) (0.049) (0.047) (0.047) (0.058) (0.058) (0.029)
Treated × Year = 2018 -0.042 -0.049 -0.008 -0.055 -0.024 -0.032 -0.009 0.051 0.039 0.046 0.040 0.030 0.054 -0.007

(0.039) (0.039) (0.041) (0.049) (0.044) (0.037) (0.013) (0.056) (0.058) (0.063) (0.069) (0.069) (0.065) (0.030)

Treated × Year = 2019 -0.281∗∗∗ -0.331∗∗∗ -0.303∗∗∗ -0.364∗∗∗ -0.322∗∗∗ -0.301∗∗∗ -0.094∗∗∗ 0.160∗∗∗ 0.102∗ 0.151∗∗∗ 0.197∗∗∗ 0.142∗∗ 0.079 0.073∗∗

(0.041) (0.043) (0.045) (0.056) (0.047) (0.038) (0.020) (0.055) (0.056) (0.058) (0.063) (0.066) (0.062) (0.029)
Treated × Year = 2020 -0.299∗∗∗ -0.334∗∗∗ -0.329∗∗∗ -0.389∗∗∗ -0.283∗∗∗ -0.306∗∗∗ -0.088∗∗∗ 0.040 -0.031 -0.037 -0.028 -0.066 0.006 -0.021

(0.033) (0.037) (0.034) (0.048) (0.039) (0.032) (0.021) (0.054) (0.054) (0.058) (0.066) (0.063) (0.061) (0.029)
Treated × Year = 2021 -0.236∗∗∗ -0.223∗∗∗ -0.210∗∗∗ -0.308∗∗∗ -0.240∗∗∗ -0.239∗∗∗ -0.068∗∗∗ 0.109∗∗ 0.032 0.068 -0.027 0.083 -0.026 0.077∗∗

(0.027) (0.031) (0.030) (0.040) (0.029) (0.025) (0.021) (0.054) (0.059) (0.060) (0.068) (0.069) (0.065) (0.031)
Log(Revenues) -0.031∗∗∗ 0.004

(0.010) (0.010)

Fixed-effects
Firm Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year-SIC Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
1(CA HQ)-Year Yes Yes
1(AMB)-Year Yes Yes

Fit statistics
Observations 6,233 4,013 5,426 3,237 4,094 24,038 24,016 6,056 3,865 5,366 3,116 3,899 23,464 23,448
Dependent variable mean 0.690 0.683 0.729 0.725 0.689 0.226 0.226 0.227 0.234 0.217 0.203 0.235 0.257 0.257
Number of Firms 1,096 685 866 536 692 3,845 3,845 1,090 675 866 532 686 3,830 3,830

Clustered (Firm) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The sample considers an unbalanced panel of domestic and listed firms observed between 2015 - 2021, with reported effects relative to the 2017 baseline. Standard errors are clustered at the firm
level. Treated firms are defined to have CA headquarters and all-male boards as of 2017. Column 1 subsets to companies that had all-male boards in 2017. Log(Revenues) is used as a proxy for
firm size. Col 2 further subsets to firms headquartered in Democratic states – states that voted for Hillary Clinton in the 2016 presidential election. Col 3 only considers companies that had all-male
boards from 2015-2017. Col 4 subsets to companies that had fewer than 7 directors (the median board size) in 2017. Col 5 subsets to firms in industries with below-average female board
representation. Industry classification and averages calculated using the 2017 cross-section. Col 6 makes no additional restrictions. Col 7 makes no additional restrictions, and redefines treated
firms to have CA headquarters as of 2017. The ’Expand Board’ indicator equals one if board size increases relative to the prior year. Cols 8-14 make the analogous sample restrictions. All outcome
variables are derived from BoardEx’s organizational summary files, which provides the director roster as of the company’s annual report date. Industries are categorized into 11 divisions using the
4 digit SIC code, following OSHA’s crosswalk. SIC codes are derived from CRSP’s Names files. CA SB 826, approved on 9/30/2018, mandated at least 1 woman be on the corporate board of any
listed with HQ in CA by 12/31/2019.
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Table A5: Effects of the Gender Quota – Heterogeneity and
Robustness

Baseline
CA

Treated
Size

Control
Year
FE

Dem.
Subsample

AMB
2015-2017

Small
Brd

Compliance
1(All-Male Board) -0.262 (0.027) -0.091 (0.018) -0.269 (0.028) -0.271 (0.027) -0.279 (0.031) -0.287 (0.029) -0.345 (0.040)
Male Share -0.075 (0.007) -0.040 (0.004) -0.078 (0.007) -0.079 (0.007) -0.074 (0.008) -0.079 (0.008) -0.084 (0.010)
Board Size 0.180 (0.095) 0.257 (0.051) 0.234 (0.090) 0.215 (0.094) 0.199 (0.100) 0.274 (0.107) 0.242 (0.125)
Expand Board 0.067 (0.029) 0.052 (0.015) 0.067 (0.030) 0.068 (0.029) 0.045 (0.031) 0.072 (0.031) 0.058 (0.039)
Drop Male -0.004 (0.035) 0.018 (0.019) -0.005 (0.035) -0.002 (0.035) -0.011 (0.037) 0.007 (0.039) -0.005 (0.048)
Incoming Male -0.052 (0.030) -0.017 (0.018) -0.050 (0.031) -0.053 (0.029) -0.058 (0.033) -0.067 (0.034) -0.035 (0.040)

Financial Outcomes
ROA 0.046 (0.022) 0.035 (0.009) 0.040 (0.021) 0.055 (0.022) 0.038 (0.024) 0.054 (0.025) 0.091 (0.034)
ROE 0.072 (0.074) 0.091 (0.032) 0.067 (0.073) 0.083 (0.073) 0.051 (0.078) 0.061 (0.083) 0.139 (0.112)
Log(Q) 0.071 (0.041) 0.044 (0.019) 0.069 (0.041) 0.064 (0.041) 0.057 (0.042) 0.075 (0.046) 0.086 (0.063)
Log(Market to Book) 0.098 (0.065) 0.086 (0.032) 0.096 (0.065) 0.101 (0.066) 0.085 (0.068) 0.125 (0.071) 0.146 (0.087)
Cash Flow 0.045 (0.022) 0.034 (0.009) 0.040 (0.021) 0.054 (0.022) 0.038 (0.024) 0.048 (0.026) 0.091 (0.035)
Log(Employment) 0.023 (0.015) 0.056 (0.011) 0.017 (0.014) 0.029 (0.015) 0.021 (0.017) 0.022 (0.015) 0.012 (0.017)
Capital Intensity 0.004 (0.002) 0.002 (0.001) 0.004 (0.002) 0.006 (0.002) 0.002 (0.002) 0.002 (0.002) 0.005 (0.003)

Boardroom Characteristics
Board Experience -0.031 (0.011) -0.013 (0.005) -0.035 (0.011) -0.039 (0.011) -0.029 (0.012) -0.025 (0.012) -0.044 (0.017)
C-Suite Experience -0.025 (0.011) -0.012 (0.005) -0.027 (0.011) -0.024 (0.011) -0.033 (0.012) -0.029 (0.013) -0.037 (0.017)
Sector Experience -0.001 (0.012) -0.000 (0.005) -0.002 (0.011) -0.002 (0.011) -0.001 (0.012) 0.002 (0.013) 0.025 (0.017)
Non-Exec Dir 0.004 (0.006) 0.003 (0.003) 0.004 (0.006) 0.006 (0.006) 0.004 (0.006) 0.002 (0.007) 0.010 (0.009)
Prior Brd-Conx -0.021 (0.013) -0.013 (0.006) -0.020 (0.013) -0.034 (0.013) -0.019 (0.014) -0.010 (0.015) -0.029 (0.020)
1(Lawsuit Filed) 0.003 (0.012) 0.002 (0.007) 0.006 (0.012) 0.003 (0.012) 0.003 (0.012) -0.000 (0.013) -0.006 (0.015)
Log(Predicted Compensation) -0.019 (0.015) -0.011 (0.007) -0.024 (0.015) -0.025 (0.015) -0.017 (0.016) -0.013 (0.016) -0.038 (0.024)

Committee Composition
Audit Share -0.019 (0.012) -0.011 (0.006) -0.024 (0.012) -0.024 (0.012) -0.013 (0.013) -0.029 (0.013) -0.026 (0.018)
Compensation Share -0.001 (0.012) -0.004 (0.006) -0.002 (0.012) -0.004 (0.012) 0.005 (0.013) -0.004 (0.013) 0.002 (0.018)
Nominating Share -0.007 (0.014) -0.009 (0.006) -0.009 (0.014) -0.007 (0.014) 0.000 (0.015) -0.012 (0.015) -0.033 (0.021)
Other Share -0.008 (0.006) 0.003 (0.003) -0.008 (0.006) -0.006 (0.005) -0.011 (0.006) -0.006 (0.006) -0.002 (0.006)
Avg. Committee Load -0.062 (0.054) -0.050 (0.026) -0.085 (0.052) -0.071 (0.055) -0.051 (0.057) -0.079 (0.059) -0.068 (0.083)

Company Policy
1(Delist) 0.001 (0.002) -0.002 (0.001) -0.001 (0.001) 0.001 (0.014) -0.001 (0.002) -0.001 (0.001) -0.003 (0.002)
1(Merger or Reorg) -0.001 (0.001) -0.001 (0.001) -0.000 (0.000) 0.003 (0.010) -0.001 (0.001) 0.000 (0.000) -0.000 (0.000)
1(Dividend Issued) 0.011 (0.016) -0.002 (0.008) 0.005 (0.016) 0.017 (0.015) 0.026 (0.017) 0.013 (0.018) 0.011 (0.021)
1(Shares Outstanding Dcr by ≥ 5%) 0.029 (0.016) 0.009 (0.007) 0.029 (0.017) 0.020 (0.014) 0.018 (0.018) 0.026 (0.018) 0.022 (0.023)
1(Shares Outstanding Inr by ≥ 5%) 0.007 (0.018) 0.005 (0.009) 0.003 (0.018) -0.004 (0.016) -0.000 (0.019) -0.001 (0.020) 0.003 (0.026)

Note:
The sample restricts to an unbalanced panel of firms that were domestic, listed, and had all-male boards in 2017. The time period covered is 2015 - 2021. The table presents
the coefficients and standard errors from the difference-in-differences model, unless otherwise specified. Standard errors are clustered at the firm level. Treated firms have CA
headquarters and all-male boards as of 2017. An exception is Column 2, where treated firms are defined to have California headquarters in 2017 (and not necessarily have
all-male boards). Financial variables are derived from Compustat’s annual fundamental files, are reported in millions, and are either log transformed or winsorized at the 1st
and 99th percentiles. The percentiles are calculated relative to all domestic and listed companies observed in the annual distribution. Industries are categorized into 11 divisions
using the 4 digit SIC code, following OSHA’s crosswalk. SIC codes are derived from CRSP’s Names files. Company policy variables are derived from the CRSP Events files.
Column 3 adds a control for firm size, which is proxied by Log(Revenues). Column 5 subsets to firms headquartered in Democratic states in 2017 – states that voted for Hillary
Clinton in the 2016 presidential election. Column 6 only considers companies that had all-male boards from 2015-2017. Column 7 subsets to companies that had fewer than 7
directors (the median board size) in 2017. Column 8 subsets to companies with dual CEO-Chairman roles in 2017. Column 9 subsets to firms in industries with below-average
female board representation. Industry classification and averages are calculated using the 2017 cross-section. Column 10 makes no additional restrictions. CA SB 826, approved
on 9/30/2018, mandated at least 1 woman be on the corporate board of any listed with HQ in CA by 12/31/2019. See data appendix for variable definitions.
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Table A6: 2SLS Effects of Gender-Diverse Boards on Boardroom
Characteristics: Pooled Estimates

Experience Connections

Dependent Variables: Brd Exp C-Suite Exp Sector Exp Brd Conx Brd-Brd Conx C-Suite Conx
Model: (1) (2) (3) (4) (5) (6)

Reduced Form
𝐶𝐴2017 × 𝑌𝑒𝑎𝑟 ≥ 2019 -0.032∗∗∗ -0.025∗∗ -0.0007 -0.022∗ -0.030∗∗ -0.012

(0.011) (0.011) (0.012) (0.013) (0.012) (0.013)
2SLS �1(𝐺𝑒𝑛𝑑𝑒𝑟𝐷𝑖𝑣𝑒𝑟𝑠𝑒𝐵𝑜𝑎𝑟𝑑) -0.114∗∗∗ -0.089∗∗ -0.002 -0.080∗ -0.107∗∗ -0.044

(0.042) (0.041) (0.041) (0.046) (0.044) (0.047)
First Stage
𝐶𝐴2017 × 𝑌𝑒𝑎𝑟 ≥ 2019 0.281∗∗∗ 0.281∗∗∗ 0.281∗∗∗ 0.280∗∗∗ 0.280∗∗∗ 0.274∗∗∗

(0.031) (0.031) (0.031) (0.031) (0.031) (0.031)

The sample restricts to all directors within firms that were domestic, listed, and had all-male boards as of 2017. The time period covered is
2015 - 2020, with reported effects relative to the 2017 baseline. Standard errors clustered at the firm level. Treated firms have CA
headquarters and all-male boards as of 2017. Two directors have a prior connection if they overlapped at a previous company. Regression is
weighted by the inverse of annual board size. Director-level characteristics measured upon year of onboarding. Sectoral classification used
to code sectoral experience is provided by BoardEx; see Table A7 for the full list of sectors. Experience and connections gained through
work spells in non-listed companies are counted. Industry variable used in the fixed effects are derived from 4 digit SIC codes provided by
CRSP. Sample sizes vary due to missing values of director characteristics.
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Chapter 2: Training and Job Separation in Imperfect Labor Markets: The

Case of Non-Compete Agreements

2.1 Introduction

The theory that labor markets are perfectly competitive has come under scrutiny in recent

decades [e.g. 37, 38]. Non-compete agreements – provisions within employment contracts that

prevent workers from joining competing firms – are often discussed as a factor that provides firms

with wage-setting power. According to survey estimates, they are prevalent in the US workforce,

with 38% of workers having signed non-compete agreements at some point in their careers ([39]).

Despite their vast usage, there remains much controversy surrounding whether non-compete agree-

ments enhance the efficiency of the labor market.1

Proponents of non-compete agreements argue that they increase worker retention and encour-

age firms to develop the industry-specific skills of their workforce.2 The productivity gains from

such investment may be shared with labor, thus increasing wage growth in the long-run. Opponents

state that non-compete agreements lock workers into their jobs, creating mobility frictions that

prevent workers from joining firms where they would be more productive.3 Reduced labor market

competition due to non-compete agreements may allow firms to retain labor at lower wages, thus

decreasing wage growth.

In this paper, we develop a theoretical model to show how non-compete agreements can create

1This controversy is recently reflected by the Federal Trade Commission’s proposal to ban the enforcement of
non-compete agreements in the United States [40].

2In perfectly competitive labor markets, firms do not profit from providing general (or, for that matter, industry-
specific) skills [41]. If they were to increase the productivity of the worker by a given amount (say 𝛿), they would need
to increase compensation by 𝛿 in order to retain the worker.

3Critics also cite that non-compete agreements may deter business formation, as new businesses would struggle to
poach workers bound under such an agreement (i.e. [42]). In addition, firms may impose non-compete agreements
upon workers who are not aware the provision is part of the employment contract, thereby allowing firms to exploit
labor in the form of worse wages and working conditions.
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one market failure – inefficient lack of job separation – while mitigating a separate market failure

– inefficient provision of (non-contractible) industry-specific investment by firms.4 The worker

and firm’s choice then of whether to include a non-compete agreement balances these two con-

siderations. The parties sign a non-compete agreement if the productivity gains from the firm’s

investment outweigh the expected costs of inefficient separation.

While existing literature has documented that non-compete agreements may encourage firm-

provided investments [i.e. 45], we contribute by showing that non-compete agreements also prevent

an efficient (ex-post) matching between workers and firms. Many economists adopt the principle

that contract renegotiation is costless, in which case firms may be willing to release workers from

non-compete agreements in exchange for an appropriately sized buyout payment (i.e. [46, 47]).

When job separation is socially efficient, the third party would be willing to fund such a buyout

payment, thus restoring the efficient matching between workers and firms.5 In contrast, we follow

Hashimoto [48] in assuming that workers have private information about their outside options,

and that this information cannot be credibly communicated to firms. The large transaction costs

associated with contracting on the worker’s outside option makes renegotiation prohibitively costly,

preventing efficient matches between workers and third parties from becoming realized.6

We believe the theory has an intuitive appeal in understanding the costs and benefits generated

by mobility frictions, though we are not the first to show that contracting affects ex-ante investment

decisions or the efficiency of ex-post separation decisions. For instance, Grossman and Hart [43]

show that contracting parties may allocate authority rights at the contracting phase to encourage

the provision of non-contractible investments by the more productive party. MacLeod and Mal-

4The modelling choice to make investment non-contractible is critical, and follows a long literature studying how
contracts may be designed to resolve the hold-up problem [i.e. 43, 44]. If investment were contractible, the parties
would choose the efficient level, with or without a non-compete agreement.

5Workers who are not wealth constrained may also independently fund the buyout payment. More generally, when
matching with the third party is socially efficient and the parties are not wealth constrained, the buyout payment
offered to the incumbent firm may be split arbitrarily between the worker and the third party. This is nothing other
than a restatement of the Coase Theorem.

6To further elaborate, the firm cannot verify the terms of the worker’s outside offer. As such, the worker cannot
renegotiate the initial wage by claiming to have a superior outside offer because the firm will assume such claims are
inflated. If the parties do not have the ability to renegotiate the initial contract, there may be inefficient separations as
well as inefficient lack of job separation. Our decision to prevent parties from renegotiating the contract follows the
suggestion of Hart and Moore [49], who urge scholars to develop models with ex-post inefficiencies.
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comson [50] demonstrate that fixed-wage contracts that require the mutual consent of both parties

for renegotiation encourage firms to provide the efficient level of relationship-specific investments.

Acemoglu and Pischke [51] show that when mobility frictions increase in a worker’s skill, firms

are incentivized to provide general training. Pakes and Nitzan [52] develop a model where a flat

first period wage and a state-contingent second period wage can yield efficient ex-ante and ex-post

matching, though they do not consider how contracting affects investment incentives.

We add to the literature by showing that mobility frictions such as those generated by non-

compete agreements can be a double-edged sword – they encourage firms to provide industry-

specific investment while preventing efficient job separation. Our model thus sheds insight on

how the structure of contracts within workplaces influences the employer’s incentives to provide

transferable skills [e.g. 51, 53]. Our results further imply that blanket bans on the enforcement of

non-compete agreements may have short-term gains as workers flow into jobs in which they are

more productive, but have long-term consequences in terms of a less-skilled workforce.

Our model predicts that non-compete signers have longer job tenures, are more likely to receive

employer-provided training, and are concentrated in industries where skills are easily transferable.

These predictions can be tested using newly released panel data on non-compete usage from the

National Longitudinal Survey of Youth (NLSY97). The survey follows a variety of outcomes for

individuals who were teenagers in 1997, though the first year the survey tracks non-compete status

is 2017, when the sample is aged 32 - 38.7 A strength of the NLSY97 is that it tracks the usage

of non-compete agreements among a sample that is representative of the broader population. This

feature stands in contrast to much of the related literature that analyzes the effects of non-compete

agreements in narrowly defined labor markets, such as in particular occupations, industries, or

firms [i.e. 46, 54].8

7Of the 4441 individuals who responded to the questionnaire, 632 (14%) reported having a non-compete agreement
in their contract. Among those responding to having a non-compete agreement, slightly above 90% of respondents are
“Very Confident” in their answer. Among all 5678 respondents, 22% did not know whether their contract included a
non-compete agreement.

8An exception is Rothstein and Starr (2021), who study non-compete usage in the 2017 cross-section using the
NLSY97. They document that individuals who sign non-compete agreements have higher wages. Since their analysis
restricts to the cross-section, they cannot study the relationship between non-compete agreement and wage growth.
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Several descriptive statistics support the model’s predictions. Individuals who sign non-compete

agreements are 5 percentage points more likely to receive formal training run by the employer

than those who do not sign such agreements, and the difference is statistically significant at the

1 percent level.9 Non-compete signers are more likely to work in knowledge-intensive industries

such Professional Services than in industries requiring more routine work, such as Construction.10

They also have longer tenures with their employers. The respondents who indicated signing a

non-compete agreement in 2017 had a mean job tenure of 5.2 years, compared to 5 years among

those who do not have non-compete agreements. Despite the fact that non-compete signers re-

ceive more on the job training, they do not experience higher wage growth. Between 2017 and

2019, nominal wages of non-compete signers increased by 2.8% compared to 2.5% for those with-

out non-compete agreements. The difference is not statistically significant at conventional levels,

which provides suggestive evidence that in this context, employers do not share the rents generated

from increased investment with labor.

These differences may not reflect causal impacts if non-compete signers have different (ob-

served or unobserved) characteristics than those who do not sign such agreements. Indeed, the fact

that non-compete signers are more concentrated in high-wage and knowledge-intensive industries

suggests that this critique may be valid. We attempt to deal with this issue in several ways. First, in

cross-sectional regressions, we control for observable characteristics that may be correlated with

non-compete usage and wages, such as age, potential experience, gender, and industry composi-

tion. Second, we adopt an identification strategy where we compare the trajectory of outcomes for

those who signed non-compete agreements in 2017 to those that later signed non-compete agree-

ments in 2019. If non-compete signers have time invariant un-observable characteristics that differ

from those without such agreements, then this comparison nets out such differences. The results

from these procedures yield qualitatively similar conclusions to the exercise that compares baseline

differences. The paper proceeds as follows. Section 2.2 lays out the theoretical framework. Section

9This result is consistent with Starr [55], who finds that increased state-level enforcement of non-compete agree-
ment raises firm sponsored training.

1024% of respondents working in Professional Services reported having a non-compete agreement, while 11% of
respondents in Construction reported having a non-compete agreement.
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2.3 discusses data sources and Section 2.4 tests the model’s predictions. Section 2.5 concludes.

2.2 Theoretical Framework

2.2.1 The Model

Figure 2.1: Figure 1: Timeline of the Model

Our model features two periods. In the first period (“ex-ante”), a single worker W and firm

F choose a contract, which consists of a wage 𝑤 and may include a non-compete agreement 𝛿 ∈

{0, 1}.11 The non-compete agreement prevents W from moving to poaching firms 𝜃 within the

same industry as F. Between the first and second period, F sinks non-contractible industry-specific

investments 𝑖 at unit marginal cost that raise W’s productivity within F by 𝑟, should trade between

the parties occur. At the time the investment is made, it is uncertain how much F’s investment raises

W’s productivity if separation occurs. At the beginning of period 2, overall market conditions

𝑣 ∼ 𝑙𝑜𝑔𝑁𝑜𝑟𝑚𝑎𝑙 (𝜇, 𝜎2) are revealed and a poaching firm 𝜃 ∈ {0, 1} makes an offer to W. With

11The parties also have the option of making side payments to each other at the contracting stage. Let 𝐵 denote the
side-payment made by W to F at the contracting stage. We assume that 𝐵 ≥ 0. This assumption can be justified on
several grounds. One reason is that it is unrealistic for workers to post bonds to employers [i.e. 56]. Another is that
the firm may be unable to commit to a rising wage profile or deferred benefits. Note that the wage may depend on
whether the non-compete agreement is included in the contract.
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probability 𝑞, the poaching firm is in the same industry as the original firm (𝜃 = 1) and values the

worker at 𝑣 + 𝜌 × 𝑖. With remaining probability, the poaching firm is outside of the original firm’s

industry (𝜃 = 0) and values the worker at 𝑣.12 Observe that F’s investment raises W’s productivity

among poaching firms only when 𝜃 = 1. We assume the labor market is competitive ex-post, so the

poaching firm makes an offer equal to its valuation.13 As in Hashimoto [48], we further assume

that the poaching firm’s offer is private information to the worker. After the worker receives his

outside offer, the parties can trade at the contractual terms or separate.14 To simplify matters, we

suppose that the poaching firm is always an industry competitor (𝑞 = 1).

The incentives for parties to use a non-compete agreement will depend on a comparison be-

tween the internal return on investment 𝑟 and the external return on investment 𝜌.15 In our model,

𝑟 and 𝜌 can take arbitrary values, so we do not constrain firm-provided investment to be purely

specific or industry-specific. We choose to be agnostic about the exact values of these parameters

since they may differ across industries. For example, the internal return on investment may be

large relative to the external return on investment among individuals in the Education, Health, and

Social Services industry, where average job tenures are long. In contrast, the external returns on

investment may be large relative to the internal return on investment in Professional and Related

Services, where job-hopping between firms in the same industry is more common.16

The model approximates the ideal of a perfectly-competitive labor market in all but one excep-

tion – the worker has private information on the outside option which cannot credibly be commu-

nicated to the incumbent firm. Otherwise, we highlight that the poaching firm makes an offer equal

to its valuation of the worker. This assumption can be justified in a setting where there are many

homogeneous firms who each simultaneously bid for the worker’s services. Ex-ante, the firm must

12Note that if 𝑞 = 1 and 𝜌 = 𝑟 , the investment is completely general.
13A similar assumption is made in Spier and Whinston [57], pg 186-188
14Since trade is voluntary, W can quit or F can fire. The firm’s payoff from trade (net of investment) is 𝑟𝑖 −𝑤, while

the worker’s is 𝑤. The firm’s payoff from separation is 0. The worker’s payoff from separation is 𝑤̄ = 𝑣+
(
𝜃 (1−𝛿)

)
𝜌×𝑖.

F fires the worker if 𝑤 > 𝑟𝑖, and W quits if 𝑤 < 𝑤̄. Since workers are not allowed to make transfer payments to the
firm in the initial period, in equilibrium, the wage will always be less than the value of the worker’s output.

15When investment is purely specific, 𝜌 = 0, and when investment is purely industry-specific, 𝑟 = 𝜌.
16As of January 2022, the median job tenure for workers in Professional and Business Services is 3.4 years, while

that for Education and Social Services is 4 years: https://www.bls.gov/news.release/pdf/tenure.pdf
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offer a contract that meets or exceeds the utility value of the worker’s outside option in order for

the worker to accept. In perfectly competitive labor markets, this value equals the worker’s utility

from accepting a job at one of many other homogeneous firms.

First, consider what happens if the parties do not include a non-compete agreement in the

contract. At the investment stage, the firm chooses investment to equate marginal cost and expected

marginal benefits. It earns a return of 𝑟 when trade occurs, but does not earn a private return when

separation occurs even though such investment would raise W’s productivity by 𝜌. Anticipating

this, F underinvests, which is the well-known hold-up problem.

One solution to the hold-up problem is for W and F to write a contract that reduces the chance

that job separation occurs [i.e. 58, 50]. A binding non-compete agreement fits this bill, as W is less

likely to quit when 𝛿 = 1 than when 𝛿 = 0, holding all else equal. The non-compete agreement

thus encourages F to invest more but prevents W from joining the industry competitor, even when

such separation is socially efficient.17

2.2.2 Benchmark Outcomes

To more formally describe how firms under-invest relative to the socially optimal quantity

without a non-compete agreement, we first characterize the planner’s allocation. The social planner

invests and allocates workers to firms efficiently. In the final period, the social planner executes

trade between the worker-firm match if the social surplus from trade exceeds that of separation.

This condition occurs when 𝑆𝑇 ≥ 𝑆𝑁𝑇 , where 𝑆𝑇 = 𝑟𝑖𝑠 − 𝑐(𝑖𝑠) and 𝑆𝑁𝑇 = 𝑣 − 𝑐(𝑖𝑠) + 𝜌𝑖𝑠. Thus it

is efficient to trade if 𝑣 ≤ (𝑟 − 𝜌)𝑖𝑠. Denote 𝑝𝑠 := Φ( 𝑙𝑛((𝑟−𝜌)𝑖𝑠)−𝜇
𝜎

) as the probability that trading is

efficient from the perspective of the initial period. The efficient investment level is solved by the

following equation:

𝑖∗𝑠 = argmax 𝐸 (𝑆) = −𝑐(𝑖𝑠) + (𝑟𝑖𝑠) · 𝑝𝑠 + [𝑣 + 𝜌𝑖𝑠] · (1 − 𝑝𝑠) (2.1)

Proposition 1: If 𝑟 < 𝜌, separation is always efficient and the efficient investment level is 𝑖∗𝑠 = 𝜌.

17This occurs when 𝑟𝑖 ≥ 𝑤 ≥ 𝑣 and 𝜌 × 𝑖 > 0
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If 𝑟 > 𝜌, the efficient investment level is 𝑖∗𝑠 = 𝑟 𝑝𝑠 + 𝜌(1 − 𝑝𝑠). The probability of separation is not

equal to 0, and the efficient investment level increases with 𝑟 and 𝜌.

Proof: If 𝑟 < 𝜌, 𝑃
(
𝑣 ≤ (𝑟−𝜌)𝑖𝑠

)
= 0, so separation is always efficient. Solving 𝑖∗𝑠 = argmax 𝐸 (𝑆) =

−𝑐(𝑖𝑠) +𝑣+𝜌𝑖𝑠 we have 𝑖∗𝑠 = 𝜌. The efficient level of investment increases with 𝜌. See the appendix

for case when 𝑟 > 𝜌.

Corollary 1: As investment becomes more specific, the planner’s probability of separation de-

clines.

Proof: 𝜕𝑝𝑠/𝜕 (𝑟 − 𝜌) > 0.

When the external return on investment is larger than the internal return on investment, poach-

ing firms always have a higher valuation than the incumbent firm. As a result, separation is always

efficient ex-post. On the other hand, when the internal return on investment is larger than the ex-

ternal return on investment, trading is not necessarily efficient ex-post. When market conditions

are sufficiently strong, the planner assigns the worker to the poaching firm; otherwise, the planner

maintains the match between the incumbent firm and worker.

A Simple Example

We use a simple example with exogenous investments to illustrate how non-compete agree-

ments create “job-lock”, or inefficient lack of job separation. We still use the same setup described

in Subsection 2.2.1, but we assume that the investment level, 𝑖, is a fixed parameter. Hence the only

actions are for the firm to offer a contract in period 1 and for the parties to make separation deci-

sions in period 2. For a given wage, we compare ex-post separation decisions when non-compete

agreements are and are not used.

When the worker and firm use a non-compete agreement, the worker will remain with the

firm so long as the wage is less than or equal to the outside option, or when 𝑤 ≤ 𝑣. The region

where trade will occur is given by the shaded region in Figure 2.2. The scenarios where trade

occurs in a competitive equilibrium differs from the scenarios where trade occurs under an efficient
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allocation between workers and firms. To see this point, Figure 2.2 also visualizes the efficient

trading rule presented in Section 2.2.2. When 𝑟 > 𝜌, trade is efficient whenever 𝑣 ≤ (𝑟 − 𝜌)𝑖,

depicted by the region below the dashed line and above the x-axis. When 𝜌 > 𝑟 , trading is never

efficient, as the poaching firm always has a higher valuation than the incumbent firm. We observe

that two types of (allocative) inefficiencies occur with a non-compete agreement. First, there are

inefficient separations: there are scenarios where trade is efficient but separation occurs. This case

is represented by the region below the dashed line and above the shaded area. Second, there are

cases where separation is efficient but where it does not occur. This case is depicted by i) The

shaded region when 𝑟 − 𝜌 < 0 and ii) the shaded region above the dashed line when 𝑟 − 𝜌 > 0.

Under the assumptions of our model, all efficient separations are realized when a non-compete

agreement is excluded from the contract. When the worker’s outside option exceeds the firm’s

valuation, that is when 𝑣 + 𝜌 · 𝑖 > 𝑟𝑖, the worker always quits. To see why this is the case,

observe that the firm will never offer a contract where it earns negative profits ex-post.18 Hence

𝑤 ≤ 𝑟𝑖 < 𝑣 + 𝜌 · 𝑖, so the worker will quit when separation is efficient. However, for any given

wage, inefficient quits are more likely to occur without a non-compete agreement than with a

non-compete agreement.19

This example illustrates that inefficient separation decisions occur both with and without a

non-compete agreement. Since the initial wage cannot be renegotiated ex-post, there are instances

where the worker finds it profitable to quit even though the incumbent firm has the highest val-

uation. There are inefficient quits without a non-compete agreement, but all efficient separations

are achieved. The reason is that the wage never exceeds the incumbent firm’s valuation, so the

worker will quit when a poaching firm has the highest valuation. In the presence of a non-compete

agreement, there are scenarios where efficient job separation is not realized, as the agreement may

block the worker from moving to a poaching firm with a higher valuation. However, there are

fewer inefficient quits with a non-compete agreement than without a non-compete agreement.

18This conclusion is a consequence of our assumption that workers cannot make transfer payments to firms in the
initial period (i.e. 𝐵 ≥ 0)

19Observe that 𝑃𝑟 (𝑣 > 𝑤 |𝑣 ≤ (𝑟 − 𝜌)𝑖𝑠) < 𝑃𝑟 (𝑣 + 𝜌 · 𝑖 > 𝑤 |𝑣 ≤ (𝑟 − 𝜌)𝑖𝑠)
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Figure 2.2: Figure 2: Separation Decisions with a Non-Compete
Agreement
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Figure 2.3: Figure 3: Separation Decisions without a
Non-Compete Agreement

2.2.3 General Results

We solve for the Subgame Perfect Nash Equilibrium. At 𝑡 = 2, the worker quits if the outside

option is higher than the wage they receive in the last period. The outside option is v if a non-

compete is signed and 𝑣 + 𝜌𝑖 if a non-compete is not signed:

𝑊 : Stay ⇐⇒ 𝑤𝛿 ≥ 𝑣 + 𝜌𝑖𝛿 (1 − 𝛿) (2.2)

Since 𝑣 is not known before investment, we denote 𝑝𝛿 = Φ( ln(𝑤 𝛿−𝜌𝑖𝛿 (1−𝛿))−𝜇
𝜎

) as the ex-ante

probability of the match persisting. Between 𝑡 = 1 and when market conditions are revealed, the

firm makes human capital investments. We can solve for the firm’s profit maximizing level of

investment (conditional on the parameters of the contract) with the following equation.
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𝑖𝛿 = argmax 𝐸 (𝜋𝐹𝛿 ) = −𝑐(𝑖𝛿) − 𝐵𝛿 + 𝑝𝛿 (𝑟𝑖𝛿 − 𝑤𝛿) (2.3)

In the first period, the firm offers a contract that specifies a wage, bonus, and may contain a

non-compete agreement. It makes this choice taking into account the participation constraints of

the worker and firm, as well as by anticipating decisions later in the game. Since the firm offers

the contract, the worker’s participation constraint is binding, so that 𝐸 (𝜋𝑊 ) = 𝜇0.20

𝑤∗
𝛿, 𝐵

∗
𝛿 = argmax 𝐸 (𝜋𝐹𝛿 ) s.t. 𝐸 (𝜋𝐹𝛿 ) ≥ 0, 𝐸 (𝜋𝑊𝛿 ) = 𝜇0, and 𝐵𝛿 ≥ 0 (2.4)

Proposition 2: When a non-compete agreement is not signed, the firm will under-invest relative

to the socially optimal quantity (𝑖∗0 ≤ 𝑖∗𝑠). When 𝑟 ≥ 𝜌, there is always inefficient separation

(0 < 𝑝∗0 ≤ 𝑝∗𝑠 < 1). When 𝜌 > 𝑟, there is efficient turnover without a non-compete agreement.

Proof: See Appendix.

Proposition 3: There is more employer-provided investment (𝑖∗0 ≤ 𝑖∗1), higher cross-sectional

wages (𝑤∗
0 ≤ 𝑤∗

1) and less turnover (0 < 𝑝∗0 ≤ 𝑝∗1 < 1) with a non-compete agreement than

without a non-compete agreement.

Proof: See Appendix.

Proposition 4: When 𝑟 < 𝜌, a non-compete agreement is always used. When 𝑟 > 𝜌, it is ambigu-

ous whether the parties use a non-compete agreement.

Proof: See Appendix.

2.2.4 Discussion

Propositions 1-4 constitute our main theoretical results and provide a framework to guide our

empirical analysis. First, we characterize the efficient allocation, which consists of an investment

20Once we solve for the wage and bonus levels, we can plug into ˜𝑖𝛿 to arrive at 𝑖∗
𝛿
.
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level and an ex-post mapping between workers and firms. We show that the efficient level of in-

vestment increases as we raise the return on investment. Next, we show that absent a non-compete

agreement, there is under-investment relative to the socially optimal quantity. This well-known

hold-up problem occurs in our context because there are inefficient separations without a non-

compete agreement. Our main theoretical result is that a non-compete agreement lowers turnover

and raises firm-provided investment, thereby mitigating the hold-up problem. If the external re-

turns on investment are large relative to the internal returns on investment, the probability of a

job separation is large without a non-compete agreement. The firm thus has an incentive to use

a non-compete agreement to raise investment and profits. In the remaining cases, the firm uses

a non-compete agreement if the gains from a higher expected return on investment outweigh the

costs from higher wages.

In our model, non-compete signers earn higher wages because firms must compensate workers

for their reduced option value of job search. We show in Appendix Section B.4 that workers receive

compensation for signing a non-compete agreement in the form of higher wages rather than an up-

front bonus. All else equal, firms prefer to provide compensation with higher wages, since higher

wages reduce the probability of a job separation.21

Our empirical results do suggest that non-compete signers earn higher cross-sectional wages,

which is consistent with our theoretical prediction.22 However, the predicted effect of non-compete

agreements on wages may be negative under modified modelling assumptions. In our Monopsony

Appendix, we extend our baseline model so that a single firm offers a contract to hetereogenous

workers with varying reservation utilities. As in Hashimoto [48], these reservation utilities are

private information to workers. We show that when the firm uses a non-compete agreement, em-

ployment is less than socially efficient and that wages may be lower than without a non-compete

agreement.23

21Both higher wages and up-front bonus payments raise the worker’s utility, but up-front bonus payments do not
affect the worker’s decision to quit or stay ex-post.

22In our fully saturated model that includes controls for tenure, age, gender, potential experience, and industry, we
find that non-compete agreements are associated with 16% higher wages in the 2017 cross-section and 20% higher
wages in the 2019 cross-section.

23By lowering wages, the monopsonistic firm attracts fewer workers but earns more profits per worker. Without

55



2.3 Data

We use data from the National Longitudinal Survey of Youth 1997 (NLSY97) to understand the

characteristics of non-compete signers and analyze the effects of such agreements on job tenure,

employer-provided training, wages, and wage growth. This dataset is a nationally representative

panel that tracks the outcomes of individuals aged 12-16 in 1997. The NLSY97 starts measuring

whether non-compete agreements are used within employment contracts starting in 2017, when

survey respondents are between ages 32-36. In 2017, all working respondents are asked whether

they have a non-compete agreement. In 2019, the following survey round, only individuals who

obtained a new job between survey rounds are asked about their non-compete status.

In 2017, 5678 individuals responded to the questionnaire, of which 22% reported being un-

aware of whether they had a non-compete agreement in their contract (Table A1). Among the

remaining 4441 respondents, 632 (14%) indicated that they had a non-compete agreement. More

than 90% of affirmative respondents reported being “Confident” or “Very Confident” in their an-

swer. We obtain similar rates of non-compete usage when we look at responses in the 2019 survey

round: among the 2612 individuals who obtained new jobs between survey rounds, 309 respon-

dents (12%) reported having a non-compete agreement (Table A3).24 There is substantial hetero-

geneity in non-compete usage across the 17 (two-digit) industries considered. Table A1 shows that

among industries with more than 100 respondents, non-compete agreements are most commonly

used in Professional and Related Services (24%) and least commonly used in Educational, Health,

and Social Services (9%).

We are interested in the relationships between non-compete agreements and various labor mar-

ket outcomes. We measure job tenure in years and job separation as an indicator variable for

whether an individual separated jobs between survey years.25 Employer-provided training is mea-

a non-compete agreement, the firm has employment less than the socially efficient level and earns positive (ex-post)
profits per worker (Proposition A1). A non-compete agreement may result in even lower wages and employment
than without a non-compete agreement if the gains in profit-per-worker exceed the losses in employment. However,
whether this occurs depend on the exact parameters of our theoretical model.

24While individuals may hold multiple jobs, we restrict all analysis to an individual’s primary job.
25The sample period runs from 2013 to 2019, and the survey years are 2013, 2015, 2017, and 2019. We consider
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sured in several ways; we consider whether the employer directly provides training as well as

whether training from a third party is provided at the workplace. As a default, we report statis-

tics pertaining to whether an individual has ever previously received employer-provided training

in a given job. We observe the hourly wages of respondents in all survey years between 2013 and

2019, allowing us to assess whether non-compete signers have higher or lower wage growth rela-

tive to individuals who do not sign such agreements. This data also allows us to inquire whether

non-compete signers have higher wages in the cross-section, even after controlling for observable

characteristics.

2.4 Results

We observe that non-compete signers earn 6 dollars more per hour, or 26% more, than individ-

uals without non-compete agreements in the 2017 cross-section. To probe the incentives for parties

in an employment relationship to use non-compete agreements, we chart usage of these agreements

by industry (Table A1). Consistent with the developed theory, we observe greater prevalence of

non-compete agreements in higher-wage industries where knowledge may be easily transferable.

On average, 14% of respondents have non-compete agreement, but in Professional Services and

Wholesale Trade (the two industries with the highest non-compete prevalence), this number is 24%

and 23% respectively.26 In contrast, 9% of respondents report signing non-compete agreements in

Public Administration and Education, Health, and Social Services, the two industries with the

lowest prevalence.27

Individuals who report signing a non-compete agreement in 2017 have starting wages of $21

per hour, a four dollar premium relative to those who do not report signing a non-compete agree-

ment in 2017. Differences in starting wages may reflect a compensating wage differential or dif-

the incidence of job separation between 2017 and 2019, as well as the incidence of job separation between 2013 and
2019.

26According to the Bureau of Labor Statistics, “Sales representatives, wholesale and manufacturing, except techni-
cal and scientific products” comprise the most common occupation within Wholesale Trade.

27Utilities, Agriculture, Forestry, and Fisheries, and Active Duty Military have lower usage, but fewer than 30
respondents fall under these categories.
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fering characteristics between those who do and do not sign non-compete agreements. We are

unable to assess the relative importance of both factors, though we note that the estimated cross-

sectional wage premium for signing a non-compete agreement declines as we add control variables

(Table A4). This implies that differences in starting wages is partly attributable to the fact that, on

average, non-compete signers have characteristics that are positively associated with employment

outcomes.

Table A2 provides further evidence that supports this claim. In the 2017 cross-section, we find

that non-compete signers stay with their employers for 3 more months and are 4 percentage points

less likely to have a job separation than their counterparts, which is consistent with our theory.

They also have, on average, a half year more of formal education and higher four-year college

attainment rates. Employers are more likely to provide training to those who sign a non-compete

agreement: 31% of respondents with a non-compete reported having ever received training run

by the employer, relative to 27% for those without a non-compete agreement. The difference is

statistically significant at conventional levels. We observe similar differentials for training provided

by a third party at the workplace or the incidence of receiving alternative forms of training.28

Table A3 examines training differentials among high and low non-compete usage industries.

Our theory predicts that in industries where training is more “general,” non-compete agreements

are used more frequently and are more likely to encourage firm-provided investments. We observe

training differentials in high-usage industries but not in low-usage industries, which is consistent

with the theory. In high-usage industries, non-compete signers are 7 percentage points more likely

to receive formal training run by the employer, with the difference statistically significant at the

1% level. In low-usage industries, the training differential is indistinguishable from 0. Table

A7 probes even further, showing training differentials by industry. While we observe a training

premium associated with non-compete agreements in the overwhelming majority of industries,

28Though we note the 2 p.p. differential for training run by a third party at work is not statistically significant at the
10% level. In contrast to the firm-level investment measures in Shi [46], we measure training at the individual-level.
Our sample of workers is also approximately 10 years younger than her sample of executives (mean age of 34 in our
study versus mean age of 45 in Shi [46]). Nevertheless, we arrive at similar differences in job tenure among those with
and without non-compete agreements (0.21 years in our sample versus 0.10 years among the sample of executives).
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limited sample sizes within industry cells prevent us from making further conclusions about the

particular industries where non-compete agreements raise firm-provided investments.29

Despite the fact that non-compete signers receive more firm-provided training, they do not

experience higher wage growth. Table A2 shows that between 2017 and 2019, both non-compete

signers and non-signers experienced a 4% increase in wages. This result is not an artifact of the

sample period considered. When we look at the 2015 to 2017 sample period, we again observe

similar patterns of wage growth between the two groups. Figure 2.5 further corroborates this result

by showing that there is no relationship between industry-level usage of non-compete agreements

and wage growth between 2017 and 2019.

A large literature has documented that job-to-job mobility is a common source of wage growth

for early-career workers [i.e. 59]. We are motivated to analyze wage growth patterns by non-

compete and job separation status, since our theory predicts that non-compete agreements lower

the incidence of job separation. In this exercise, our identifying assumption is that absent a non-

compete agreement, non-compete signers who remain in their jobs experience similar wage growth

as those who do not sign non-compete agreements and remain in their jobs. If increased investment

due to non-compete agreements generate rents that are later shared with labor, then we should

observe higher wage growth among non-compete signers who are job stayers over the sample

period, relative to job stayers without non-compete agreements.

We do not observe evidence of such rent-sharing in Figure 2.6. Among respondents who remain

with their main employer between 2013 and 2019, wage growth is similar among those with and

without a non-compete agreement. Interestingly, this pattern even holds among respondents who

experience a job separation over the sample period.30 When we look at patterns by high and

low income status in Table A4, we arrive at similar conclusions. Among both high and low income

earners, wage growth between 2017 and 2019 is 2 to 3 percent (regardless of non-compete status).31

29Only 4 out of the 16 industries in Column 4 of Table A7 have negative coefficients. 6 out of the 16 industries in
Column 8 of Table A7 have negative coefficients.

30Similar patterns arise when we define job separators to be those who experienced a job separation between 2017
and 2019 (Figure A1)

31Low (high) income workers are defined to be those earning below (above) median wages in 2015.
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Articles in the popular press have often claimed that non-compete agreements are exploitative

for low-income workers.32 When we zoom into the wage patterns for low-income workers in

Appendix Figure 2.7, we observe generally similar patterns as in the overall sample. The result

that non-compete agreements are associated with higher wages is consistent with Gopal [60], who

finds higher wages under stricter regimes of non-compete enforcement.

The qualitative relationships between non-compete agreements and various labor market out-

comes are robust to several identification strategies. In Tables A4 and A5, we estimate the coeffi-

cients from the following equation via Ordinary Least Squares:

𝑌𝑖 = 𝛽0 + 𝛽1 ∗ 𝑁𝐶𝑖 + 𝜷2∗𝑿𝒊 + 𝜖𝑖 (2.5)

We consider wages in 2019 as the dependent variable in the former table and wage growth

between 2017 and 2019 as the dependent variable in the latter table.33 Table A4 shows that 𝛽1

declines as we add control variables. In the no-controls specification in Column 1, the wage pre-

mium associated with signing a non-compete agreement is 28%. In the fully saturated model of

Column 6, which has industry fixed effects and controls for age, tenure, gender, and potential expe-

rience, the estimated wage premium falls to 19%. We observe different patterns when the outcome

is wage growth. Across all specifications, the coefficient on the non-compete dummy variable

remains constant at 0.003 and is statistically insignificant at conventional levels.

Even in the fully saturated model, we cannot rule out the possibility that there are omitted vari-

ables correlated with non-compete usage and labor market outcomes of interest. Our developed

theory suggests that individuals who sign non-compete agreements have high external returns on

firm provided investment.34 If these individuals also have higher ability, then our estimated co-

efficients will be upward biased. To address this concern, we adopt a research design where we

compare the trajectory of outcomes of individuals who signed non-compete agreements in 2017

32See for example this article about non-compete agreements in the fast-food industry:
https://www.nytimes.com/2014/10/15/upshot/when-the-guy-making-your-sandwich-has-a-noncompete-clause.html

33We are motivated to use the 2019 cross-section for this exercise, since all respondents are relatively new job
holders.

34The “external return on firm provided investment” corresponds to the parameter 𝜌 in the theoretical model.
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to that of individuals who signed non-compete agreements in 2019. If those who ever sign a non-

compete agreement have higher time-invariant un-observable characteristics, then this comparison

nets out such differences. More formally, using the full sample of non-compete signers and data

from 2013 to 2019, we estimate the parameters of the following Event Study regression:

𝑌𝑖𝑡 = 𝛽0 + 𝛽1 ∗ 1(𝑁𝐶2017) +
∑︁

𝑡≠2017
𝛽𝑡1(𝑁𝐶2017) ∗ 1(𝑌𝑒𝑎𝑟 = 𝑡) + 𝜖𝑖𝑡 (2.6)

We are interested in 𝛽1, ˆ𝛽2013, and ˆ𝛽2015, which represent annual differences in labor market

outcomes between the treatment and control groups prior to when members of the control group

signed non-compete agreements. The coefficients in Table A5 provide further suggestive evidence

that non-compete agreements are associated with higher cross-sectional wages, job-tenures, and

employer-provided training, and are not associated with wage-growth.35

2.5 Conclusion

Economists have long been interested in the factors that promote human capital development.

Schooling is often considered as an important determinant of an individual’s productivity, but there

are many skills that can only be learned on the job. The market for employer-provided training,

however, suffers a well-known failure: employers do not have an incentive to provide transferable

skills if they later need to compensate workers for their increased productivity.

In this paper, we consider the incentives for workers and firms to use non-compete agreements

and empirically study their effects on various labor market outcomes. We show that non-compete

agreements are used if the gains from transferable skills provided by firms outweigh the expected

costs of job-lock. While we view this trade-off between efficient investment and job-separation

as intuitive, the model departs from the existing theoretical literature by allowing for ex-post in-

efficiencies. That is to say, non-compete agreements may prevent workers from moving to firms

35We do caution, however, that these coefficients may still not reflect the causal impact of non-compete agreements.
Members of the treatment and control group may have different time-varying un-observable characteristics that affect
our labor market outcomes of interest. Further, non-compete agreements may be bundled with other post-employment
restrictions that affect our outcomes of interest.
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where they are more productive.

Using newly released panel data on non-compete usage among a representative sample of work-

ers, we confirm the model’s predictions. Non-compete agreements lower job separation rates,

increase firm provided investments, raise cross-sectional wages, and are more likely to be used

in industries where training is easily transferable. We find no relationship between non-compete

agreements and wage growth, suggesting that the rents generated from increased investment are

not shared with labor in the short-run.

Our empirical analysis departs from existing literature in several ways. We directly examine the

effect of non-compete agreements, as opposed to a large body of work that studies the impacts of

non-compete regulation (i.e. Gopal [60]). By using a moderately large and representative sample,

we have been able to study the effects of non-compete agreements on the broader workforce, unlike

previous studies that focus on particular occupations, industries, or firms. Our results are thus more

likely to generalize to broader segments of the economy relative to existing literature.

Although our analysis provides a better understanding of the usage and impacts of non-compete

agreements, future research can address some of the limitations of this study. Our data-set first

measures usage of non-compete agreements in 2017 and concludes in 2019, so our panel is rela-

tively short. A panel that tracks individuals across a longer horizon would allows us to determine

the longer-run impacts of non-compete agreements. In addition, non-compete agreements may

be bundled with other post-employment restrictions, such as non-disclosure agreements and no-

solicitation agreements. If such bundling is a common occurrence [i.e. 61], then our results identify

the joint effects of non-compete agreements and other post-employment restrictions. Nevertheless,

this study contributes to the literature by illustrating the incentives for parties to use non-compete

agreements and directly analyzing the effects of such agreements on a broad sample.
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Figures

Figure 2.4: Wage Distributions
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Figure 2.5: Wage Growth by Industry
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Figure 2.6: Mean Wage by Non-Compete and Job Separation
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Chapter 3: The Effects of Non-Compete Regulation

3.1 Introduction

Non-compete agreements are prevalent in the American workplace, with 38% of workers hav-

ing signed such an agreement at some point in their careers [62]. Despite their vast usage, the

effects of non-compete regulation on labor market outcomes remain contested. Strict enforcement

of covenants to non-compete (CNCs) may increase worker retention, thus raising the employer’s

incentive to invest in the worker’s general skills. Further training – driven by the ability of work-

ers to credibly commit to firms – can lead workers to be more productive, thereby raising wages.

However, strict enforcement of non-compete agreements may reduce workers’ outside options in

the labor market without conferring any benefits. By preventing workers tied with a non-compete

agreement from credibly threatening to change jobs, increased enforcement may allow firms to

exploit workers in the form of lower wages and worse working conditions. Alternatively, regula-

tion of non-compete agreements may have minimal effects on labor market outcomes, especially

in states where non-compete agreements are not frequently used.1

Using individual-level data from the Current Population Survey’s Monthly Outgoing Rotation

Group (CPS MORG) combined with a state-year panel of non-compete enforcement from 1992-

2014, I study the effects of non-compete regulation on wages, job mobility, and unemployment. I

find that within 3 years, a standard deviation increase in non-compete enforcement raises wages

of job stayers by 2% and of job leavers by 6%. Over the same horizon, there is no relationship

between non-compete enforcement and unemployment or job mobility, as measured by transitions

between industries. To identify the causal effects of such regulation, I use a triple differences

research design – where I compare the outcomes of workers who are and are not exempt from
1An understanding of the effects of non-compete regulation is especially pertinent as of this writing, given that the

Biden administration has recently banned the enforcement of non-compete agreements altogether.
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enforcement, before and after policy changes, and in treated versus control states.2 I show the

identifying assumption required of the research design – that omitted variables associated with

non-compete enforcement do not alter the relative outcomes of exempt to non-exempt workers –

is likely to hold.

I then interpret the empirical results through a theoretical framework that closely follows [63].

Under the assumptions of the model, non-compete agreements raise workers’ costs of quitting, with

larger costs for more skilled workers. This compression of the external wage structure incentivizes

firms to sink non-contractible investments in general human capital.3 The non-compete agreement

raises the value of the worker-firm match, but the degree to which workers are compensated for this

increased surplus depends on labor market competition at the time of contracting. Workers who

face more competitive labor markets at the time of signing a non-compete agreement can extract

a larger share of the increased match surplus. The fact that increased non-compete enforcement

raises wages of job leavers more than job stayers is consistent with the model’s predictions.4

This paper makes two contributions. The first is to use a credible research design to examine

how non-compete regulation affects a representative sample of workers. Existing work has consid-

ered the effects of non-compete enforcement in selected states [65, 66, 67] or occupations [e.g. 68].

Unlike prior research, I study how non-compete regulation affects workers situated across a variety

of geographies and occupations. This paper thus provides one of the first representative accounts

of how non-compete regulation affects the workforce. Existing research that examines the effect

of non-compete regulation on labor market outcomes has typically used a difference in differences

research design [69, 70, 64].5 For example, [69] finds increased non-compete enforcement reduces

firm entry by making a comparison of state-level outcomes among states that changed enforcement

2Workers exempt from state-level non-compete enforcement are either in the public sector or in particular occupa-
tions (such as law) where the state may have a public interest in restricting non-compete enforcement.

3It is assumed that workers cannot directly make these investments themselves. This may be because workers
are credit constrained or because the firm possesses initial property rights that must be transferred to workers. While
I cannot observe investment decisions in my data, [64] establishes that increases in non-compete enforcement as
associated with increases in firm-sponsored training but not self-sponsored training.

4This claim holds under the assumption that job leavers face more competitive labor markets than job stayers.
5One exception is [66]; the authors study the effects of non-compete enforcement in the context of Hawaii, where

the ban only applied to technology workers. They use the three sources of variation I use in this study.
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to those that do not, before and after the policy change. The effects of non-compete regulation from

these studies may yield incorrect estimates, as I find that increases in non-compete enforcement

typically occurs within the context of declining state-level unemployment.6 This study provides

more credible estimates by using a triple-differences research design to examine how labor market

outcomes react to changes in non-compete enforcement. More broadly, this paper contributes to a

larger literature on the effects of employment law on labor market outcomes [e.g. 71, 72, 73].

The second contribution is to develop a contracting model that demonstrates that non-compete

agreements raise firm-provided general investments while potentially creating an ex-post misal-

location between workers and firms. It generates the testable prediction that workers in more

competitive labor markets benefit more from increased non-compete enforcement, which appears

to be confirmed in the empirical analysis. The theoretical framework most closely follows [63],

who shows that non-compete agreements provide greater incentives for firms to invest in the gen-

eral skills of their workers, but fewer incentives to invest in firm-specific skills. An assumption

of this paper is that it is always efficient for the worker-firm relationship to persist. I extend Mec-

cheri’s framework to allow for the possibility of separation to be efficient – that is, for the worker’s

productivity at the incumbent firm to fall below the worker’s outside option when all uncertainty

is realized. The model illustrates the negative feature of enforceable non-compete agreements:

there are instances where the worker is more productive at other firms but the incumbent match

persists. The model contributes to a literature that examines the conditions under which firms sink

general investments. For instance, [74] show that firms provide such training when the slope of the

worker’s outside option with respect to general training is flatter than the slope of productivity with

respect to general training. This condition is satisfied when a worker is bound under an enforceable

non-compete agreement, since workers do not need to be compensated for increased general skills.

The outline of the paper is as follows: Section 2 discusses the literature, Section 3 presents a

theoretical framework, Section 4 features the data, Section 5 conducts the empirical analysis, and

Section 6 concludes.
6Furthermore, difference in difference estimates implausibly suggest that non-compete regulation affects outcomes

such as state-level marriage rates and educational attainment.
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3.2 Theoretical Framework

Following [63] and [75], I adopt an incomplete contracts framework to clarify the role of non-

compete agreements in influencing firm investment decisions. The model generates comparative

statics on wages, unemployment, and labor force participation that depend on labor market condi-

tions at the time of contracting.7

3.2.1 The Model

The setup closely follows [63], but generalizes the setting to allow for multiple firms to compete

for a worker, and for the worker-firm match to dissolve in the final period. There are 4 periods,

many homogeneous workers, and all parties are fully informed about whether a non-compete is

included in the contract.8 Parties are assumed to be risk neutral and to not discount the future.9

• Period 0: Each of 𝑁 ∈ 1, 2 firms offers a contract (𝑤0, 1(𝐶𝑁𝐶)) to a representative worker.

• Period 1: The firm sinks general and specific investments (𝑔, 𝑠) into the match. Normalize

𝑀𝐶 (𝑔) = 𝑀𝐶 (𝑠) = 1

• Period 2: A mean 0 match specific shock 𝜖 with a continuously differentiable CDF 𝐺 () is

realized.

• Period 3: Match dissolves or production occurs. If production occurs, match surplus is split

via Nash Bargaining.

3.2.2 Definitions

Denote the firm’s outside option −𝐹 < 0. This value corresponds to the firm’s payoff in the

event the position is left vacant.10 The firm’s Nash Bargaining weight fixed at 1 − 𝛽. The worker’s
7More specifically, the comparative statics depend on whether exactly one or more than one firm can offer a contract

with an enforceable non-compete agreement.
8It is further assumed parties have common knowledge of the game.
9As a result of this assumption, all parties prefer the contract in period 0 that maximizes the sum of expected

payments from period 0 and period 3.
10This event can occur if either the worker rejects the contract in Period 0, or if the match dissolves in Period 3.
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non-labor market outside option is a fixed 𝐿 < 0, while the worker’s labor market outside option

is given by 𝑤̃(𝑔, 1(𝐶𝑁𝐶)). Assume 𝑤̃(0, 0) = 0 > 𝐿.11 Note that in the absence of a CNC, by

definition, the slope of the worker’s outside option with respect to general investment is the same

as the slope of revenue with respect to general investment: 𝜕𝑤̃(𝑔,0)
𝜕𝑔

=
𝜕𝑟 (𝑔,𝑠,𝜖)

𝜕𝑔
. Since investment

is costly to the firm, and the outside option rises 1-1 with revenue, one retrieves the well-known

result that the firm does not sink general investments [76].

Denote the value of production that occurs in the final period as 𝑦 = 𝑟 (𝑔, 𝑠) + 𝜖 . The 𝜖 shock

is realized in the final period, but the distribution of the shock is known to all parties as they begin

contracting in Period 0. Assume that the revenue function 𝑟 () satisfies the Inada conditions in all

its arguments.12 Let total firm investments be given by 𝑖 = 𝑠 + 𝑔.

The role of a (enforceable) non-compete agreement is to reduce the worker’s outside option in

the final period. Refer to 𝑐(𝑔) = 𝑐+𝑐(𝑔) as the reduction in the worker’s outside option with a CNC,

so that 𝑤̃(𝑔, 1) = 𝑤̃(𝑔, 0) − 𝑐(𝑔). As with 𝑟 (), assume that 𝑐() satisfies the Inada conditions. With

an enforceable CNC, the worker is prevented from directly moving to a competitor and earning

𝑤̃(𝑔, 0). As a result, the non-compete agreement reduces the worker’s labor market return from

increased general skills, but not specific skills. Note that 𝜕𝑐(𝑔)
𝜕𝑔

> 0, so 𝜕𝑤̃(𝑔,1)
𝜕𝑔

<
𝜕𝑟 (𝑔,𝑠,𝜖)

𝜕𝑔
=

𝜕𝑤̃(𝑔,0)
𝜕𝑔

. With a non-compete agreement, the worker’s outside option does not rise 1-1 in general

investments, so the firm is incentivized to sink a positive level of general investment into the match

[74]. Despite the fact that non-compete agreements raise training towards their efficient level,

they do sometimes prevent the worker from moving to the job at which he’s most productive.13

Enforceable non-compete agreements can thus lead to an ex-post misallocation between workers

and firms, as in [75].
11This assumption serves to avoid the un-interesting equilibrium where the worker always rejects the contract when

an enforceable CNC is unavailable.
12This assumption will play an important role in generating an interior solution in specific and general investments

when a non-compete is included in the contract.
13Under the condition below, the worker-firm match would dissolve without a CNC, but does not dissolve with a

CNC. Note that in the equation below, the variables (𝑔, 𝑠) refer to the optimal level of training with a CNC

𝑟 (𝑔, 𝑠) + 𝜖 ∈ [−𝐹 + 𝑤̃(𝑔, 0) − 𝑐(𝑔),−𝐹 + 𝑤̃(𝑔, 0)] (3.1)
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3.2.3 Model Solution

When the firm makes investment decisions in Period 1, it considers its expected profits in

Period 3. This value is as follows:

𝜋3
1 (𝛽, 𝑔, 𝑠, 𝐺 (), 1(𝐶𝑁𝐶)) = −𝐹 +

[
(1 − 𝛽) [𝑟 (𝑔, 𝑠) − (−𝐹 + 𝑤̃(𝑔, 0) − 𝑐(𝑔)1(𝐶𝑁𝐶)]

]
×[

1 − 𝐺 (−𝐹 − 𝑟 (𝑔, 𝑠) + 𝑤̃(𝑔, 0) − 𝑐(𝑔)1(𝐶𝑁𝐶))
] (3.2)

This expression states that the firm’s expected Period 3 payoff from the perspective of Period

1 is equal to its outside option plus its share of expected surplus. This latter term is surplus condi-

tional on the match persisting in Period 3 times the probability the match persists. It will be useful

to compare the market equilibrium to the efficient allocation chosen by the social planner. The

planner chooses (𝑠, 𝑔) to maximize expected joint surplus in the final period, net of investments

costs:

𝑝𝑙31 (𝑔, 𝑠, 𝐺 ()) = 𝑟 (𝑔, 𝑠)
[
1 − 𝐺 (−𝐹 − 𝑟 (𝑔, 𝑠) + 𝑤̃(𝑔, 0))

]
+(−𝐹 + 𝑤̃(𝑔, 0)) [𝐺 (−𝐹 − 𝑟 (𝑔, 𝑠) + 𝑤̃(𝑔, 0))

]
− (𝑔 + 𝑠)

(3.3)

The planner chooses investment so that the expected marginal benefit is equal to marginal

cost.14 A crucial difference between the planner’s problem and the firm’s problem is that the

former internalizes the benefits to the worker in the event of a job separation.15 Furthermore, in

the event the match persists, the planner fully internalizes the benefits of increased revenue, while

the firm does not, as it only extracts a 1 − 𝛽 share of match surplus. Both of these reasons explain

why there is underinvestment relative to the efficient level.

14Notice that because there is a positive probability of the match dissolving, the planner does not set the marginal
benefit of investment equal to its marginal cost.

15In the event the match dissolves, the firm’s payoff is −𝐹, while the planner’s payoff is −𝐹+𝑤̃(𝑔, 0)−𝑐(𝑔)1(𝐶𝑁𝐶)).
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First Order Conditions

To determine the level of investment the firm sinks into the match, the firm sets the expected

private marginal benefit of investment equal to the marginal cost of investment, which is 1. For

general investment, the optimality condition is as follows:

𝜕𝜋

𝜕𝑔
= 1(𝐶𝑁𝐶)

[
(1 − 𝛽) 𝜕𝑐

𝜕𝑔

[
1 − 𝐺 (−𝐹 − 𝑟 (𝑔, 𝑠) + 𝑤̃(𝑔, 0) − 𝑐(𝑔))

]
+𝜕𝐺 ()

𝜕 ()
𝜕𝑐

𝜕𝑔
(1 − 𝛽) [𝑟 (𝑔, 𝑠) − (−𝐹 + 𝑤̃(𝑔, 0) − 𝑐(𝑔))]

]
= 1

(3.4)

Observe that in the absence of a CNC, the expected marginal benefit of general investment is 0,

so the firm doesn’t sink any general investments. Further notice that the expected marginal benefit

of general investment with a CNC is greater than 0 only if there is wage compression: 𝜕𝑐/𝜕𝑔 > 0.

Even if there is wage compression, however, a CNC does not encourage the firm to provide the

level of general investment the planner would choose with a CNC. Given that match surplus is

split between worker and firm via Nash Bargaining, the firm is not the full residual claimant of

match surplus, and therefore underinvests. Nevertheless, a CNC pushes general investment above

0 towards its efficient level.

The analogous first order condition for specific investment is

𝜕𝜋

𝜕𝑠
= (1 − 𝛽)

[𝜕𝑟
𝜕𝑠

] [
1 − 𝐺 (−𝐹 − 𝑟 (𝑔, 𝑠) + 𝑤̃(𝑔, 0) − 𝑐(𝑔)1(𝐶𝑁𝐶))

]
+𝜕𝐺 ()

𝜕 () ( 𝜕𝑟
𝜕𝑠

) (1 − 𝛽) [𝑟 (𝑔, 𝑠) − (−𝐹 + 𝑤̃(𝑔, 0) − 𝑐(𝑔)1(𝐶𝑁𝐶)]
]
= 1

(3.5)

While the firm sinks no general investment in the absence of a non-compete, it does provide

a positive level of specific investment without a CNC. However, there is an inefficiently low level

of firm provided specific investment due to the fact that surplus is shared between firm and worker

(and further assuming 𝛽 ≠ 0). A CNC serves to raise firm provided specific investment towards its

efficient level by increasing the probability that the match survives.

Given the first order conditions that describe the firm’s incentives to engage in general and
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specific investments, all that remains is to characterize the exact solution. Note that when the

second derivative of the firm’s expected payoff with respect to investment is less than 0, there is a

unique solution. The appendix provides sufficient conditions for the “single crossing property” to

hold.

3.2.4 Discussion of Comparative Statics

Having characterized the firm’s investment decisions with and without a CNC, an important

question remains: will the worker and firm agree to a contract with a non-compete? It has been

established that with a non-compete, general and specific investments move toward the efficient

level, therefore increasing the expected surplus in the final period. If only a single firm can offer

the worker a contract, the firm will ensure that the worker is indifferent between accepting the

contract and not working (regardless of whether a CNC is included). Since the worker’s ex-ante

payoff from engaging in the relationship remains stable at 2𝐿, and match surplus increases with a

CNC, the worker-firm match will agree to a contract with a CNC. Similarly, if there are multiple

firms that can offer the worker a contract, each firm will raise Period 1 wages until the firm’s

expected payoff from the relationship is −2𝐹.16 The firm is indifferent between a contract with

and without a CNC, but the worker is better off with a CNC, so the parties agree to a contract with

a CNC. Regardless of the number of firms that can offer a contract, the parties will include a CNC

in the agreement, though labor’s share of the surplus is increasing in labor market competition time

of contracting.

Because the worker’s expected payoff remains at 2𝐿 if only a single firm can offer a contract,

state CNC policy has no bearing on labor force participation. When more than a single firm that can

offer a contract, the worker’s expected payoff when a CNC is available increases, thus raising labor

force participation. When a CNC is included in the contract, job separation decreases, as parties

engage in Coasean bargaining and expected match surplus in the final period increases. As with

labor force participation, the unemployment effects depend on the number of firms that can offer

16With multiple homogenous firms bidding for the worker, the game is analogous to a Bertrand price competition
game, where each firm prices at marginal cost.
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a contract. The value of a worker to the firm remains constant at −2𝐹 if multiple firms can offer a

contract, so a CNC should have null effect on unemployment. On the other hand, a CNC raises the

worker’s value to the firm if only a single firm can offer a contract, thus decreasing unemployment.

With an enforceable non-compete, the worker’s period 3 wages will be independent of 𝑁 , since

the firm will have monopsony power in the final period. Whether Period 3 wages increase relative

to when CNCs are unavailable depends on the parameters of the model. Non-compete agreements

increase the worker’s productivity, but also grant the firm with monopsony power, so the prediction

on the sign of final period wages is ambiguous. A concrete prediction, however, is that the Period

0 wage effect is positive when 𝑁 = 2, but the opposite sign of the Period 3 effect when 𝑁 = 1.

When 𝑁 = 1, the worker always remains indifferent between working and not working; as a result,

if Period 3 wages increase, then Period 0 wages decrease. When 𝑁 = 2, the worker extracts the

surplus gained from including a CNC, which should be reflected in higher Period 0 wages. The

model’s predictions on the effect of CNCs on various labor market outcomes are summarized in

Table 4.

3.3 Data

I combine legal data on non-compete enforcement with economic data on wages, unemploy-

ment, job mobility, and labor force participation to perform my empirical analysis. Non-compete

enforcement scores between 1992 through 2014 are derived from [68]. The authors construct their

enforcement metric following the procedure outlined by [77] and extend data collection to 2014.

I hand-collect data on workers who are exempt from non-compete enforcement using the legal

documents provided by [78] and [79]. Data on economic outcomes are derived from the Current

Population Survey’s Monthly Outgoing Rotation Group (CPS MORG).

3.3.1 Legal Data

[68] construct a non-compete enforcement metric for each state and year between 1992 and

2014. To do so, they consider 12 dimensions of non-compete enforcement, as originally described
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by [80]. As demonstrated in Table A4, state-level factors such as the type of consideration required

for the contract to be enforceable, whether the contract will be enforced in the event of termination,

and the geographic scope of the CNC influence the enforcement score.17 As shown in Table 1, there

is substantial variation in the enforcement index both within states and across states. There are 12

states that changed their non-compete policy between 1992 through 2014, with a total of 18 policy

changes. A mix of state court decisions and state legislative changes realized these policy changes

(Table A1).

I combine state-level enforcement data along with hand collected information on the types

of workers who are either exempt from non-compete enforcement or do not have non-compete

agreements in their labor contracts. Employees in the public sector do not have non-compete agree-

ments restricting their post-employment opportunities. Furthermore, in some states, either lawyers,

physicians, nurses, veterinarians, accountants, social workers, or members from the broadcasting

industry are exempt from enforcement. Table A4 lists all workers legally unaffected by changes

in non-compete policy, as well as the justification for the exemption.18 Using data from the CPS

MORG, Table 2 and Table 3 show there are exempted workers in each year and that each state

has exempted workers. Furthermore, exempted workers constitute more than 10% of all workers

observed in the data.

3.3.2 Economic Data

To access the impact of non-compete policy on economic outcomes, I use data from the Current

Population Survey’s Monthly Outgoing Rotation Groups.19 I restrict attention to males aged 25-

17Because enforcement of non-compete agreements falls under state-level employment law, the state where the
employee lives, rather than the state where the company is incorporated, is the relevant jurisdiction.

18Private sector workers who are exempt from CNC enforcement often gain their exempted status due to state level
public interest provisions.

19Because there are well known issues regarding data quality from the original Census source, I access a cleaned
version of the files from CEPR. These data make the useful adjustments of estimating weekly earnings for workers
with top coded weekly earnings, imputing weekly hours for workers who report “hours vary”, constructing a wage
variable that represents hourly earnings for hourly workers (excluding overtime and commissions) and usual hourly
earnings for non-hourly workers, and providing time consistent weights.
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54 and to individuals within a household who are observed in consecutive years.20 One of the

primary motivations for conducting the analysis with a sample restricted to individuals observed

twice is to estimate separate effects for job stayers, job leavers, and individuals who switch from

unemployment to employment (U-E). After making the appropriate sample refinements, there are

674,474 observations in the entire sample period from 1994-2014, as shown in Table 3.

The primary economic outcomes of interest are an individual’s log hourly wages and whether

an individual changes industry, occupation, or becomes unemployed.21 I show industry mobility

results using both 2 and 3 digit industry codes, and classify an individual as changing industries if

the codes in adjacent years do not match. I use an analogous procedure to determine occupational

switches.

3.4 Empirical Results

I first show the effects of non-compete enforcement from a differences-in-differences designs,

exploiting the 18 state-level policy changes from 1992-2014. These results indicate that increased

enforcement occurs when treated states experience relatively better state-level economic condi-

tions than control states.22 To address the potential endogeneity of state level non-compete policy,

I combine the non-compete enforcement panel with information on the identify of exempted work-

ers. With this additional source of variation, I use a triple-differences research design, where I

compare the relative outcomes of exempt to non-exempt workers in treated and control states, be-

fore and after state level policy changes. Previewing results, I find that increases in non-compete

enforcement are associated with persistent hourly wage increases of 3-7% in the 3 years after

implementation.

20Since the CPS MORG is a household level survey, there are no individual identifiers in the data. As such, I keep
individuals who have the same household id, line number, state id, country of birth, and citizenship status in adjacent
years. I further refine the sample to exclude individuals in adjacent years who report ages that are more than 4 years
apart.

21The wage variable captures hourly wages for hourly workers and average hourly wages for non-hourly workers.
22These results are consistent with the theory that firms lobby for further enforcement when labor is difficult to

recruit and retain.

81



3.4.1 Descriptive Statistics

As shown in Table 1, there are 12 states whose non-compete enforcement changes between

1992-2014.23 Four states changed non-compete policy multiple times, yielding 18 regulatory

changes over the sample period.24 The difference in difference analysis takes advantage of data

on 166038 unique individuals who are legally affected by non-compete policy, and who are seen

over 304117 person-years. Of the individuals observed in this sample, 80% were employed in

both years they were observed, 86% were in the labor force both periods, 2.2% transitioned from

unemployment to employment, and 41% changed two digit occupation or industry.

The triple differences research design takes advantage of hand-collected data on workers legally

exempt from the policy changes as a within-state control group. Table 2 illustrates the total number

of workers contained in the sample in each year, as well as the total number of exempted workers in

each year. An important feature to note is that most exempted workers are in the public sector. The

addition of exempted workers to the regression sample raises the sample size: the triple difference

analysis uses data on 188161 unique individuals, observed over 350314 person-years. Of the

individuals observed in this sample, 82% were employed in both years they were observed, 87%

were in the labor force both periods, 2.1% transitioned from unemployment to employment, and

41% changed two digit occupation or industry.

3.4.2 Regression Specification

To accomodate a research setting where units can experience multiple treatments of varying

doses, I follow the specification suggested by [81].25 I allow for the effects of non-compete en-

forcement to vary for each of the five years before and after a regulatory change.26 I bin my end-

23I choose this sample period because these are the years where CPS data are available. The states that experimented
with non-compete policy are CO, FL, GA, ID, IL, KY, LA, OR, SC, TX, VA, and WI.

24These states are CO, IL, LA, and TX.
25For example, TX’s policy change in 1994 decreased its enforceability score by 2, but its change in 2011 increased

its enforceability score by 1.
26Since the impact of non-compete enforceability changes, driven by court and legislative decisions, might take

multiple years to materialize, I would like to estimate distinct effects for 1 through 4 years after a policy change. I
therefore “bin” my endpoints at 5 years, imposing a constant effect of the policy change for more than 4 years after
the event. Furthermore, as highlighted in Figure 2 of [81], the binning of endpoints necessitates running the empirical
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points at 5 years, so that the regression sample uses data from 1998 to 2009.27 Wage regressions

are restricted to employed individuals, unemployment regressions are restricted to individuals in

the labor force, and labor force participation regressions are restricted to individuals whose labor

force status is known. The triple differences specification takes advantage of the full set of potential

observations in the analysis period, while the difference in differences regressions make the further

cut of excluding exempt workers. All regressions are estimated through ordinary least squares.

The estimating equations for the differences in differences specifications are as follows:

𝑌𝑖𝑠𝑡 = ®𝛼0𝑋𝑖𝑠𝑡 +
−2∑︁

𝑘=−5
𝛽𝑘𝑒𝑘𝑠𝑡 +

5∑︁
𝑘=0

𝛽𝑘𝑒𝑘𝑠𝑡 + ®𝛼1𝜆𝑡 + ®𝛼2𝛿𝑠 + 𝜃𝑠𝑡 + 𝜈𝑖𝑠𝑡 (3.6)

𝑒0
𝑠𝑡 = 𝐸𝑛 𝑓 𝑜𝑟𝑐𝑒𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑠𝑡 − 𝐸𝑛 𝑓 𝑜𝑟𝑐𝑒𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑠(𝑡−1);∀𝑠,∀𝑦 ≥ 1993 (3.7)

𝑒𝑘𝑠𝑡 = 𝑒𝑘−1
𝑠(𝑡−1) , 𝑘 = 1, 2, 3, 4; 𝑒𝑘𝑠𝑡 = 𝑒𝑘+1

𝑠(𝑡+1) , 𝑘 = −1,−2,−3,−4 (3.8)

𝑒5
𝑠𝑡 =

∑︁
𝑗≥5

𝑒0
𝑠(𝑡− 𝑗); 𝑒

−5
𝑠𝑡 =

∑︁
𝑗≥5

𝑒0
𝑠(𝑡+ 𝑗) (3.9)

The individual level covariates include controls for age, race, education, marital status, US citi-

zenship status, and whether the individual resides in an MSA. In specifications testing for covariate

balance, the dependent variable is a covariate of interest, and 𝑋𝑖𝑠𝑡 is an empty vector. The effect

of non-compete enforcement on the outcome of interest is captured by 𝛽𝑘 , 𝑘 ≥ 0. The coefficients

on 𝑒𝑘 , 𝑘 < −1 capture deviations of a unit’s untreated potential outcome from its linear time trend.

analysis on a strict subset of the data. In my research context, an event corresponds to a change in state level non-
compete enforceability year over year. As a result, I observe events in the period from 1993 through 2014. No events
occur in the first year where the enforceability score is available, 1992, because events correspond to changes in the
enforceability score.

27The intuition for excluding data from 1993 - 1997 is as follows: the regression specification imposes that events
that occurred in the past can affect present period outcomes. However, since events are observed only starting in 1993,
I lack data on events prior to 1993 that could affect outcomes between 1994 - 1997. Therefore, the dummy variables
of interest take on a missing value for observations between 1994-1997. A similar rationale explains why data from
2010 - 2014 are excluded.
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Note that 𝑒−1 is dropped, and that state specific linear time trends are used.

The triple differences specification, now including workers legally unaffected by state-level

policy changes, is as follows:

𝑌𝑖𝑠𝑡 = ®𝛼0𝑋𝑖𝑠𝑡 +
−2∑︁

𝑘=−5
𝛽𝑘 (𝑒𝑘𝑠𝑡𝐷𝑖𝑠𝑡) +

5∑︁
𝑘=0

𝛽𝑘 (𝑒𝑘𝑠𝑡𝐷𝑖𝑠𝑡)

+®𝛼1𝜆𝑡 + ®𝛼2𝛿𝑠 + 𝛼3𝐷𝑖𝑠𝑡 + ®𝛼4(𝜆𝑡𝛿𝑠) + ®𝛼5(𝜆𝑡𝐷𝑖𝑠𝑡) + ®𝛼6(𝛿𝑠𝐷𝑖𝑠𝑡) + 𝜈𝑖𝑠𝑡

(3.10)

Here 𝐷𝑖𝑠𝑡 is an indicator for whether an individual is subject to non-compete regulation. The

same individual-level controls in the baseline DD specification are maintained here. In addition,

controls for three digit occupation codes are included to account for the fact that the occupational

choice in the public and private sector may vary. As before, the effect of non-compete enforcement

on the labor market outcome of interest is given by 𝛽𝑘 , 𝑘 ≥ 0. If there are no pre-trends, then

𝛽𝑘 , 𝑘 < −1 should be indistinguishable from 0.

3.4.3 Discussion

Difference in Difference Results

Figure 1 provides initial evidence that causal estimates of non-compete regulation based on

difference-in-differences estimates should be interpreted cautiously. The execise delivers the im-

probable conclusion that rising enforcement has statistically significant and persistent negative

effects on state level marriage rates, college educational attainment rates, and US citizenship rates.

Furthermore, Figure 3 shows that treated units increase non-compete enforcement in the context of

declining unemployment in treated relative to control units. This result is consistent with the notion

that employers lobby for political measures that facilitate labor retention when labor is difficult to

recruit and retain. As additional evidence that non-compete enforcement is not exogenous to labor

market outcomes, when I restrict the sample to workers exempt from non-compete enforcement,

the difference in differences estimates posit that a one standard deviation increase in enforcement

reduces wages by 2-6% (Figure 9). Such a negative magnitude seems implausible absent sizable
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spillover effects between wages in the public and private sector.28 These facts question the validity

of difference-in-differences estimates of the effects of non-compete regulation, and motivate the

use of an alternative research design.

Triple Difference Results

The identifying assumption of the triple differences estimator is that there are no contempo-

raneous shocks that affect the relative outcomes of the non-exempt to exempt group in the same

state-years as the law [71]. Given that rising non-compete enforcement occurs under positive

economic conditions, these shocks must equally affect exempt and non-exempt workers for the

estimates to be interpreted causally. An examination of the coefficients in Figure 8 suggests that

trends in the exempt to non-exempt mobility differential evolve similarly between treated and con-

trol units prior to regulatory changes. The absence of pre-trends corroborates the validity of the

identifying assumption.29 As further suggestive evidence, the triple differences estimates do not

indicate that non-compete enforcement has a short-term impact on variables such as marriage or

college educational attainment rates (Figure 5). Using this method, I find that increased enforce-

ment of non-compete agreements has minimal impacts on industry mobility, occupational mobility,

and unemployment (Figures 7 and 8).30

Despite null effects on job mobility and unemployment, increased non-compete enforcement

raises the wages of job stayers and job leavers (Figure 6).31 The magnitudes are sizable: a standard

deviation increase in non-compete enforcement raises hourly wages by 3-7% within three years,

with larger gains for job leavers than job stayers. Within five years, I can reject the null hypothesis

28By spillover effects, I refer to wage gains (losses) experienced by private sector workers that subsequently lead to
wage gains (losses) enjoyed by public sector workers. This process might occur if public sector pay is tied to private
sector pay in a labor market. See [82] for an example in the nurse labor market.

29The triple difference estimates may overstate the wage effects of increased non-compete enforcement if individ-
uals strategically self-select into states based on its non-compete regulation. For example, if individuals with higher
return on employer provided investment select into private sector jobs within states with higher non-compete enforce-
ment, and these individuals have higher ability, then the wage effects will be overstated. Further, if public sector pay
is benchmarked to private sector pay for workers in a given occupation, the triple difference results understate the
beneficial wage effects of increased non-compete enforcement.

30While the triple difference point estimates retain the undesirable pre-trends in the unemployment regressions,
these trends do not appear in the industry and occupational mobility regressions.

31This conclusion holds regardless of whether job mobility is defined using 2 or 3 digit codes.
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of a zero wage effect for both job stayers and job leavers. The fact that job leavers experience larger

short term wage increases than job stayers is consistent with the theoretical framework. Stricter

enforcement of non-compete agreements raise the economic rents of the employment relationship,

but workers with more leverage prior to signing the agreement can extract larger share of the

surplus.32

3.5 Conclusion

In this paper, I find that increased enforcement of non-compete agreements raises wages, but

has no impact on other labor market outcomes such as job mobility and unemployment. These

results stand in contrast to some prior literature that documents that increased enforcement of non-

compete agreements lowers wages and job mobility. Previous work has typically used a difference-

in-differences research design, with an identifying assumption that changes in enforcement are

unrelated to state-level omitted variables that affect labor market outcomes. I have documented

that this assumption is unlikely to hold. This paper fills the gap by using both time variation in

non-compete enforcement and a within-state control group to perform a triple difference analysis.

I find that state policies that increase non-compete enforcement raise short run wages, with

larger effects for job leavers than job stayers. This empirical result is consistent with the devel-

oped theory, which shows that enforceable non-compete agreements raise match surplus and that

workers with more competitive labor markets extract more of this surplus in the form of short run

wages. Overall, the theory and empirical results suggest that strict enforcement of non-compete

agreements may enhance the efficiency of the labor market. However, several caveats apply. I an-

alyze the effects of non-compete regulation, but data limitations prevent me from shedding insight

into how non-compete agreements themselves affect worker-level outcomes. Further, the model

implies that workers and firms use enforceable non-compete agreements to encourage firm pro-

vided investments, but I do not observe the provision of investments in the data. The direct effect

of non-compete agreements on firm provided investments is a question well suited for future work.

32See [75] for a theoretical exposition of why the worker’s gains would come in the form of an up-front bonus.
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3.6 Tables and Figures

Table A1: List of States with Non-Compete Policy Changes

State Period Enforcability Score

CO 1992-2011, 2014 2
CO 2012-2013 3
FL 1992-1996 7
FL 1997-2014 9
GA 1992-2011 5
GA 2012-2014 6
ID 1992-2008 6
ID 2009-2014 7
IL 1992-2011, 2014 5
IL 2012-2013 6

KY 1992-2006 6
KY 2007-2014 8
LA 1992-2001, 2004-2014 4
LA 2002-2003 0
OR 1992-2008 6
OR 2009-2014 7
SC 1992-2010 5
SC 2011-2014 4
TX 1992-1994, 2010-2011 5
TX 1995-2006 3
TX 2007-2009 4
TX 2012-2014 6
VA 1992-2013 3
VA 2014 4
WI 1992-2009 3
WI 2010-2014 5

Notes: Sample period is 1992-2014. Data from Kini, Williams, Yin (2019)
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Table A2: Number of CNC Exempt Workers by Year, 1994 - 2014

1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

Public Sector 1, 426 2, 365 3, 538 5, 123 4, 969 5, 084 4, 990 5, 124 5, 603 5, 749 5, 291 5, 143 5, 063 4, 991 4, 968 4, 856 4, 900 4, 743 4, 608 4, 522 2, 270
Lawyer 13 26 34 70 84 107 106 102 112 114 108 98 90 90 91 88 80 79 99 93 41

Physician 3 4 8 11 13 15 8 11 17 20 18 22 28 26 31 24 23 19 11 20 14
Nurse 0 0 1 4 4 2 1 2 3 3 8 5 1 2 3 3 1 5 9 7 1

Vet 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Accountant 1 3 1 4 5 2 1 3 3 4 5 5 1 0 2 3 4 0 0 1 1

SocialWorker 0 1 1 6 5 3 5 7 6 2 3 2 3 0 1 2 3 4 6 1 0
Broadcaster 0 0 0 0 0 0 0 0 0 3 0 0 4 5 10 6 7 4 5 9 3

Total Exempt 1, 443 2, 399 3, 583 5, 218 5, 080 5, 213 5, 111 5, 249 5, 744 5, 895 5, 433 5, 275 5, 190 5, 114 5, 106 4, 982 5, 018 4, 854 4, 738 4, 653 2, 330
N 9, 173 14, 869 22, 762 33, 584 33, 877 34, 314 34, 352 35, 834 39, 572 41, 054 37, 767 36, 509 35, 706 34, 791 35, 675 35, 873 36, 022 35, 660 35, 344 34, 548 17, 188

Notes: Sample restricted to prime aged males who are observed exactly twice (in adjacent years). Counts unweighted.

Figure 3.1: Covariate Balance
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Table A3: Number of CNC Exempt Workers by State, 1994 - 2014

Public Sector Lawyer Physician Nurse Vet Accountant SocialWorker Broadcaster Total Exempt N

AK 1, 851 0 0 0 0 0 0 0 1, 851 8, 613
AL 769 27 34 0 0 33 0 0 863 8, 230
AR 675 0 0 0 0 0 0 0 675 7, 320
AZ 915 38 34 0 0 0 0 23 1, 010 8, 142
CA 5, 301 300 0 0 0 0 0 0 5, 601 56, 291
CO 1, 458 0 57 0 0 0 0 0 1, 515 12, 810
CT 1, 438 0 0 0 0 0 0 0 1, 438 13, 423
DE 1, 001 0 20 0 0 0 0 0 1, 021 9, 154
FL 2, 508 0 0 0 0 0 0 0 2, 508 26, 420
GA 1, 359 0 0 0 0 0 0 0 1, 359 12, 938
HI 1, 421 0 0 0 0 0 0 0 1, 421 9, 464
IA 1, 333 0 0 0 0 0 0 0 1, 333 11, 618
ID 930 0 0 0 0 0 0 0 930 7, 758
IL 2, 032 209 0 0 0 0 0 0 2, 241 24, 412
IN 928 48 0 0 0 0 0 0 976 10, 699
KS 1, 240 0 0 0 0 0 0 0 1, 240 9, 425
KY 1, 106 0 0 0 0 0 0 0 1, 106 9, 985
LA 665 0 0 0 0 0 0 0 665 6, 791
MA 1, 212 116 116 54 0 0 45 22 1, 565 14, 991
MD 2, 452 0 0 0 0 0 0 0 2, 452 13, 025
ME 1, 334 0 0 0 0 0 0 0 1, 334 11, 466
MI 1, 391 0 0 0 0 0 0 0 1, 391 19, 911
MN 1, 443 0 0 0 0 0 0 0 1, 443 14, 629
MO 957 0 0 0 0 0 0 0 957 10, 398
MS 755 0 22 0 0 0 0 0 777 6, 682
MT 960 0 0 0 0 0 0 0 960 6, 612
NC 1, 483 0 0 0 0 0 0 0 1, 483 15, 611
ND 1, 188 0 0 0 0 0 0 0 1, 188 8, 215
NE 1, 120 0 0 0 0 0 0 0 1, 120 9, 849
NH 1, 379 0 0 0 0 0 0 0 1, 379 13, 515
NJ 1, 700 148 0 0 0 0 0 0 1, 848 18, 716

NM 1, 132 0 0 0 0 0 0 0 1, 132 7, 026
NV 929 0 0 0 0 0 0 0 929 9, 722
NY 4, 110 308 0 0 0 0 0 0 4, 418 35, 890
OH 2, 024 100 0 0 0 0 0 0 2, 124 21, 622
OK 1, 088 0 0 0 0 0 0 0 1, 088 8, 286
OR 960 0 0 0 0 0 0 11 971 8, 912
PA 2, 050 0 0 0 0 0 0 0 2, 050 24, 892
RI 1, 315 0 0 0 0 0 0 0 1, 315 11, 340
SC 880 0 0 0 0 0 0 0 880 8, 233
SD 1, 295 0 0 0 0 0 0 0 1, 295 9, 279
TN 868 49 9 0 0 0 0 0 926 8, 747
TX 2, 969 0 0 0 0 0 0 0 2, 969 31, 276
UT 940 0 0 0 0 0 0 0 940 7, 978
VA 2, 005 0 0 0 0 0 0 0 2, 005 14, 023
VT 983 0 0 0 0 0 0 0 983 9, 511
WA 1, 374 0 0 0 0 0 0 0 1, 374 10, 887
WI 1, 220 48 0 0 0 0 0 0 1, 268 12, 754
WV 1, 044 0 0 0 0 0 0 0 1, 044 8, 895
WY 1, 331 0 0 0 0 0 0 0 1, 331 8, 088
Total 72, 821 1, 391 292 54 0 33 45 56 74, 692 674, 474

Notes: Sample restricted to prime aged males who are observed exactly twice (in adjacent years). Counts unweighted.
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Figure 3.2: Effect on Log Wages
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Figure 3.3: Effect on Unemployment and Labor Force Participation
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Figure 3.4: Effect on Industry and Mobility
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Figure 3.5: Covariate Balance
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Figure 3.6: Effect on Log Wages DDD
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Figure 3.7: Effect on Unemployment and Labor Force
Participation DDD
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Figure 3.8: Effect on Industry and Mobility DDD
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Figure 3.9: Effect on Log Wages
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Table A4: Model’s Predictions on How Labor Market Outcomes
Respond to Availability of Enforceable CNC

Only one employer can offer contract with CNC > 1 employer can offer contract with CNC
Short run wages -sgn(long run wages) ↑
Long run wages -sgn(short run wages) ambiguous
Unemployment ↓ 0

Job Mobility ↓ ↓
LF Participation 0 ↑

Table A5: Effect of Increased CNC Enforceability on Labor
Market Outcomes; Triple Differences Specification

Sign
Short run wages ↑
Long run wages ↑↑
Unemployment 0

Short Run Industry and Occupational Transitions ↑
Long Run Industry and Occupational Transitions 0

LF Participation 0

3.7 Legal Appendix

Table A1: Legal Ruling that Changed CNC Policy
State Case Year Score Change
Texas Light v. Centel Cellular Co. 1994 5 to 3
Florida Florida Legislature 1996 7 to 9
Louisiana SWAT 24 Shreveport Bossier, Inc. v. Bond 2001 4 to 0
Louisiana Louisiana Legislature 2004 0 to 4
Kentucky Gardner Denver Drum LLC v. Peter Goodier and Tuthill Vacuum and Blower Systems 2006 6 to 8
Texas Baker Petrolite Corp. v. Spicer 2006 3 to 4
Idaho Idaho Legislature 2008 6 to 7
Oregon Oregon Legislature 2008 6 to 7
Texas Mann Frankfort Stein & Lipp Advisors, Inc. v. Fielding 2009 4 to 5
Wisconsin Star Direct, Inc. v. Dal Pra. 2009 3 to 5
South Carolina Poynter Investments, Inc. v. Century Builders of Piedmont, Inc. 2010 5 to 4
Colorado Lucht’s Concrete Pumping, Inc. v. Horner 2011 2 to 3
Georgia Georgia Legislature 2011 5 to 6
Illinois Fire Equipment v. Arredondo et al. (2011) 2011 5 to 6
Texas Marsh USA, Inc. v. Cook 2011 5 to 6
Illinois Fifield v. Premier Dealership Servs. 2013 6 to 5
Virginia Assurance Data Inc. v. Malyevac 2013 3 to 4
Colorado Change in Russell Beck Data, from blue pencil to purple pencil 2013 3 to 2
Notes: Sample period is 1992-2014. Data from Kini, Williams, Yin (2019)
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Table A2: Components of CNC Enforceability
Question 1. Is there a state statue of general application that
governs the enforceability of covenants not to compete?

Threshold 1. States that enforce noncompetition agreements
outside a sale-of-business context receive a score of 1.

Question 2. What is an employer’s protectable interest and
how is it defined?

Threshold 2. States in which the employer can prevent the employee from
future independent dealings with all the firm?s customers, not merely with
the customers with whom the employee had direct contact, receive a score of 1.

Question 3. What must the plaintiff be able to show to
prove the existence of an enforceable covenant not to
compete?

Threshold 3. Laws that place greater weight on the interests of the firm
relative to those of the former employees would receive a score of 1.

Question 4. Does the signing of a covenant not to compete
at the inception of the employment relationship
provide sufficient consideration to support the covenant?

Threshold 4. States for which the answer to Question 4 is clearly ?Yes?
receive a score of 1.

Question 5. Will a change in the terms and conditions
of employment provide sufficient consideration to support a
covenant not to compete entered into after the employment
relationship has begun?

Threshold 5. States for which the answer to Question 5 is clearly ?Yes?
receive a score of 1.

Question 6. Will continued employment provide sufficient
consideration to support a covenant not to compete entered
into after the employment relationship has begun?

Threshold 6. States for which the answer to Question 6 is clearly ?Yes?
receive a score of 1.

Question 7. What factors will the court consider in determining
whether time and geographic restrictions in the covenant are
reasonable?

Threshold 7. Jurisdictions in which courts are instructed not to consider
economic or other hardships faced by the employee receive a score of 1.

Question 8. Who has the burden of proving the reasonableness
or unreasonableness of the covenant not to compete?

Threshold 8. States in which the burden of proof is clearly placed on the
employee receive a score of 1.

Question 9. What type of time or geographic restrictions
has the court found to be reasonable? Unreasonable?

Threshold 9. Jurisdictions in which 3-year statewide restrictions have
been upheld receive a score of 1.

Question 10. If the restrictions in the covenant not to compete are
unenforceable because they are overbroad, are the
courts permitted to modify the covenant to make the restrictions
more narrow and to make the covenants enforceable?

Threshold 10. States for which the answer to Question 10 is clearly ?Yes?
receive a score of 1.

Question 11. If the employer terminates the employment
relationship, is the covenant enforceable?

Threshold 11. States for which the answer to Question 11 is clearly ?Yes?
receive a score of 1.

Question 12. What damages may an employer recover and from
whom for breach of a covenant not to compete?

Threshold 12. If, in addition to lost profits, there is a potential for
punitive damages against the former employee, the state receives a score of
1. States that explicitly exclude consideration of the reasonableness of the
contract from the calculation of damages are also above the threshold.

Notes: Enforceability coding scheme developed by Malsberger (2004), and later used by Garmaise (2009) and Kini, Williams, Yin (2019)

Table A3: Groups Exempt From CNC Enforcement by State and
Year

Exempted.Group States

Lawyers AL (post 1996), AZ (post 1999), CA, IL (post 1996), IN (post 1996), MA , NJ (post 1998), NY, OH (post 1996), TN (post 1996), WI
Physicians AL (since 1998), AZ (post 1999), CO (post 2001) , DE (post 2003), MA, MS (post 2002), TN (only from 2005-2008)

Nurses AL, MA
Veterinarian AL
Accountants AL

Social Workers MA
Broadcasting Industry AZ (post 2002), MA (post 2005), OR (post 2007)
Public Sector Workers All

Notes: Exempted groups between 1994 and 2014 are listed. Group is exempted the entire period unless indicated otherwise.
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Table A4: Legal Justification for Exemption from CNC
Enforcement

Exempted Group State Evidence

Lawyers AL Pierce v. Hand, Arendall, Bedsole, Greaves & Johnston
Physicians AL See Anniston Urologic Associates, P. C. v. Kline

Veternarians AL Friddle v. Raymond
Accountants AL Cherry, Bekaert & Holland v. Brown

Lawyers AZ Ariz. Sup. Ct. R. 42, Ethical Rule 5.6:
Physicians AZ Valley Med. Specialists, 982 P.2d at 1286

Broadcasting AZ Ariz. Rev. Stat. 23-494.
Lawyers CA Rule 1-500(A) of the Rules of Professional Conduct of the California State Bar

Physicians CO Section 12-36-106, C.R.S
Physicians DE Del. Code Ann. tit. 6, § 2707
Lawyers IL Rule 5.6 of the Illinois Rules of Professional Conduct, 134 Ill.2d R 5.6.
Lawyers IN Indiana Rules of Prof. Conduct, Rule 5.6.

Physicians MA Mass. Gen. L. ch. 112, sec. 12X
Nurses MA Mass. Gen. L. ch. 112, sec. 74D

Broadcasting MA Mass. Gen. L. ch. 149, sec. 186
Social Workers MA Mass. Gen. L. ch. 112, sec. 135C

Lawyers MA Meehan v. Shaughnessy
Physicians MS Field v. Lamar, 822 So.2d 893, 901-02
Lawyers NJ N.J. Rule Prof. Conduct 5.6
Lawyers NY Cohen v Lord,
Lawyers OH A.B.A. Sec. Lab. Emp. L. Rep. 397

Broadcasting OR Or. Rev. Stat. § 653.295
Lawyers TN A.B.A. Sec. Lab. Emp. L. Rep. 451

Physicians TN Murfreesboro Med. Clinic, P.A. v. Udom and Tenn. Code Ann. § 63-1-148(a)
Lawyers WI State Code of Professional Responsibility

Public Sector All Post-Employment Restrictions take the form of “Revolving-Door Provisions”, rather than CNCs.
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Figure 3.10: Example of Non-compete
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Figure 3.11: Example of Non-compete
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3.8 Theory Appendix: Sufficient Conditions for Existence and Uniqueness

of PSNE

Under certain regularity conditions, the marginal benefit of investment is decreasing in invest-

ment, yielding a single crossing property. For general investment, a sufficient condition when a

CNC is included is the following:

[ 𝜕2𝑐

𝜕𝑔2 [1 − 𝐺 (−𝑐(𝑔))] + 𝜕𝐺 ()
𝜕 () ( 𝜕𝑐

𝜕𝑔
)2 < 0

]
∧
[ 𝜕2𝑐

𝜕𝑔2 [𝑟 (𝑔, 𝑠) − (−𝐹 + 𝑤̃(𝑔, 0) − 𝑐(𝑔)] + ( 𝜕𝑐
𝜕𝑔

)2 < 0
] (3.11)

The single crossing property for specific investment holds if the below condition is met:

[𝜕2𝑟

𝜕𝑠2

] [
1 − 𝐺 (−𝐹 − 𝑟 (𝑔, 𝑠) + 𝑤̃(𝑔, 0) − 𝑐(𝑔)1(𝐶𝑁𝐶))

]
+
[𝜕𝑟
𝜕𝑠

]
( 𝜕𝐺 ()
𝜕 () ) ( 𝜕𝑟

𝜕𝑠
) < 0

∧( 𝜕𝑟
𝜕𝑠

)2 + 𝜕2𝑟

𝜕𝑠2 < 0
(3.12)

These conditions are satisfied if there is enough curvature on 𝑐() for general investments and

𝑟 () for specific investments.

3.9 Data Codebook
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Table A5: Data Codebook
Variable Description CEPR Variable Name Variable Name in R Code Purpose

Real Hourly Wages
Inflation adjusted usual hourly earnings,
including otc for hourly and nonhourly workers. rw_ot rw_ot Dep Var

3 (2) digit occupation code
3 (2) digit occupational classification.
Recode occurs in 2003. (d)occ80/(d)occ03 o3(2) Dep Var

2 digit industry code
2-digit NAICS-based Detailed Industry
Classification Code. Recode in 2003. ind_nber/ind_2d i2 Dep Var

Unemployed Looking or laid off from job unem unem Dep Var

Not in Labor Force
Doing housework, school, unable to work,
working without pay, unavailable for work, other. nilf nilf Dep Var

Change industry ci2 Dep Var
Change 3 (2) digit occupation co3(2) Dep Var

Earnings weight
Earnings weight for all races. Used for
tabulating earnings related items. orgwgt orgwgt Reg weight

Race Black/White/Hispanic/Other wbho wbho Covariate
Age age age Covariate
Citizen Indicator for US Citizen citizen citizen Covariate

Marital Status
Married/Widowed/Divorced/
Separated/Never Married marstat marstat Covariate

Educational Status Highest Grade Completed educ92 educ92 Covariate
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Appendix A: How Do Firms Respond to Gender Quotas? Evidence From

California’s Senate Bill 826

Figure A.1: Example Director Profile in SEC 10-K Reports
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Figure A.2: Board Diversity Over Time
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Figure A.3: Older Firm Boards
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Figure A.4: Differential Mean Reversion
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Figure A.5: Average Return on Assets
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Figure A.6: Average Tobin’s Q
0.

0
0.

2
0.

4
0.

6
0.

8
1.

0

Average Tobin's Q by Treatment Group

2015 2016 2017 2018 2019 2020 2021

2017 Status

CA HQ and >=1 Woman on Board
CA HQ and All Male Board
non−CA HQ and >=1 Woman on Board
non−CA HQ and All Male Board

Notes: CA SB 826, approved on 9/30/2018, mandated at least 1 woman be on the corporate board of any listed company with HQ in CA
by 12/31/2019. Listed companies have shares listed on the NASDAQ, NYSE, or NYSE American. The sample tracks an unbalanced panel

of firms that were domestic and listed in 2017, the year before SB 826 was signed. Tobin's Q is the ratio of the firm's market
value to its book value of assets, and is log transformed.

116



Figure A.7: Buy and Hold Returns
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Figure A.8: Event Study for Quota Affected Companies
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Figure A.9: Event Study for California Companies
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Table A1: Share of BoardEx Companies Matched with
the Following:

(1) (2) (3) (4) (5) (6) (7)

Year BoardEx N
CRSP/

Compustat
Annual

Financials
Listing

Exchange
Geographic
Identifiers

All of
(2-6)

2015 4188 0.967 0.950 0.962 0.960 0.941
2016 4030 0.969 0.953 0.965 0.963 0.944
2017 4000 0.970 0.956 0.966 0.963 0.947
2018 3980 0.967 0.955 0.963 0.960 0.948
2019 3971 0.960 0.952 0.956 0.958 0.948
2020 4149 0.933 0.926 0.929 0.933 0.921
2021 4546 0.874 0.866 0.874 0.874 0.866

Note:
Note: Column (2) restricts to BoardEx’s ’Quoted’ and US based companies that
report annual board gender ratios. BoardEx-CRSP-Compustat crosswalk pro-
vided by WRDS. Annual Financials derived from the Compustat Annual Fun-
damental files. Listing exchange pulled from CRSP Names file. Geographic
identifiers include both the state of the company’s principal executive offices and
the country of incorporation. These values are taken from Compustat Snapshot.
If missing, geographic identifiers taken from the WRDS SEC Analytics Suite
(item regstatehdq). If still missing and the year is past 2019, the value is taken
from Boardex’s header level information provided in the Company Profile files.
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Table A2: Non-Compliance, Evasion, and Attrition

Firm Status Year
N:

AMB
N:

Diverse N
Change

in N
N:

Delist
N:

Change HQ

Treated 2015 151 23 174 NA 0 2
Treated 2016 179 12 191 17 0 5
Treated 2017 204 0 204 13 4 2
Treated 2018 135 48 183 -21 8 3
Treated 2019 40 131 171 -12 14 4
Treated 2020 16 143 159 -12 12 3
Treated 2021 6 140 146 -13 10 4

Control 2015 722 75 797 NA 0 19
Control 2016 804 46 850 53 0 16
Control 2017 942 0 942 92 7 30
Control 2018 654 202 856 -86 42 23
Control 2019 431 367 798 -58 77 18
Control 2020 300 436 736 -62 46 25
Control 2021 186 495 681 -55 39 11

Note:
Treated firms have CA headquarters and are listed as of 2017, while control
firms are listed and headquartered in another US state as of 2017. Cols 3-6
are derived from BoardEx’s organizational summary files, which indicates a
company’s annual gender ratio. Companies may fail to appear in BoardEx if
the company goes private, ceases to exist, or if BoardEx doesn’t collect the
company’s gender composition as of the annual report date. Col 7 is derived
from CRSP’s Delisting file; a company is defined to delist if none of the
company’s securities are listed the subsequent year. The last column uses
headquarter location data triangulated from Compustat Snapshot, BoardEx,
and SEC filings.
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Table A3: Differential Attrition?
Annual Board Gender Reporting Rates

Year
California

HQ
Outside
CA HQ Diff P-Val

N:
California

HQ

N:
Outside
CA HQ

2015 0.85 0.85 0.01 0.80 174 797
2016 0.94 0.90 0.03 0.09 191 850
2017 1.00 1.00 0.00 1.00 204 942
2018 0.90 0.91 -0.01 0.62 183 856

2019 0.84 0.85 -0.01 0.75 171 798
2020 0.78 0.78 0.00 0.95 159 736
2021 0.72 0.72 -0.01 0.84 146 681

Note:
The sample restricts to companies that i) had all-male boards in
2017 and ii) were listed and domestic in 2017. Raw means and
p-values from a two sided t-test reported. Annual board gender
composition is provided by Boardex’s Organizational Summary
files. Attrition may occur if the company goes private, ceases to
exist, or if BoardEx doesn’t collect the company’s gender compo-
sition as of the annual report date.
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Table A4: Endogeneity of Board Composition:
Growing Firms Adopt Gender Diverse Boards

Dependent Variables: Log(Assets) Log(Revenues) Log(COGS) Log(Liabilities) Log(Employees) Log(Market Value) 1(Dividend) Board Size
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Variables
1(𝐷𝑖𝑣𝑒𝑟𝑠𝑒) × Relative Year = -5 to -7 -0.078∗∗ -0.083∗∗ -0.054 -0.080∗ -0.033∗∗ -0.117∗∗ 0.004 0.097

(0.034) (0.038) (0.046) (0.044) (0.016) (0.046) (0.016) (0.069)
1(𝐷𝑖𝑣𝑒𝑟𝑠𝑒) × Relative Year = -4 -0.029 -0.036 -0.008 -0.047∗ -0.023∗∗ -0.064∗∗ 0.015 0.090∗

(0.023) (0.027) (0.032) (0.028) (0.010) (0.033) (0.012) (0.050)
1(𝐷𝑖𝑣𝑒𝑟𝑠𝑒) × Relative Year = -3 -0.030∗∗ -0.038∗∗ 0.004 -0.026 -0.012∗∗ -0.059∗∗∗ 0.002 0.066∗

(0.015) (0.015) (0.020) (0.017) (0.005) (0.021) (0.010) (0.036)
1(𝐷𝑖𝑣𝑒𝑟𝑠𝑒) × Relative Year = -1 0.029∗∗ 0.030∗∗ 0.070∗∗∗ 0.045∗∗∗ 0.017∗∗∗ 0.003 0.015∗ -0.150∗∗∗

(0.013) (0.013) (0.015) (0.016) (0.005) (0.018) (0.008) (0.033)

Fixed-effects
Firm Yes Yes Yes Yes Yes Yes Yes Yes
Year-SIC Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 25,727 25,694 25,681 25,688 25,442 24,535 27,107 27,107
Dependent variable mean 6.78 5.85 5.23 6.07 1.18 6.45 0.481 8.39
F-test 2,947.8 2,539.6 1,934.0 2,416.9 5,120.8 1,367.8 443.1 538.4
Number of Firms 5,234 5,227 5,227 5,229 5,191 5,189 5,479 5,479

Clustered (Firm) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The sample restricts to an unbalanced panel of all domestic and listed firms between 2010-2017. Effects are relative to two years prior to the adoption of gender diverse boards. Relative periods more
than 5 years prior to adoption are binned at 5 years. Diverse firms transition away from all-male boards sometime between 2010-2017. Firm-year observations including and after diverse firms adopt
gender diverse boards are excluded. Further, observations with negative revenues and cost of goods sold are dropped. All firm-year observations are included for companies that do not adopt diverse
boards during the sample period. Standard errors are clustered at the firm level. Columns 1-6 are derived from Compustat’s annual fundamental files. Column 7 is derived from CRSP’s Dividend file,
while Column 8 and the diverse indicator are derived from BoardEx’s organizational summary file. Industries are categorized into 11 divisions using the 4 digit SIC code, following OSHA’s crosswalk.
SIC codes are derived from CRSP’s Names files. Sample sizes vary due to missing values.
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Table A5: Compliance with SB826’s 2021 Requirements by Year
and Headquarter Location

Headquarter
Location

Shortfall N: 2017 N: 2021
Share of Companies

in 2017
Share of Companies

in 2021

California 0 76 488 0.118 0.626
California 1 176 209 0.273 0.268
California 2 252 78 0.391 0.100
California 3 140 5 0.217 0.006
Outside California 0 524 1127 0.164 0.346
Outside California 1 845 1131 0.264 0.348
Outside California 2 1139 819 0.356 0.252
Outside California 3 693 176 0.216 0.054

Note:
The sample considers domestic and listed companies as of 2017 and 2021. ’Shortfall’ equals the
number of female directors a company would need to add to be compliant with SB826’s 2021
requirements. The SB826’s 2021 requirements stipulate that companies with 6 or more directors
must have at least 3 female directors by the end of 2021. Companies with 5 (4) directors are
required to have at least 2 (1) female directors by the end of 2021. The annual gender compo-
sition of corporate boards is provided by BoardEx and reflects the board’s composition as of the
company’s annual report date. Headquarter location is triangulated from Compustat Snapshot,
BoardEx, and SEC filings. The universe of listed companies is derived from CRSP.
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Table A6: Triple Differences: Effects of the Gender Quota on
Board Composition.

Within-State Control Group is Compliant with 2021 Requirements
in 2017

Dependent Variables: Male Share of Board 1(All-Male Board) Board Size 1(Expand Board) 1(Male Dropped) Return on Assets Log(Q)
Model: (1) (2) (3) (4) (5) (6) (7)

Variables
Treated × Year = 2015 -0.032∗∗ -0.070∗∗ 0.346 -0.023 0.012 0.102∗∗∗ 0.029

(0.014) (0.035) (0.211) (0.105) (0.108) (0.037) (0.054)
Treated × Year = 2016 -0.014 -0.004 0.223 0.005 0.098 0.072∗∗ 0.032

(0.011) (0.020) (0.162) (0.088) (0.104) (0.035) (0.053)
Treated × Year = 2018 -0.017∗ -0.039 0.080 0.127 0.083 0.017 -0.044

(0.010) (0.038) (0.160) (0.102) (0.102) (0.038) (0.049)
Treated × Year = 2019 -0.072∗∗∗ -0.316∗∗∗ 0.076 0.087 0.137 0.078∗∗ -0.040

(0.012) (0.040) (0.204) (0.092) (0.097) (0.039) (0.069)
Treated × Year = 2020 -0.087∗∗∗ -0.332∗∗∗ 0.003 0.0002 0.023 0.135∗∗∗ -0.056

(0.014) (0.037) (0.223) (0.099) (0.099) (0.046) (0.079)
Treated × Year = 2021 -0.113∗∗∗ -0.281∗∗∗ 0.136 0.055 0.043 0.066 -0.159

(0.016) (0.032) (0.242) (0.095) (0.103) (0.046) (0.102)

Fixed-effects
Firm Yes Yes Yes Yes Yes Yes Yes
1(CA HQ)-Year Yes Yes Yes Yes Yes Yes Yes
1(AMB)-Year Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 10,821 10,821 10,821 10,543 10,543 10,211 9,225
Dependent variable mean 0.850 0.445 8.22 0.249 0.446 -0.087 0.499
Number of Firms 1,746 1,746 1,746 1,739 1,739 1,680 1,645

Clustered (Firm) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The sample restricts to an unbalanced panel of firms that were domestic and listed in 2017. Among these firms, I restrict to those that either had all-male boards in 2017 or were
compliant with the 2021 requirements in 2017. There are 76 CA based companies complaint with 2021 requirements in 2017. The time period covered is 2015 - 2021, with
reported effects relative to the 2017 baseline. Standard errors are clustered at the firm level. The ’Expand Board’ indicator equals one if board size increases relative to the prior
year. ’Male Dropped’ equals 1 if some male director present in the previous year is not present in the current year. All outcome variables are derived from BoardEx’s
organizational summary files, which provides the director roster as of the company’s annual report date. CA SB 826, approved on 9/30/2018, mandated at least 1 woman be on
the corporate board of any listed with HQ in CA by 12/31/2019.
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Table A7: Pipeline: Number of Women with Top-Level Experience
in 2017

Sector Any Position Board Position C-Suite Position N: Treated Firms

Pharmaceuticals and Biotechnology 746 310 182 47
Software and Computer Services 710 243 117 22
Health 360 206 75 20
Information Technology Hardware 248 87 45 20
Electronic and Electrical Equipment 360 226 46 14
Real Estate 351 251 47 9
Business Services 364 186 58 8
Telecommunication Services 212 76 31 8
Banks 1043 649 138 6
Engineering and Machinery 243 140 42 5
Food Producers and Processors 205 127 31 5
Media and Entertainment 171 85 33 5
Renewable Energy 46 32 6 5
Speciality and Other Finance 472 213 76 4
Beverages 71 24 18 3
Clothing and Personal Products 191 108 30 3
General Retailers 421 219 93 3
Containers and Packaging 40 28 5 2
Insurance 323 157 71 2
Automobiles and Parts 127 65 20 1
Blank Check / Shell Companies 2 1 0 1
Construction and Building Materials 134 101 13 1
Education 36 21 7 1
Electricity 64 23 11 1
Household Products 123 80 17 1
Investment Companies 110 89 9 1
Leisure and Hotels 375 205 76 1
Leisure Goods 46 30 6 1
Oil and Gas 238 146 32 1
Private Equity 41 12 4 1
Steel and Other Metals 56 40 8 1
Utilities - Other 274 168 46 1

Note:
The sample restricts to women working in domestic and listed companies as of 2017, the year prior to the passage
of SB826. Since BoardEx tracks the employment histories of board members, the women considered have sat on a
board sometime between 1950 and 2020 (the years of BoardEx coverage). The variables are derived from Boardex’s
employment history files, which tracks the work histories of board members. Sector classification following FTSE is
provided by BoardEx. The data is sorted on the industries that contain the most number of treated firms – the firms that
are listed and have CA headquarters as of 2017.
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Appendix B: Training and Job Separation in Imperfect Labor Markets: The

Case of Non-Compete Agreements

B.1 Proposition 1

When 𝑟 > 𝜌, we solve for the efficient investment level as follows:

𝑖∗𝑠 = argmax 𝐸 (𝑆) = −𝑐(𝑖𝑠) + 𝑝𝑠 · 𝑟𝑖𝑠 + (1 − 𝑝𝑠)𝜌𝑖𝑠 + (1 − 𝑝𝑠) · 𝐸 (𝑣 | 𝑣 ≥ (𝑟 − 𝜌)𝑖𝑠)

We know that 𝐸 (𝑣 | 𝑣 ≥ (𝑟 − 𝜌)𝑖𝑠) = 1
1−𝑝𝑠

∫ ∞
(𝑟−𝜌)𝑖𝑠

1
𝜎
𝜙( ln 𝑡−𝜇

𝜎
) 𝑑𝑡

Denote 𝑣(𝑖𝑠) = (𝑟 − 𝜌)𝑖𝑠. Take the FOC with respect to 𝑖:

−𝑖∗𝑠 + 𝑟 𝑝𝑠 +
𝜕𝑝𝑠

𝜕𝑖∗𝑠
𝑟𝑖∗𝑠 + (1 − 𝑝𝑠)𝜌 − 𝜕𝑝𝑠

𝜕𝑖∗𝑠
𝜌𝑖∗𝑠 − (𝑟 − 𝜌) 1

𝜎
𝜙( ln 𝑣(𝑖𝑠) − 𝜇

𝜎
) = 0

−𝑖∗𝑠 + 𝑟 𝑝𝑠 +
𝑟

𝜎
𝜙( ln 𝑣(𝑖𝑠) − 𝜇

𝜎
) + (1 − 𝑝𝑠)𝜌 − 𝜌

𝜎
𝜙( ln 𝑣(𝑖𝑠) − 𝜇

𝜎
) − (𝑟 − 𝜌) 1

𝜎
𝜙( ln 𝑣(𝑖𝑠) − 𝜇

𝜎
) = 0

−𝑖∗𝑠 + 𝑟 𝑝𝑠 + (1 − 𝑝𝑠)𝜌 = 0

=⇒ 𝑖∗𝑠 = 𝑟

∫ (𝑟−𝜌)𝑖∗𝑠

0

1
𝑡𝜎

𝜙(
ln 𝑣(𝑖∗𝑠) − 𝜇

𝜎
) 𝑑𝑡 + 𝜌

∫ ∞

(𝑟−𝜌)𝑖∗𝑠

1
𝑡𝜎

𝜙(
ln 𝑣(𝑖∗𝑠) − 𝜇

𝜎
) 𝑑𝑡

𝜕𝑖∗𝑠
𝜕𝑟

= 𝑟
𝜕𝑝𝑠

𝜕𝑟
+ 𝑝𝑠 − 𝜌

𝜕𝑝∗𝑠
𝜕𝑟

𝜕𝑖∗𝑠
𝜕𝑟

=

∫ (𝑟−𝜌)𝑖∗𝑠

0

1
𝑡𝜎

𝜙(
ln 𝑣(𝑖∗𝑠) − 𝜇

𝜎
) 𝑑𝑡 + 𝑟 − 𝜌

(𝑟 − 𝜌)𝑖∗𝑠𝜎
· 𝜙(

ln 𝑣(𝑖∗𝑠) − 𝜇

𝜎
) · [(𝑟 − 𝜌) ·

𝜕𝑖∗𝑠
𝜕𝑟

+ 𝑖∗𝑠]
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𝜙(
ln 𝑣(𝑖∗𝑠) − 𝜇

𝜎
) ≈ 0

=⇒
𝜕𝑖∗𝑠
𝜕𝑟

≈ 𝑝𝑠 > 0

Likewise,

𝜕𝑖∗𝑠
𝜕𝜌

=

∫ ∞

(𝑟−𝜌)𝑖∗𝑠

1
𝑡𝜎

𝜙(
ln 𝑣(𝑖∗𝑠) − 𝜇

𝜎
) 𝑑𝑡 + 𝑟 − 𝜌

(𝑟 − 𝜌)𝑖∗𝑠𝜎
· 𝜙(

ln 𝑣(𝑖∗𝑠) − 𝜇

𝜎
) · [(𝑟 − 𝜌) ·

𝜕𝑖∗𝑠
𝜕𝑟

− 𝑖∗𝑠]

=⇒
𝜕𝑖∗𝑠
𝜕𝜌

≈ 1 − 𝑝𝑠 > 0

B.2 Proposition 2

By solving for the value that optimizes Equation 2.3, we arrive at 𝑖0 = 𝑝̃0𝑟+ 𝜕 𝑝̃0
𝜕𝑖0

(𝑟𝑖0−𝑤0), where

we denote 𝑝̃0 = Φ( ln(𝑤0−𝜌𝑖0)−𝜇
𝜎

). Since 𝜕 𝑝̃0
𝜕𝑖0

≤ 0, 𝑖0 < 𝑝̃0𝑟 = Φ( ln(𝑤0−𝜌𝑖0)−𝜇
𝜎

)𝑟. Meanwhile, the firm

is earning a non-negative profit, resulting in 𝑤0 < 𝑟𝑖∗0. Since Φ is a strictly increasing function, we

have 𝑖∗0 < 𝑟Φ( ln(𝑤0−𝜌𝑖∗0)−𝜇
𝜎

) < 𝑟Φ( ln(𝑟−𝜌)𝑖∗0)−𝜇
𝜎

). From Section 2.2, we know the socially efficient

investment level is 𝑖∗𝑠 = 𝑟 𝑝𝑠+𝜌(1−𝑝𝑠), which means that 𝑖∗𝑠 > 𝑟𝑝𝑠 = 𝑟Φ( ln(𝑟−𝜌)𝑖∗𝑠)−𝜇
𝜎

). Consider the

fixed point of the function 𝑓 (𝑥) = 𝑟Φ( ln(𝑟−𝜌)𝑥)−𝜇
𝜎

). The previous inequalities imply that 𝑖∗0 < 𝑥 < 𝑖∗1,

which proves our case.

Now, we turn to prove 𝑝∗0 < 𝑝𝑠. If a non-compete agreement is not signed, the worker will not

quit if and only if 𝑣 ≤ 𝑤0 − 𝜌𝑖∗0. For the firm to earn profits, the wage must be less than output:

𝑤0 < 𝑟𝑖0. As a result, trade will occur when 𝑣 ≤ (𝑟 − 𝜌)𝑖∗0. For the planner, it is efficient to trade

if 𝑣 ≤ (𝑟 − 𝜌)𝑖∗𝑠 . Since we have proven that 𝑖∗0 < 𝑖∗𝑠 , it now follows that 𝑝∗0 < 𝑝∗𝑠 .
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B.3 Proposition 3

We cannot solve for the algebraic form of 𝑖∗0, though we will prove that 𝑖∗0 < 𝑖∗1. Observe that

when 𝜌 = 0, the non-compete case is the same as the case without a non-compete. Thus, we only

need to show that
𝑑𝑖∗0
𝑑𝜌

< 0 in order to prove that 𝑖∗0 < 𝑖∗1 ∀𝜌 > 0, as 𝑖∗1 does not change with 𝜌.

When non-compete is not signed, we solve for equilibrium wage and investment first. From Equa-

tion 2.3, we can arrive at 𝑖0 = 𝑝̃0𝑟+ 𝜕 𝑝̃0
𝜕𝑖0

(𝑟𝑖0−𝑤0). Now since 𝜕 𝑝̃0
𝜕𝑖0

= −𝜌 · 1
(𝑤0−𝜌𝑖0)𝜎

·𝜙( ln(𝑤0−𝜌𝑖0)−𝜇
𝜎

) <

0, we know 𝑖0 < 𝑝̃0𝑟. Now onto the contracting stage, given that the worker’s expected payoff

binds at 𝜇0, we find the wage that optimizes firm profit:

𝐸 (𝜋𝑊0 ) = 𝐵0 + 𝑝̃0𝑤0 +
∫ ∞

𝑤0−𝜌𝑖0

1
𝜎
𝜙( ln 𝑡 − 𝜇

𝜎
) 𝑑𝑡 + (1 − 𝑝̃0)𝜌𝑖0 = 𝜇0

𝐸 (𝜋𝐹0 ) = −𝑐(𝑖0) − 𝐵0 + 𝑝̃0(𝑟𝑖0 − 𝑤0)

=⇒ 𝐸 (𝜋𝐹0 ) = −𝑐(𝑖0) + 𝑝̃0𝑟𝑖0 − 𝜇0 +
∫ ∞

𝑤0−𝜌𝑖0

1
𝜎
𝜙( ln 𝑡 − 𝜇

𝜎
) 𝑑𝑡 + (1 − 𝑝̃0)𝜌𝑖0

Now we take derivative
𝜕𝐸 (𝜋𝐹0 )
𝜕𝑤0

. Note that 𝑖0 is a function of 𝑤0 and 𝑝̃0 is a function of 𝑖0 and

𝑤0.

𝑑𝐸 (𝜋𝐹0 )
𝑑𝑤0

= −𝑖0 ·
𝑑𝑖0
𝑑𝑤0

+ 𝑑 𝑝̃0
𝑑𝑤0

· 𝑟𝑖0 + 𝑝̃0𝑟
𝑑𝑖0
𝑑𝑤0

− (𝑤0 − 𝜌𝑖0)
𝑑 𝑝̃0
𝑑𝑤0

+ (1 − 𝑝̃0)𝜌
𝑑𝑖0
𝑑𝑤0

− 𝑑 𝑝̃0
𝑑𝑤0

𝜌𝑖0

where
𝑑 𝑝̃0
𝑑𝑤0

=
𝜕 𝑝̃0
𝜕𝑤0

+ 𝜕 𝑝̃0

𝜕𝑖0
· 𝑑𝑖0
𝑑𝑤0

=⇒
𝑑𝐸 (𝜋𝐹0 )
𝑑𝑤0

=

>0 as 𝑖0<𝑝̃0𝑟︷                         ︸︸                         ︷
(−𝑖0 + 𝑝̃0𝑟 + (1 − 𝑝̃0)𝜌) ·

𝑑𝑖0
𝑑𝑤0

+ 𝑑 𝑝̃0
𝑑𝑤0

·

>0︷      ︸︸      ︷
(𝑟𝑖0 − 𝑤0)

To determine the sign of
𝑑𝐸 (𝜋𝐹0 )
𝑑𝑤0

, we need to know the signs of 𝑑𝑖0
𝑑𝑤0

and 𝑑 𝑝̃0
𝑑𝑤0

. Take total derivatives
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from 𝑖0 = 𝑝̃0𝑟 + 𝜕 𝑝̃0
𝜕𝑖0

(𝑟𝑖0 − 𝑤0)

𝑑𝑖0
𝑑𝑤0

=
𝑑 𝑝̃0
𝑑𝑤0

𝑟 +

≈0︷   ︸︸   ︷
𝜕2 𝑝̃0

𝜕𝑖0𝜕𝑤0
(𝑟𝑖0 − 𝑤0) +

<0︷︸︸︷
𝜕 𝑝̃0

𝜕𝑖0
(𝑟 𝑑𝑖0
𝑑𝑤0

− 1)

= 𝑟 ( 𝜕 𝑝̃0
𝜕𝑤0

+ 𝜕 𝑝̃0

𝜕𝑖0
· 𝑑𝑖0
𝑑𝑤0

) + 𝜕 𝑝̃0

𝜕𝑖0
(𝑟 𝑑𝑖0
𝑑𝑤0

− 1)

=⇒

>0︷          ︸︸          ︷
(1 − 2𝑟

<0︷︸︸︷
𝜕 𝑝̃0

𝜕𝑖0
) · 𝑑𝑖0
𝑑𝑤0

= 𝑟

>0︷︸︸︷
𝜕 𝑝̃0
𝜕𝑤0

−

<0︷︸︸︷
𝜕 𝑝̃0

𝜕𝑖0

This implies that 𝑑𝑖0
𝑑𝑤0

> 0 and 𝑑 𝑝̃0
𝑑𝑤0

> 0. Thus
𝑑𝐸 (𝜋𝐹0 )
𝑑𝑤0

> 0 for all 𝑤0 within the boundary. Given

this, the profit is maximized at the higher bound for 𝑤0, which happens when we have 𝐵0 = 0

binding. The equilibrium 𝑤∗
0 satisfies the following equation.

𝑝∗0𝑤
∗
0 +

∫ ∞

𝑤∗
0−𝜌𝑖

∗
0

1
𝜎
𝜙( ln 𝑡 − 𝜇

𝜎
) 𝑑𝑡 + (1 − 𝑝∗0)𝜌𝑖

∗
0 = 𝜇0

With this, we can also solve for the investment 𝑖∗0. Now that we have the first period wage and

optimal investment solved implicitly, we can see how 𝑖∗0 changes with 𝜌. Taking the total derivative

of the function above with respect to 𝜌, we have

𝑑𝑝∗0
𝑑𝜌

𝑤∗
0 + 𝑝∗0 ·

𝑑𝑤∗
0

𝑑𝜌
− (𝑤∗

0 − 𝜌𝑖∗0) ·
𝑑𝑝∗0
𝑑𝜌

−
𝑑𝑝∗0
𝑑𝜌

𝜌𝑖∗0 + (1 − 𝑝∗0)𝑖
∗
0 + (1 − 𝑝∗0)𝜌

𝑑𝑖∗0
𝑑𝜌

= 0

=⇒ 𝑝∗0 ·
𝑑𝑤∗

0
𝑑𝜌

+

>0︷      ︸︸      ︷
(1 − 𝑝∗0)𝑖

∗
0 +(1 − 𝑝∗0)𝜌

𝑑𝑖∗0
𝑑𝜌

= 0

Now to learn the sign for
𝑑𝑖∗0
𝑑𝜌

and
𝑑𝑤∗

0
𝑑𝜌

, we can turn to the optimal investment function 𝑖∗0 =

𝑝∗0𝑟 +
𝜕𝑝∗0
𝜕𝑖∗0

(𝑟𝑖∗0 − 𝑤∗
0)

Taking the total derivative of the function with respect to the variable 𝜌, we have

130



𝑑𝑖∗0
𝑑𝜌

= 𝑟 · (
𝜕𝑝∗0
𝜕𝑤∗

0
+
𝜕𝑝∗0
𝜕𝑖∗0

·
𝑑𝑖∗0
𝑑𝑤∗

0
) +

≈0︷ ︸︸ ︷
𝜕2𝑝∗0
𝜕𝑖∗0𝜕𝜌

(𝑖∗0 − 𝑤∗
0) +

𝜕𝑝∗0
𝜕𝑖∗0

(𝑟
𝑑𝑖∗0
𝑑𝜌

−
𝑑𝑤∗

0
𝑑𝜌

)

=⇒

>0︷        ︸︸        ︷
(1 −

<0︷︸︸︷
2
𝜕𝑝∗0
𝜕𝑖∗0

)
𝑑𝑖∗0
𝑑𝜌

=

>0︷                  ︸︸                  ︷
(𝑟 ·

>0︷︸︸︷
𝜕𝑝∗0
𝜕𝑤∗

0
−

<0︷︸︸︷
𝜕𝑝∗0
𝜕𝑖∗0

) ·
𝑑𝑤∗

0
𝑑𝜌

From the optimal investment equation, we can see that
𝑑𝑖∗0
𝑑𝜌

and
𝑑𝑤∗

0
𝑑𝜌

have the same sign. Thus we

can denote
𝑑𝑖∗0
𝑑𝜌

= 𝑘
𝑑𝑤∗

0
𝑑𝜌

with 𝑘 > 0.

Plug this into the function 𝑝∗0 ·
𝑑𝑤∗

0
𝑑𝜌

+

>0︷      ︸︸      ︷
(1 − 𝑝∗0)𝑖

∗
0 +(1 − 𝑝∗0)𝜌

𝑑𝑖∗0
𝑑𝜌

= 0 we have

>0︷      ︸︸      ︷
(1 − 𝑝∗0)𝑖

∗
0 +

>0︷                 ︸︸                 ︷
((1 − 𝑝∗0)𝜌 + 𝑝∗0𝑘)

𝑑𝑖∗0
𝑑𝜌

= 0

From this we have successfully proven that
𝑑𝑖∗0
𝑑𝜌

< 0, which implies that 𝑖∗0 < 𝑖∗1,∀𝜌 > 0.

Likewise, when 𝜌 = 0, we have 𝑤∗
0 = 𝑤∗

1. And since
𝑑𝑖∗0
𝑑𝜌

=

>0︷︸︸︷
𝑘

<0︷︸︸︷
𝑑𝑤∗

0
𝑑𝜌

< 0, we also have 𝑤∗
0 < 𝑤∗

1.

Lastly, with 𝛿 = 0, trading occurs when 𝑣 ≤ 𝑤∗
0, and with 𝛿 = 1, trading occurs when 𝑣 ≤

𝑤∗
1 − 𝜌𝑖∗1. From 𝑤∗

1 > 𝑤∗
0, we have 𝑤∗

0 − 𝜌𝑖∗0 < 𝑤∗
1. Thus we have 𝑝∗0 < 𝑝∗1, meaning there is a

higher probability of separation when a non-compete agreement is not signed.

B.4 Proposition 4

When 𝜌 > 𝑟, we have already shown that all contracts without non-compete agreements gen-

erate negative profits, so will not be used. We just need to show that there exists a contract with a

non-compete agreement that generates positive profits. Such an illustration will prove that a non-

compete agreement will be used.

From Equation 2.3, we can arrive at 𝑖1 = 𝑝̃1𝑟, where we denote 𝑝̃1 = Φ( ln𝑤1−𝜇
𝜎

). Now onto the
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contracting stage, given that the worker’s expected payoff binds at 𝜇0, we find the wage that opti-

mizes firm profit:

𝐸 (𝜋𝑊1 ) = 𝐵1 + 𝑝̃1𝑤1 +
∫ ∞

𝑤1

1
𝜎
𝜙( ln 𝑡 − 𝜇

𝜎
) 𝑑𝑡 = 𝜇0

𝐸 (𝜋𝐹1 ) = −𝑐(𝑖1) − 𝐵1 + 𝑝̃1(𝑟𝑖1 − 𝑤1)

=⇒ 𝑤∗
1 = argmax 𝐸 (𝜋𝐹1 ) = −𝑐(𝑖1) + 𝑝̃1𝑟𝑖1 − 𝜇0 +

∫ ∞

𝑤1

1
𝜎
𝜙( ln 𝑡 − 𝜇

𝜎
) 𝑑𝑡 s.t. 𝐵1 ≥ 0, 𝐸 (𝜋𝐹1 ) ≥ 0

Solving for the optimization problem using Karush–Kuhn–Tucker conditions, we know the

profit is maximized at the higher bound for 𝑤1, which happens when we have 𝐵1 = 0 binding. The

equilibrium 𝑤∗
1 satisfies the following equation.

𝑝∗1𝑤
∗
1 +

∫ ∞

𝑤∗
1

1
𝜎
𝜙( ln 𝑡 − 𝜇

𝜎
) 𝑑𝑡 + (1 − 𝑝∗1)𝜌𝑖

∗
1 = 𝜇0

Plugging this value into the equation for 𝑖1, we solve for 𝑖∗1 = 𝑝∗1𝑟 . As long as there is a solution

to the wage equation above, we know that it satisfies 𝐸 (𝜋𝐹1 ) ≥ 0 and there will be a contract. Thus

when 𝑟 < 𝜌, a non-compete agreement will be used.
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Figure A1: Mean Wage by Status
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Figure A2: Mean Wage for High-Income Status

B.5 A Monopsonistic Model

We make several changes to develop a monopsonistic model that may better reflect the dynam-

ics with non-compete agreements for low wage workers. First and foremost, we assume that there

are many workers of different initial outside options, instead of one worker with a fixed outside

option. Workers’ first period outside options, denoted as 𝜇 𝑗

0, with j indicating different workers, are

distributed log normally with mean 𝜂 and variance 𝜎2. The firm can only choose one wage, which

will determine the level of employment, in order to maximize its expected profit. We additionally

assume that investment is exogenous to simplify the model.

First, we solve the social planner’s problem. The social planner in this case determines the
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Table A1: Uncertainty and Confidence by Industry
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Table A2: Usage of NCA by Sector

Table A3: Usage of NCA by Industry
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Table A4: NCA versus Log Wages
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Table A5: NCA and Wage Growth

Table A6: NCA and Labor Market Outcomes

138



Table A7: Employer Sponsored Training
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efficient level of employment. In the last period, it is efficient to trade if and only if 𝑣 ≤ (𝑟 − 𝜌)𝑖.

Denote the probability that trading is efficient as 𝑝𝑠. In the first stage, the planner matches workers

to the monopsonistic firm only if the expected surplus from the match is greater than the worker’s

ex-ante outside option. We denote the efficient employment level as 𝑞𝑠 = 𝑃(𝐸 (𝑆) ≥ 𝜇
𝑗

0), where

𝐸 (𝑆) = −𝑐(𝑖) + 𝑝𝑠𝑟𝑖 + (1 − 𝑝𝑠)𝜌𝑖 +
∫ ∞

(𝑟−𝜌)𝑖

1
𝜎
𝜙( ln 𝑡 − 𝜇

𝜎
) 𝑑𝑡

Now we solve the firm’s decisions. In the last period, the worker will not quit so long as

𝑤𝛿 ≥ 𝑣+ 𝜌𝑖(1−𝛿). We denote the probability of trade as 𝑝𝛿, which does not depend on the identity

of the worker. Now in the first period, the firm chooses the wage to maximize its profit. Given a

wage 𝑤𝛿, we denote the proportion of workers agreeing to the contract as 𝑞𝛿 = 𝑃(𝐸 (𝜋𝑊
𝛿
) ≥ 𝜇

𝑗

0).

Thus, the firm chooses the wage that maximizes the following equation:

𝐸 (𝜋𝐹𝛿 ) = 𝑞𝛿 [−𝑐(𝑖) + 𝑝𝛿 (𝑟𝑖 − 𝑤𝛿)]

Proposition A1: Employment without a non-compete agreement is less than the socially efficient

level (𝑞0 ≤ 𝑞𝑠).

Proof. Given that 𝑞0 = 𝑃(𝐸 (𝜋𝑊0 ) ≥ 𝜇
𝑗

0) and 𝑞𝑠 = 𝑃(𝐸 (𝑆) ≥ 𝜇
𝑗

0), we only need to show that

𝐸 (𝜋𝑊0 ) ≤ 𝐸 (𝑆) in order to prove 𝑞0 ≤ 𝑞𝑠.

𝐸 (𝜋𝑊0 ) = 𝑝∗0 · 𝑤
∗
0 + (1 − 𝑝∗0)𝜌𝑖 +

∫ ∞

𝑤∗
0−𝜌𝑖

1
𝜎
𝜙( ln 𝑡 − 𝜇

𝜎
) 𝑑𝑡

In any contract, we know 𝑤∗
0 ≤ 𝑟𝑖, since the firm must earn non-negative profits ex-post. Thus

𝑤0 − 𝜌𝑖 ≤ (𝑟 − 𝜌)𝑖, which means 𝑝∗0 ≤ 𝑝∗𝑠 . In addition, the firm chooses wages so that it earns

non-negative profits ex-post: −𝑐(𝑖) + 𝑝0(𝑟𝑖 − 𝑤0) ≥ 0.
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Now we can compare 𝐸 (𝑆) with 𝐸 (𝜋𝑊0 ).

𝐸 (𝑆) − 𝐸 (𝜋𝑊0 ) = −𝑐(𝑖) + 𝑝𝑠𝑟𝑖 − 𝑝0𝑤0 − (𝑝𝑠 − 𝑝0)𝜌𝑖 −
∫ (𝑟−𝜌)𝑖

𝑤∗
0−𝜌𝑖

1
𝜎
𝜙( ln 𝑡 − 𝜇

𝜎
) 𝑑𝑡

=

≥0︷                   ︸︸                   ︷
−𝑐(𝑖) + 𝑝0(𝑟𝑖 − 𝑤0) +(𝑝𝑠 − 𝑝0) (𝑟 − 𝜌)𝑖 − (𝑝𝑠 − 𝑝0)𝐸 (𝑣 | 𝑣 ∈ [𝑤∗

0 − 𝜌𝑖, (𝑟 − 𝜌)𝑖])

≥

≥0︷     ︸︸     ︷
(𝑝𝑠 − 𝑝0) [(𝑟 − 𝜌)𝑖 −

≤(𝑟−𝜌)𝑖︷                                 ︸︸                                 ︷
𝐸 (𝑣 | 𝑣 ∈ [𝑤∗

0 − 𝜌𝑖, (𝑟 − 𝜌)𝑖])]

≥ 0

Proposition A2: The effect of non-compete agreements on wages is theoretically ambiguous.

Proof. When 𝛿 = 0, take FOC we have

𝑑𝑞∗0
𝑑𝑤∗

0
· [−𝑐(𝑖) + 𝑝∗0(𝑟𝑖 − 𝑤∗

0)] + 𝑞∗0 · [
𝑑𝑝∗0
𝑑𝑤∗

0
(𝑟𝑖 − 𝑤∗

0) − 𝑝∗0] = 0 (B.1)

Now to compare the wage with and without a non-compete, like in Proposition 3, we only need to

check
𝑑𝑤∗

0
𝑑𝜌

. From the equation above, we can take total derivative in terms of q and assuming that
𝑑2𝑞∗0
𝑑𝑤∗

0𝑑𝜌
≈ 0 we get

𝑑𝑞∗0
𝑑𝑤∗

0
· [

𝑑𝑝∗0
𝑑𝜌

· (𝑟𝑖 − 𝑤∗
0) − 𝑝∗0 ·

𝑑𝑤∗
0

𝑑𝜌
] +

𝑑𝑞∗0
𝑑𝜌

· [
𝑑𝑝∗0
𝑑𝑤∗

0
(𝑟𝑖 − 𝑤∗

0) − 𝑝∗0] + 𝑞∗0 · [−
𝑑𝑝∗0
𝑑𝑤∗

0
·
𝑑𝑤∗

0
𝑑𝜌

−
𝑑𝑝∗0
𝑑𝜌

] = 0

where
𝑑𝑝∗0
𝑑𝜌

=
𝜕𝑝∗0
𝜕𝜌

+
𝑑𝑝∗0
𝑑𝑤∗

0
·
𝑑𝑤∗

0
𝑑𝜌

and
𝑑𝑞∗0
𝑑𝜌

=
𝑑𝑞∗0
𝑑𝑤∗

0
·
𝑑𝑤∗

0
𝑑𝜌

+
𝜕𝑞∗0
𝜕𝜌

=⇒ 2[
𝑑𝑞∗0
𝑑𝑤∗

0
·(
𝑑𝑝∗0
𝑑𝑤∗

0
(𝑟𝑖−𝑤∗

0)−𝑝
∗
0)−𝑞

∗
0·
𝑑𝑝∗0
𝑑𝑤∗

0
)]
𝑑𝑤∗

0
𝑑𝜌

=
𝜕𝑝∗0
𝜕𝜌

·[𝑞∗0−
𝑑𝑞∗0
𝑑𝑤∗

0
·(𝑟𝑖−𝑤∗

0)]−
𝜕𝑞∗0
𝜕𝜌

[
𝑑𝑝∗0
𝑑𝑤∗

0
(𝑟𝑖−𝑤∗

0)−𝑝
∗
0]

(B.2)

From equation 1 above, since we have

≥0︷                               ︸︸                               ︷
𝑑𝑞∗0
𝑑𝑤∗

0
· [−𝑐(𝑖) + 𝑝∗0(𝑟𝑖 − 𝑤∗

0)] +

≥0︷︸︸︷
𝑞∗0 ·[

𝑑𝑝∗0
𝑑𝑤∗

0
(𝑟𝑖 − 𝑤∗

0) − 𝑝∗0] = 0 (B.3)
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=⇒
𝑑𝑝∗0
𝑑𝑤∗

0
(𝑟𝑖 − 𝑤∗

0) − 𝑝∗0 ≤ 0

Thus from equation 2 we have

≤0︷                                                    ︸︸                                                    ︷
2[

𝑑𝑞∗0
𝑑𝑤∗

0
· (

𝑑𝑝∗0
𝑑𝑤∗

0
(𝑟𝑖 − 𝑤∗

0) − 𝑝∗0) − 𝑞∗0 ·
𝑑𝑝∗0
𝑑𝑤∗

0
)]

𝑑𝑤∗
0

𝑑𝜌
=

<0︷︸︸︷
𝜕𝑝∗0
𝜕𝜌

·[𝑞∗0−
𝑑𝑞∗0
𝑑𝑤∗

0
·(𝑟𝑖−𝑤∗

0)]−
𝜕𝑞∗0
𝜕𝜌

≤0︷                     ︸︸                     ︷
[
𝑑𝑝∗0
𝑑𝑤∗

0
(𝑟𝑖 − 𝑤∗

0) − 𝑝∗0]

(B.4)

It is unclear whether 𝑤∗
0 increases with 𝜌 or not without knowing more about the distributions of

𝑞0 and 𝑝0. If
𝑑𝑤∗

0
𝑑𝜌

> 0, then we know that the wage is higher without a non-compete agreement.
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