






































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































twice the average for all industries surveyed. We apply Hecker' s 29 industries to state-level 

employment and establishment data found in County Business Patterns for the period 1977-

2013. 13 Figure 3a shows the series for high-tech employment in Michigan and the 10 Non­

Enforcement States, while Figure 3b shows the time series for establishments. As the figures 

show, other than the level, each state in this control group more or less tracks movements in 

Michigan for both the jobs in high-tech and the number of high-tech establishments during the 

pre-MARA period, indicating these untreated states provide an appropriate "counterfactual 

Michigan." 14 

High-tech is an important source of employment in Michigan, averaging almost 400,000 jobs 

during the period 1977-2013, second only to California among the 10 Non-Enforcement States. 

In terms of the share of total employment accounted for by high-tech jobs, this share averaged 

11.8 percent in Michigan, compared with an average rate of 7.5 percent for the nation. The share 

of employment accounted for by high-tech is almost 60 percent greater in Michigan than the 

average state. 

Table 5 summarizes our findings of the regression-based DID analysis. The first two columns of 

Table 5 present the findings for high-tech employment and high-tech establishment, respectively, 

when the control group consists of the states sharing a land border with Michigan. The next two 

columns in Table 5 give the findings relative to a counterfactual based on the Expanded Border 

States, while the final two columns show the results for the Non-Enforcement States. 

13 See Table 1 in Hecker (1999) for a list of the 29 three-digit SIC code industries designated high-tech activity used 
in this study. 
14 The 29 SIC codes used in this study were converted to the 1997 edition ofNAICS by the Office of Technology 
Policy and the Census Bureau. These NAICS codes are reported in Table Appendix B in Goldschlag and Miranda 
(2016). We found no appreciable difference in the findings when the NAICS definitions are used instead of the SIC 
code definitions. The NAICS findings are available upon request. 
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The results of interest are given by the interaction of a Michigan dummy variable and a dummy 

variable for the post-MARA period (shown in the third row of Table 5). Beginning with the 

creation of high-tech jobs in Michigan relative to the states sharing a land border with Michigan, 

the coefficient on the interaction of Michigan and the post-Michigan indicator is negative, but 

insignificant for high-tech employment and high-tech establishments. Using the Expanded 

Border States as the control, we find a positive effect for both the job creation rate and for the 

startup entry rate, but neither coefficient is statistically significant. We find positive and 

statistically significant effects of enforcement on both high-tech jobs and establishments when 

counterfactual Michigan is based on the Non-Enforcement States. 

Taken together, the findings summarized in Table 5 suggest that increased enforcement of non­

competes had no effect on either high-tech jobs or high-tech establishments in Michigan relative 

to a counterfactual of states sharing borders with Michigan. Only when we use the alternative 

definitions of counterfactual Michigan based on the Non-Enforcement States do we find any 

evidence of a positive and statistically significant effect of increased enforcement on high-tech 

activity. Specifically, we find that a 10 percent increase in enforcement led to a 5 percent 

increase in high-tech jobs and to a 4 percent increase in the number of high-tech firms. 

Table 6 presents the states and relative weights used to construct "Synthetic Michigan" for high­

tech activity. Figures 3c and 3d show a graph of high-tech variables for Synthetic Michigan (the 

broken line) juxtaposed with the graph of actual outcomes in Michigan. The figures reveal that 

Michigan and its synthetic track one another tightly during the pre-treatment period, both for 

employment (Figure 3c) and for establishments (Figure 3d). 
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Table 7 presents the estimates of the DID analysis for the high-tech employment and high-tech 

establishments using Synthetic Michigan as the control group. The second column of the table 

gives the mean difference during the post-treatment period, while the third column presents the 

DID estimates of the effect of MARA on high-tech activity. The rank and p-values associated 

with the placebo tests are shown in the fourth column of Table 7. Based on Michigan's placebo 

ranking shown in the fourth column of Table 7, the DID-estimated coefficient is not significantly 

different from zero. 

7. PATENTS AND PATENT CITATIONS 

So far, we have considered the effects of enforcement on aggregate startup activity. However, 

enforcement may have differential effects on startups across industries, and these effects may get 

muted in the aggregation of industry-level startup to total startup activity. Employers are much 

more likely to be concerned with mobility of their employees to other firms in the same industry 

than they are with employees changing industries altogether. In interviews with 52 randomly 

sampled patent holders in a single industry, Marx (2011) found that 25 percent of those who 

signed non-compete agreements changed industries when changing jobs. In comparison, 

individuals not covered by such covenants were significantly less likely to change industries 

when changing jobs. Marx's finding indicates that we need industrial-level data to more fully 

address this question of whether and to what extent non-compete covenants influence startup 

activity. Barnett and Sichelman (2016) point out that "no state enforces non-competes that 
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purport to proscribe employment at non-competing firms." Unfortunately, the Census Bureau 

does not make industry-level data on startup activity publicly available. 15 

Fortunately, patent data can be used to study entrepreneurial activity and are available by 

technology classifications. In this section, we consider the effects of enforcement of patent 

activity in Michigan for total patents per 10,000 people (referred to as patents per capita) and for 

six patent technology classifications identified by Hall, et al. (2001). The null hypothesis we test 

H
O 

: The Passage of MARA did not affect patents per capita or patent citations per 

capita in Michigan relative to the control group 

HA : The passage of MARA did have an effect on patents per capita or patent citations 

per capita in Michigan relative to the control group. 

7.1 Patent Data 

We use data on patent applications obtained from the NBER Patent Data Project. The data span 

the years 1976-2006. 16 Hall, et al. (2001) aggregated various patent classes into six main 

technological categories: Chemical (excluding Drugs); Computers and Communications; Drugs 

and Medical; Electrical and Electronics; Mechanical; and Others. Figure 4 shows the path of 

total patents per capita and for the six technological classifications in Michigan. For total patents, 

we see that there were less than three patents per 10,000 people in Michigan between 1977 

through the late 1980s. Patents per capita started rising in the mid-1990s to reach a peak of 4.4 

15 Starr, et al. (2020) report the results for a 2014 survey they conducted finding that incidence of non-compete 
varies across industries: The percentage of workers covered by such covenants ranged from 9 percent in agriculture 
and hunting, to over 30 percent in information; mining and extraction; and professional and scientific. 
16 U.S. Patent and Trademark Office. Overview of the U.S. Patent Classification System (USPC). Washington, D.C. 
(2012), http://www.uspto.gov/patents/resources/classification/overview. pdf. 
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patents per capita in 2003 before declining to a value around 3.6 in 2006. Figure 4 shows that 

Mechanical patents were a major contributor to the run-up in total patents per capita observed 

since the late 1990s. There was less than 1 Mechanical patent per 10,000 people in Michigan 

during the period 1977-1988. Mechanical patents per capita started rising more rapidly in the 

late 1990s and reach a peak of 1. 7 patents per capita during the period 2001-2004 before 

declining a bit after that. Mechanical patents accounted for 30 percent of total patents in 

Michigan in the mid-1970s to the early 1980s. That share steadily rose to account for 42 percent 

of all Michigan's patents in 2006. During our sample period, Mechanical patents on average 

accounted for 35 percent of total Michigan patents, compared with 22 percent for the average 

state. The Chemical and the Others categories accounted for 19 percent and 22 percent of 

Michigan patents, respectively, during our sample period, whereas the Drugs category accounted 

for only 5 percent. 

One concern about using patents as an innovation indicator is that the value of patents is highly 

skewed. Most patents are not worth much, while a few are valuable ( e.g., Harhoff, et al., 1999). 

If a patent has value, we would expect it to be renewed before the patent expires. Serrano (2010) 

calculates that 78 percent of U.S. patents granted during 1983-2001 were not renewed, 

indicating that most patents are of low value. Fortunately, researchers can adjust for patent 

quality in their innovation metrics by weighting patents by the number of citations they receive. 

In the analysis, we exclude self-citations from these counts (i.e., a Microsoft patent that cites 

another Microsoft patent). In the analysis that follows, we look at both patents per capita and 

citations-weighted patents per capita. The regressions we use in the patent analysis are similar to 

the regressions used for startup activity as summarized in Table 2, except patents ( citation­

weighted patents) replace the startup job (entry) rate as the dependent variable. 
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Table 8 summarizes our findings by technology category when Non-Enforcement States is the 

control group. 17 The first two columns of Table 8 present the findings for total private patents 

per capita and for the citation-weighted version. Subsequent columns in Table 8 show the results 

for the six major technological categories we investigate. Starting with total private patents per 

capita, the coefficient of interest (the estimated coefficient on interaction of Michigan and the 

post-MARA indicator) is positive and significant for total patents. Regarding the subcategories, 

the coefficient on patents per capita is negative in three cases and negative and significant in one 

case (Drugs). We also find that the estimated coefficient on patents per capita is positive for 

three categories and positive and significant for two classifications (Mechanical and Other). 

Considering citations, we find that citation-weighted patents per capita are negative but 

insignificant for total patents per capita. For the subcategories, the coefficient on citations per 

capita is negative in four cases and significantly negative for Computer patents. The coefficient 

is positive in two cases and significantly positive for Mechanical patents. 

Table 9 presents the estimates of the DID analysis for the citation-weighted patents using the 

SCM to form the control group. For each of the technological categories considered, the first 

column presents the average difference between Michigan and Synthetic Michigan during the 

pre-treatment period. The second column gives the mean difference during the post-treatment 

period, while the third column presents the DID estimates of the effect of MARA for the various 

technological categories considered. The rank and p-values associated with the placebo tests are 

shown in the fourth column of Table 9. 

17 To conserve space, we present only tables with Non-Enforcement States as the comparison group. 
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The most statistically significant results are found for Mechanical patents. Table 9 shows a pre­

MARA difference between Michigan and its counterfactual of 0.2176 percent. The gap between 

Michigan and Synthetic Michigan widens to 0.3747 percent during the post-MARA period, 

producing a DID estimate of 0.1570 percent. This estimate is quite similar to the 0.1899 estimate 

reported in Table 8 for Mechanical patents. Based on Michigan's placebo ranking for 

Mechanical patents shown in the fourth column of Table 9, the DID-estimated coefficient is 

marginally significantly different from zero. The p-values associated with Michigan's relative 

rank in the distribution of placebo states shows, the DID estimate is not significantly different 

from zero for the other five technology categories, as well as for the total category. Still, the 

finding of a positive and significant effect of increased enforcement on Mechanical patents is 

important given that Mechanical patents in 2006 accounted for more than 40 percent of all patent 

activity in Michigan. 

8. CONCLUSION 

In this study, we considered how state-level enforcement of non-compete agreements affects the 

entry of new establishments and the jobs created by these new firms at the state level. Exploiting 

Michigan's inadvertent reversal of its enforcement policy as a quasi-natural experiment, we find 

no evidence that increased enforcement negatively affected the aggregate startup entry rate or the 

overall job creation rate of new firms. If anything, increased enforcement appears to have had 

positive effects on the job creation rate of startups in Michigan. In a standard DID analysis, we 

find that a doubling in enforcement led to a 6 percent to 8 percent increase in the startup job 

creation rate in Michigan and to essentially no change the startup entry rate. 

We also find evidence that enforcing non-competes positively affected the number of high-tech 

establishments and the level of high-tech employment in Michigan. 
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Extending our analysis to consider the effect of increased enforcement on patent activity, we find 

that enforcement had differential effects across technological classification. Importantly, 

increased enforcement has a positive and significant effect on Mechanical patents in Michigan. 

The Mechanical category is an important technological classification in Michigan: In 2006, it 

accounted for over 40 percent of the state's total patent applications. 

While our findings suggest that increased enforcement may promote job creation, there is room 

for future research. Our findings for patents suggest that enforcement may have differential 

effects on startup activity across industries. Yet, only researchers with projects approved by the 

Census Bureau can access the industry-level data. This is one area for future research. 

An interesting question is how does enforceability affect productivity of cities and ultimately of 

the nation? Cities may be less productive and less innovative if enforcement limits employees' 

outside options, even if enforcement does not limit startup activity. For example, knowledge 

spillovers may be limited if employees feel constrained by non-compete agreements from 

exchanging information with outsiders. 

Patent data could be used to shed light on this issue. Often, patent citations are used to measure 

the extent oflocalized knowledge spillovers (see Jaffe, et al., 1993, and Buzard, et al., 2017). 

Using patent-citation data, Singh and Marx (2013) provide tantalizing evidence that knowledge 

diffusion is subdued in regions where non-competes are enforceable. Still, more work needs to 

be done. 
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A related issue is whether the ability of firms and workers to form better matches is constrained 

in local labor markets that enforce non-competes. Reduced "job-hopping" resulting from non­

competes is a concern if reduced churning lowers labor productivity through less-efficient 

matching among firms and workers. Davis and Haltiwanger (2015) report that job seekers have 

fewer opportunities to meet prospective employers if startup activity is less fluid. Similarly, non­

competes also may limit labor market pooling by tying workers to their current employers and by 

giving rise to a "brain-drain" from enforcing to non-enforcing states (for a review of the 

evidence, see Marx, et al., 2015). Policymakers need to not only balance the interest of firms and 

workers, but also consider the broader issues associated with the effects of non-competes on the 

productivity and the growth of cities. 
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TABLE la: Summary Statistics for Michigan 
Michigan, 1977-1984 Michigan, 1985-2013 

OBS. MEAN SD MIN MAX OBS. MEAN SD MIN MAX 

Job Creation Rate 8 0.0313 0.0071 0.0256 0.0478 29 0.0258 0.0042 0.0176 0.0332 
Est. Entry Rate 8 0.1169 0.0163 0.1013 0.1486 29 0.0895 0.0150 0.0628 0.1215 

ShareAgri. 8 0.0024 0.0003 0.0020 0.0027 29 0.0053 0.0010 0.0030 0.0066 
Share 

8 0.0440 0.0048 0.0375 0.0497 29 0.0457 0.0124 0.0258 0.0720 
Mining/Extraction 
Share Light Mfg. 8 0.0742 0.0023 0.0723 0.0793 29 0.0568 0.0094 0.0439 0.0702 
Share Heavy Mfg. 8 0.2754 0.0304 0.2359 0.3136 29 0.1915 0.0248 0.1418 0.2436 

Share 
8 0.0516 0.0012 0.0493 0.0527 29 0.0254 0.0214 0.0048 0.0511 

Trans./Connnunications 
Share Trade 8 0.2629 0.0078 0.2533 0.2745 29 0.3551 0.1020 0.2146 0.4641 

Share Depository Inst. 8 0.0577 0.0044 0.0526 0.0636 29 0.0523 0.0099 0.0362 0.0671 
Share Services 8 0.0802 0.0058 0.0750 0.0907 29 0.0846 0.0317 0.0468 0.1450 

Share Health/Legal/Ed. 
8 0.1516 0.0182 0.1291 0.1728 29 0.1834 0.0290 0.1338 0.2286 

Services 
Share Pop Aged 15 - 64 8 0.6428 0.0271 0.6101 0.6625 29 0.6612 0.0034 0.6590 0.6691 
Percent College Grad 8 0.1247 0.0252 0.0943 0.1430 29 0.1942 0.0362 0.1430 0.2520 
Unemployment Rate 8 0.1109 0.0312 0.0696 0.1537 29 0.0742 0.0024 0.0366 0.1378 

Labor Force Part. Rate 8 0.6363 0.0046 0.6281 0.6433 29 0.6505 0.0230 0.6001 0.6871 
Real Per Capita GSP 

8 0.0153 0.0350 -0.0343 0.0654 29 0.0138 0.0226 -0.0465 0.0489 
Growth 

Pop Growth 8 -0.0009 0.0059 -0.0102 0.0051 29 0.0031 0.0040 -0.0054 0.0095 
Patents Per 10,000 

8 2.2039 0.2911 1.8488 2.5161 29 3.3178 0.6826 2.2763 5.1695 
People 

Citations per 10,000 
8 23.6368 2.4554 19.6388 28.5580 21 25.106 11.7822 0.1335 35.9402 

People 
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TABLE lb: Summary Statistics for All Other, Excluding Michigan 
States Other than Michigan, 1977- States Other than Michigan, 1985-

1984 2013 

OBS. MEAN SD MIN MAX OBS. MEAN SD MIN MAX 

Job Creation Rate 392 0.0445 0.0160 0.0218 0.1145 1421 0.0295 0.0085 0.0128 0.0989 
Est. Entry Rate 392 0.1332 0.0285 0.0885 0.2423 1421 0.0981 0.0293 0.0508 0.1802 

ShareAgri. 392 0.0044 0.0019 0.0018 0.0104 1421 0.0067 0.0020 0.0027 0.0177 
Share 

392 0.0866 0.0489 0.0331 0.3248 1421 0.0705 0.0332 0.0230 0.2558 Mining/Extraction 
Share Light Mfg. 392 0.1122 0.0589 0.0194 0.3326 1421 0.0712 0.0368 0.0118 0.2621 
Share Heavy Mfg. 392 0.1350 0.0682 0.0057 0.3184 1421 0.1003 0.0457 0.0054 0.2497 

Share 
392 0.0639 0.01538 0.0368 0.1458 1421 0.0341 0.0286 0.0034 0.1378 

Trans./Connnunications 
Share Trade 392 0.2867 0.0345 0.2264 0.4042 1421 0.3688 0.1108 0.1621 0.5703 

Share Depository Inst. 392 0.0677 0.0136 0.0439 0.1221 1421 0.0612 0.0189 0.0256 0.1683 
Share Services 392 0.0981 0.0509 0.0529 0.4254 1421 0.0956 0.0556 0.0369 0.4279 

Share Health/Legal/Ed. 
392 0.1455 0.0297 0.0728 0.2266 1421 0.1917 0.0399 0.0660 0.3154 

Services 
Share Pop Aged 15 - 64 392 0.6403 0.2850 0.5825 0.7018 1421 0.6594 0.0175 0.6012 0.7034 
Percent College Grad 392 0.1406 0.0379 0.0662 0.2300 1421 0.2187 0.0533 0.1040 0.3900 
Unemployment Rate 392 0.0709 0.0221 0.0276 0.1779 1421 0.0574 0.0190 0.0230 0.1353 

Labor Force Part. Rate 392 0.6451 0.0381 0.5097 0.7332 1421 0.6687 0.0401 0.5136 0.7537 
Real Per Capita GSP 

392 0.0200 0.0299 -0.1383 0.1926 1421 0.0185 0.0238 -0.1022 0.1344 
Growth 

Pop Growth 392 0.0122 0.0134 -0.0098 0.0845 1421 0.0099 0.0097 -0.0598 0.0739 
Patents Per 10,000 

392 1.4950 2.7115 0.1173 21.0235 1029 2.2927 3.7465 0.0930 30.4258 
People 

Citations Per 10,000 
392 14.6505 25.3367 0.6961 197.7697 1029 18.0755 30.3086 0 260.4539 

People 
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Table 2: Estimated Effects of the Michigan Antitrust Reform Act on 
Startup Entry Rate and the Job Creation Rate, 1977-2013t 

States Sharing a Land Border 
States Sharing a Land or Water 

Non-Enforcement Statestttt 
Border with Michigan ttt with Michigan tt 

Job Rate Entry Rate Job Rate Entry Rate 

Michigan 
0.1691 0.0842 0.0933 0.0432 

(0.0405)*** (0.0175)*** (0.0301)*** (0.0156)*** 

Post-MARA 
-0.3815 -0.5477 -0.5682 -0.9266 
(0.2973) (0.1071)*** (0.1785)*** (0.1040)*** 

Mich. *Post-MARA 
0.0172 -0.0074 0.0623 0.0005 

(0.0331) (0.0163) (0.0281)** (0.0139) 

Percent College Grad 
-0.0075 0.0013 0.0143 0.0212 
(0.0156) (0.0068) (0.0060)** (0.0035)*** 

Unemployment Rate 
0.0016 0.0076 -0.0007 0.0139 

(0.0094) (0.0045)* (0.0078) (0.0038) 
Labor Force Part. -0.2000 -0.0104 -0.0105 -0.0041 

Rate (0.0062)*** (0.0029)*** (0.0037)*** (0.0021)* 
Real Per Capita 0.2581 -0.0605 -0.3172 -0.0124 
Income (levels) (0.6967) (0.2857) (0.5026) (0.2729) 

Share Pop age 15 to -0.0944 -0.0122 -0.0564 0.0111 
64 (0.0205)*** (0.0076) (0.0146)*** (0.3893) 

Pop Growth (levels) 
2.5810 3.5853 3.5763 5.1755 

(2.8308) (1.5780)** (2.2605) (1. 1003)*** 
2.60 -3.83 3.85 -3.71 

Constant 
(4.0200) (1.8791)** (1.8259)** (0.7242) 

No. of Obs. 148 148 222 222 

R2 0.9712 0.9929 0.9523 0.9793 

tRobust standard errors in parentheses. 
*, **,***Represent statistical significance at the 10 percent, 5 percent, and 1 percent levels, respectively. 

t t States Sharing a Land Border with Michigan are IN, OH, and WI. 

ttt States sharing a land border or a water border with Michigan are IN, OH, WI, IL, and MN. 

ttttLimited Non-Enforcement States are AK, CA, CT, MN, MT, NV, ND, OK, WA, and WV. 

All regressions include one-digit SIC industry share of total employment and year fixed-effects. 
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Job Rate Entry Rate 

0.1118 0.0673 
(0.0593)* (0.0410)* 
-0.9465 -0.5570 

(0.1043)*** (0.0825)*** 

0.0780 0.0054 
(0.0405)** (0.0265) 

0.0029 -0.0018 
(0.0047) (0.0037) 
0.0095 0.0177 

(0.0066) (0.0048)*** 
-0.0065 0.0026 

(0.0027)** (0.0018) 
0.1530 -0.0778 

(0.2240) (0.1627) 
-0.0527 -0.0196 

(0.0069)*** (0.0049)*** 
5.4376 5.4120 

(0. 7615)*** (0.5667)*** 
4.35 0.44 

(0.8405)*** (0.6187) 

406 406 

0.9006 0.9092 
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Table 3: States Receiving Positive Weights for the Synthetic Control Group 

Startup Activity 

Job Rate Entry Rate 

Illinois = 0.264 

Ohio= 0.576 Ohio= 0.865 

Pennsylvania= 0.126 Pennsylvania= 0.135 

W. Virginia= 0.034 

Table 4: Estimated Effects of Change in Michigan's Non-Compete Enforcement on the Startup 
Entry Rate and the Startup Job Creation Rate Relative to Synthetic Michigan 

Average Average 
Difference Difference 

Pre-
Relative to Relative to Change 

Treatment 
Control Control Post- Rank 

Period 
Group Pre- Group Post- Treatment 

RMSPE 
Treatment Treatment 

Period Period 
14/50 

High-Tech Jobs 
0.0671 0.1245 0.0575 

0.0925 
p = 0.28 

12/50 

High-Tech Firms 
0.0873 0.0872 0.0001 

0.0877 
p=0.48 

37 



"Tl 
-I 

1: 

? 
0 
0 
0 
0 ...... 
(,.) ...... 
0, 

Table 5: Estimated Effects of the Michigan Antitrust Reform Act on 
High-Tech Employment and the High-Tech Firms, 1977-2013t 

States Sharing a Land Border with States Sharing a Land or Water Border 
Michigantt with Michiganttt 

JOBS FIRMS JOBS FIRMS 

Michigan 0.0063 -0. 1365 -0.1582 -0.2732 
(0.0601) (0.0661)** (0.0851)* (0.0963)*** 

-2.2494 -1.2834 -2.4802 -2.1529 
Post-MARA 

(0.4585)*** (0.5292)** (0.3988)*** (0.4060)*** 

-0.0714 -0.0127 0.0651 0.0692 
Mich. *Post-MARA 

(0.0516) (0.0536) (0.0911) (0.1009) 

Percent College Grad 
0.0836 0.1069 0.0171 0.0391 

(0.0255)*** (0.0280)*** (0.0143) (0.0153)** 

Unemployment Rate 
-0.0185 -0.0230 0.0181 0.0178 
(0.0144) (0.0158) (0.0186) (0.0210) 

Labor Force Part. Rate 
0.3778 0.0480 -0.0622 -0.0654 

(0.0098)*** (0.0107)*** (0.0111)*** (0.0119)*** 
Real Per Capita Income 0.2657 0.4382 0.3389 0.7927 

Growth (Levels) (0.9062) (1.0681) (1.1932) (1.3388) 

Share Pop age 15 to 64 
0.0238 0.0365 0.2113 0.2001 

(0.0345) (0.0387) (0.0350)*** (0.0361)*** 

Pop Growth (levels) 
-5.2326 -7.1501 -14.7027 -22.2128 
(7.6608) (4.8486) (5.9348)** (6.5415)*** 

14.30 23.89 10.21 8.48 
Constant 

(5,6513)** (6.6384)*** (4.3542)** (4.6874)* 

No. of Obs. 148 148 222 222 

R2 0.9755 0.9867 0.9129 0.9529 

tRobust standard errors in parentheses. 

*, **,***Represent Statistical Significance at the 10 percent, 5 percent, and 1 percent levels, respectively. 

ttshares a land border with Michigan: IN, OH, WI. 

tttshares a land or a water border: IL, IN, OH, MN, WI. 

ttttNon-Enforcement States are AK, CA, CT, MN, MT, NV, ND, OK, WA, and WV. 

All regressions include one-digit SIC industry share of total employment and year fixed-eflects. 
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Non-Enforcement Statestttt 

JOBS FIRMS 

-0. 2565 0.1437 

(0.3764) (0. 3190) 

1.9780 -2.5906 
(0.5079)*** (0.4867)*** 

0.4952 0.4032 
(0.2181)** (0.1257)** 

-0.0384 -0.0124 
(0.0252) (0.0246) 
0.1491 0.1316 

(0.0350)*** (0.0320)*** 
0.0170 -0.0070 

(0.0158) (0.0146) 
-1.0653 -1.2964 
(1.2300) (1.1968) 
0.0144 -0.0244 

(0,0328) (0.0294) 
24.4059 23.0728 

(4.7466)*** (4.5025)*** 
-16.37 -8.16 

(3.9803)*** (3.7040)** 

406 406 

0.8260 0.7755 
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Table 6: States Receiving Positive Weights for the Synthetic Control Group 

High-Tech Activity 

Job Rate Entry Rate 

Indiana= 0.156 Indiana= 0.119 

Ohio= 0.828 Ohio= 0.805 

W. Virginia= 0.016 W. Virginia= 0.076 

Table 7: Estimated Effects of Change in Michigan's Non-Compete Enforcement on High-Tech 
Entry Rate and Job Creation Rate Relative to Synthetic Michigan 

Average Average 
Pre-

Difference Difference 
Treatment 

Relative to Relative to Change 
Control Control Post- Rank 

Period 
Group Pre- Group Post- Treatment 
Treatment Treatment 

RMSPE 
Period Period 

22/50 

High-Tech Jobs 
0.1797 0.1514 -0.0283 

0.1892 
p = 0.44 

21/50 

High-Tech Firms 
0.0871 0.1395 0.0524 

0.0875 
p = 0.42 
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Table 8: Estimated Effects of the Michigan Antitrust Reform Act on 
Private Patent and Patent Citations, 1976- 2006t,tt 

Total Private Patents Per Capita 
Private Chemical Patents Per 

Private Computer Patents Per Capita Private Drugs Patents Per Capita 
Capita 

Patents Citations Patents Citations Patents Citations Patents Citations 

-0.0460 -0.7063 -0.0171 -0.1792 -0.0104 0.0799 -0.0195 -0.4118 
Michigan (0.0386) (0.3882)* (0.0105)* (0.0868)** (0.0117) (0.1348) (0.0072)*** (0.1060)*** 

0.0232 -0.7564 -0.0183 -0.0653 -0.0536 -0.5262 0.0024 -0.1691 
Post-MARA (0.0796) (0.8233) (0.0226) (0.2001) (0.0258) (0.2673)** (0.0171) (0.1818) 

0.0537 -0.2094 -0.0041 -0.0696 -0.0056 -0.2635 -0.0076 -0.1364 
Mich. *Post-MARA (0.0249)** (0.2425) (0.0077) (0.0651) (0.0064) (0.0957)** (0.0039)** (0.0708) 

Share of High-Tech 0.0003 0.0893 -0.0100 -0.0588 0.0150 0.0948 0.0072 0.1455 

Jobs (0.0091) (0.0827) (0.0017)*** (0.0161)*** (0.0039)*** (0.0383)** (0.0013)*** (0.0224)*** 

Percent College 0.0173 -0.0641 -0.0039 -0.0136 0.0085 0.0126 0.0027 0.0017 
Grad (0.0041)*** (0.0354)* (0.0012)*** (0.0088) (0.0014)*** (0.0128) (0.0007)*** (0.0090) 

Unemployment Rate 
-0.0092 -0.1014 -0.0037 -0.0351 0.0003 -0.0087 0.0004 -0.053 

(0.0044)** (0.0443)** (0.0014)** (0.0122)** (0.0011) (0.0136) (0.0006) (0.0104) 

Labor Force Part. -0.0033 0.0683 -0.0014 0.0089 -0.0034 -0.0131 0.0014 0.0381 
Rate (0.0022) (0.0211)*** (0.0006)** (0.0045)** (0.0007)*** (0.0075)* (0.0006)** (0.0073)*** 

Real Per Capita 0.1762 2.9400 0.0400 0.5564 0.0462 0.6155 0.0137 0.9758 
Income (levels) (0.1570) (1.7308)* (0.0365) (0.3448) (0.0456) (0.5535) (0.0414) (0.6446) 

Share Pop age 15 to 0.0152 0.3647 0.0042 0.0719 0.0008 0.0804 -0.0007 0.0129 
64 (0.0055)** (0.0484 )*** (0.0014)*** (0.0128)*** (0.0016) (0.0174)*** (0.0009) (0.0114) 

Pop Growth (levels) 
-0.5240 -10.8540 -0.1769 -2.6602 -0.1370 -6.2048 0.1275 1.096 
(0.3913) (5.2508)** (0.1204) (1.1868)** (0.1246) (2.2102)** (0.0876) (1.2278) 

-1.64 -49.03 -0.1065 -7.07 0.3351 -9.77 -0.2898 -7.09 
Constant (0.6560)** (21.4671) (0.1792) (1.5427)*** (0.2057)** (2.3063) (0.1279)** (1.6116)*** 

No. of Obs. 330 330 330 330 330 330 330 330 

R2 0.8400 0.8336 0.8414 0.8184 0.6619 0.6622 0.5927 0.6369 
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Table 8: Continued 

Private Electrical Patents Per Private Mechanical Patents Per 
Capita Capita 

Patents Citations Patents Citations 

0.0036 -0.0434 0.0218 0.1231 
Michigan 

(0.0099) (0.0939) (0.0076)*** (0.0767) 

0.0127 -0.1617 0.0230 0.0315 
Post-MARA 

(0.0171) (0.1669) (0.0145) (0.1354) 

0.0066 -0.01780 0.0430 0.1899 
Mich. *Post-MARA 

(0.0063) (0.0578) (0.0094)*** (0.0668)*** 

Share of High-Tech 0.0012 0.0007 -0.0106 -0.802 

Jobs (0.0028) (0.0206) (0.0012)*** (0.0128)*** 

Percent College 0.0023 -0.0141 0.0003 -0.0252 
Grad (0.0008)** (0.0077)* (0.0006) (0.0056)*** 

Unemployment Rate 
-0.0019 -0.0231 -0.0023 -0.0137 

(0.0010)** (0.0098)** (0.0009)** (0.0079)* 

Labor Force Part. -0.0016 -0.0020 0.0002 0.0147 
Rate (0.0004 )*** (0.0041) (0.0003) (0.0030)*** 

Real Per Capita 0.0459 0.6840 0.0252 0.6778 
Income (levels) (0.0301) (0.3020)** (0.0299) (0.2647) 

Share Pop age 15 to 0.0051 0.0991 0.0055 0.0765 
64 (0.0011) (0.0102)*** (0.0010)*** (0.0079)*** 

Pop Growth (levels) 
-0.1884 -3.2678 -0.1067 -0.9804 

(0.0867)** (1.1549)** (0.671) (0.7786) 

-0.5049 -10.33 -0.6568 -10.06 
Constant 

(0.1296)* (1.2826)*** (0.1095)*** (0.9419)*** 

No. of Obs. 330 330 330 330 

R2 0.7948 0.8186 0.8665 0.8594 

tRobust standard errors in parentheses. 
*, **, *** Represent Statistical Significance at the 10 percent, 5 percent, and 1 percent levels, respectively. 

ttcontrol Group is Non-Enforcement States (AK, CA, CT, MN, MT, NV, ND, OK, WA, and WV). 

All regressions include year effects and one-digit industry controls. 
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Private Other Patents Per Capita 

Patents Citations 

-0.0234 -0.2748 
(0.0085)*** (0.0983)** 

0.0570 0.1344 
(0.0053) (0.1829) 

0.0214 0.0881 
(0.0053)*** (0.0609) 

-0.0026 -0.0127 
(0.0015)** (0.0125) 

-0.0005 -0.0256 
(0.0008) (0.0070)*** 

-0.0019 -0.0155 
(0.0008)** (0.0089)* 

0.0014 0.0217 
(0.0004)*** (0.0039)*** 

0.0053 0.3205 
(0.0301) (0.3351) 

0.0003 0.0239 
(0.0009) (0.0087)** 

-0.0424 1.1632 
(0.0764) (1.2422) 

-0.1166 -4.71 
(0.1108) (1.2897)*** 

330 330 

0.7831 0.7539 



Table 9: Estimated Effects of Change in Michigan's Non-Compete Enforcement on Total 
Patent Citations, and by Technology Classifications, Relative to Synthetic Michigan 

Average Average 
Difference Difference 

Pre-
Relative to Relative to Change 

Rank Treatment 
Control Control Post-

(p-value) Period 
Group Pre- Group Post- Treatment 
Treatment Treatment 

RMSPE 

Period Period 
Total 

28/50 
Patent 0.2290 0.1705 0.0586 

(0.5490) 
0.2582 

Citations 
Chemical 

-0.1005 -0.1019 -0.0014 
24/50 

0.1293 
Citations (0.4706) 
Computer 

0.0615 -0.0470 -0.1085 
25/50 

0.0903 
Citations (0.4902) 

Drugs 
-0.0279 -0.1058 -0.0778 

45/50 
0.0493 

Citations (0.8824) 
Electrical 

0.0343 -0.0177 -0.0520 
38/50 

0.0454 
Citations (0.7451) 

Mechanical 
0.2176 0.3747 0.1570 

4/50 
0.2210 

Citations (0.0784) 
Other 

-0.0077 0.0487 0.0564 
7/50 

0.0429 
Citations (0.1373) 
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Figure 1 a: Percent of Jobs Created by Startups 
Michigan and the Border States, 1977 - 2013 
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Figure 1 b: Startup Entry Rate 
Michigan and the Border States, 1977 - 2013 
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Figure 1 c: Percent of Jobs Created by Startups 
Michigan and the Expanded Border States, 1977 - 2013 
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Figure 2a: Percent of Jobs Created by Startups 
Michigan and the Synthetic Control Group, 1977 - 2013 
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Figure 2b: Startup Entry as a Percent of All Establishments 
Michigan and the Synthetic Control Group, 1977 - 2013 
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Figure 3a: High-Tech Employment 
Michigan and the Non-Enforcement States, 1977 - 2013 
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Figure 3b: High-Tech Establishments 
Michigan and the Non-Enforcement States, 1977 - 2013 
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Figure 3c: High-Tech Employment 
Mich·gan and Synthetic Michigan, 1977 - 2013* 
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Figure 4: Total Patents and Patents by Technology Class 
Per 10,000 People, 1976 - 2006 
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Abstract 

Employee spinoffs may harm incumbent firm owners for two reasons: first, they increase 
competition in relevant product markets, potentially decreasing rents associated with 
market power. Second, the threat of an employee spinoff may prevent a firm owner 
from making costly, productivity-enhancing investments in their workers. Noncompete 
agreements (NCAs) solve both problems. From the perspective of a consumer, NCAs 
may increase prices by decreasing competition, but the investments made by firm 
owners have the potential to mitigate competitive harms. We develop a model which 
formally demonstrates this tradeoff to assess the impacts of NCA policy on consumers, 
and discuss when a ban on NCAs is most likely to be beneficial for consumers. We 
show that the competitive environment, the nature of investment pass-through, and 
the benefits of investment play large roles. Counterintuitively, increased benefits of 
costly investments have the potential to harm consumers, such that industries where 
NCAs are most important to firms may also be those where harm is greater. Finally, 
we draw two analogies between NCAs and antitrust (merger analysis and pay-for-delay 
agreements) and show how insights in those areas may inform NCA policy. 
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1 Introduction 

Employee spinoffs make up a significant and important portion of new firm births (Muendler 

et al., 2012; Franco, 2005). Typically studied as engines of innovation, spinoffs may also foster 

competition in industries that are otherwise highly concentrated: as noted by Fulghieri and 

Sevilir (2011), " .. .in many industries, the majority of new firms are created by workers of 

established firms, and such firms end up competing in similar industries as their parent 

firm." By using the human capital they accrue at their parent firms, employee entrepreneurs 

are uniquely able to found spinoffs which may have success where entrepreneurs with less 

industry experience may fail. 

Fulghieri and Sevilir (2011) go on to ask " ... why established firms do not prevent the 

creation of such new firms that lead to greater competition ... ". While they provide one 

answer to this question, another answer is that established firms do, in fact, prevent creation 

of employee spinoffs: they do so using employee noncompete agreements (NCAs). An NCA 

may stipulate that a worker is prohibited from founding a competing firm, typically for a 

set duration of time. NCAs are historically explained as a means by which to guarantee 

returns on investments: without the assurance that a worker will not leave to join or found 

a competing firm, an owner may not be willing to make a costly investment in a worker's 

human capital, or to impart trade secrets which aid in a firm's creation of value. In other 

words, NCAs solve an investment holdup problem on the part of the owner (Williamson, 

1975; Klein et al., 1978; Rubin and Shedd, 1981; Hart and Moore, 1990). 

The tradeoff between value creation and competition is the focus of this paper. Courts 

and policymakers who wish to determine optimal levels of NCA enforceability may be con­

cerned with the overall impact of NCAs on the economy: for example, President Eiden 

recently issued an executive order that in part seeks to " ... curtail the unfair use of non­

compete clauses" .1 While the impacts of NCA enforceability on workers (Balasubramanian 

1 See https://www.whitehouse.gov/briefing-room/presidential-actions/2021/07 /09 / executive-order-on­
promoting-com petition-in-the-ameri can-economy. 
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et al., 2020; Starr, 2019; Johnson et al., 2021; Lipsitz and Starr, 2021) and firms (Samila and 

Sorenson, 2011; Starr et al., 2018; Jeffers, 2019; Marx and Fleming, 2012) have been exam­

ined extensively, the impact of NCAs on consumers has largely been ignored. We provide a 

unified framework to examine the welfare consequences of NCA enforceability on consumers, 

and provide analogies to assist policymakers in weighing the resulting tradeoff. While the 

prior literature has often leaned on behavioral reasons (Starr et al., 2020; Lipsitz and Starr, 

2021) or liquidity constraints (Rauch and Watson, 2015; Wickelgren, 2018) as reasons that 

NCAs are used or have the potential to harm economic actors, we demonstrate that harms 

may arise even absent these explanations. 

As motivation, we begin our analysis by documenting the extent to which NCAs and 

market outcomes are related. Using data from the US Census Bureau's County Business 

Patterns, we show that stricter NCA enforcement (making it easier for employers to legally 

enforce NCA contracts to prevent spin-offs) can result in increases in concentration. 

To explain the mechanisms underlying this finding, we introduce a model of a firm operat­

ing in an industry in which the primary barrier to entry is industry-specific knowledge. The 

owner of this incumbent firm employs a worker who accumulates the knowledge necessary 

to compete in the industry, and who may ultimately decide to found their own competing 

firm (an employee spinoff). The owner and worker may agree to use an NCA, which legally 

prohibits the worker from spinning off, barring a negotiated buy-out payment (a payment 

from the worker to the firm which nullifies the NCA). NCAs have two effects on the mar­

ket: on one hand, NCAs may increase the likelihood that the market remains a monopoly, 

preventing price competition. On the other hand, under an NCA, the owner does not face a 

holdup problem with respect to investment in their worker, and therefore is willing to make 

productivity-enhancing investments (for example, investments which reduce marginal costs) 

which may pass through to lower prices or higher quality for consumers. 

We consider several comparative statics to analyze when a ban on NCAs may ultimately 

benefit consumers, and when such a ban may be harmful. We show that, in most cases, when 
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price setting in duopoly markets closely mirrors perfectly competitive price setting, and when 

investments made by firms do not pass through to consumer prices, NCA bans are more 

attractive. Then, we show that while enhanced benefits from investment may pass through 

to lower consumer prices, they also increase the use of NCAs. Counterintuitively, increased 

investment benefits may therefore exacerbate consumer harms from NCAs, especially when 

investment pass-through to consumers is low. Industries with low investment pass-through 

and high investment benefits are likely to find NCAs attractive, which suggests that solving a 

significant hold-up problem is not sufficient to render NCAs nonproblematic from a consumer 

perspective. 

The tradeoff between productivity enhancement and market competition mirrors trade­

offs present in antitrust policy. The Horizontal Merger Guidelines published by the U.S. 

Department of Justice and the Federal Trade Commission note that "the Agencies consider 

whether cognizable efficiencies likely would be sufficient to reverse the merger's potential to 

harm customers in the relevant market, e.g., by preventing price increases in that market." 2 

Cognizable efficiencies refer to enhancements in productivity (for example, cost reductions 

or increased potential for new innovations) that a merged firm will achieve but non-merged 

firms will not. To clarify this analogy, we introduce a basic model of pass-through ( drawing 

on Weyl and Fabinger (2013)). Based on this model, we show that the tradeoffs inherent 

in merger analysis are also present in NCA analysis. We note that firm wide NCA use may 

prevent several spinoffs from occurring ( especially if the firm has a large number of workers), 

which increases the potential for harms associated with NCAs. 

We also consider an analogy to pay for delay agreements, which are agreements between 

a patent holder and a generic producer under which the generic producer agrees not to enter 

a market in exchange for monetary compensation. We show that arguments supporting the 

procompetitive nature of pay for delay agreements do not apply to NCAs, but arguments 

supporting the anticompetitive nature of pay for delay agreements do. The literature and 

2 The Horizontal Merger Guidelines are available online athttps://www.justice.gov/atr/file/810276/download. 
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court decisions regarding pay for delay agreements are particularly important in assessing 

NCA policy when workers are sophisticated in their contract negotiations, with an ability 

to assess costs and benefits. In this case, high compensation for NCAs to sophisticated 

agents (such as the literature indicates CEOs may receive - see, e.g., Kini et al. (2020)) 

may indicate payment made to preserve anticompetitive market power.3 

This paper is closest in spirit to Krakel and Sliwka (2009), Rauch and Watson (2015), 

and Rauch (2016), all of which examine how NCAs may limit worker entrepreneurship. We 

contribute to this literature an analysis of the competitive effects that arise due to NCAs, 

and how those effects may be evaluated against the gains from investment. Hausman and 

Lavetti (2021) also consider the competitive effects of NCAs, demonstrating that NCAs 

cause establishment-level HHis to decrease, and firm-level HHis to increase in the context of 

physicians. Finally, our model may be viewed as similar to that of Bernheim and Whinston 

(1998), which assesses the reasons for and effects of exclusive contracting: in particular, they 

show that exclusive contracting may act as a way for a manufacturer and retailer to collude 

against other retailers. In our model, an NCA may be viewed as a way for a firm owner and 

worker to collude against consumers in the market by committing to share monopoly rents. 

2 Noncompetes and Market Concentration 

To motivate our analysis, we investigate the connection between market concentration and 

NCA enforceability. In particular, we present the finding that strict NCA enforceability 

(i.e., a high likelihood that a given NCA will be upheld by the court) causes high industrial 

concentration.4 We do not claim that our model is the only model that can explain this 

3Note that large payments may instead be compensation for forgoing the option of working for a com­
petitor, rather than forgoing the option of spinning off. The mechanisms explained in this paper apply, to 
some extent, in this situation, as well: insofar as the CEO may allow the outside firm to compete more 
effectively, there is a tradeoff between the incumbent investing in its CEO and increasing effective levels of 
competition in the market. 

4 By "enforceability of NCAs", we mean the legal framework under which NCAs are ac;sessed. At the 
lower extreme (lax enforceability), if an NCA is contended in front of a court, the court would rule that it will 
not be enforced: in other words, the worker is free to violate the NCA as it was written, and may therefore 
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finding, nor do we suggest that the magnitudes presented here are predictive of changes that 

would occur if NCA policy were changed. Instead, we present this analysis to demonstrate 

that the issues with which we are concerned (namely, the effect of NCAs on market power) 

are of a magnitude important enough to merit discussion. 

To demonstrate this, we combine data on NCA enforceability with county-level industrial 

data from the US Census Bureau's County Business Patterns (CBP) dataset. To measure 

the enforceability of NCAs, we use data collected by Johnson et al. (2021), which extends 

data initially collected by Hausman and Lavetti (2021). The dataset is a state by year panel 

of a measure, normalized to a zero to one scale, which reflects the relative enforceability of 

NCAs in each state (initially constructed in Bishara (2010)). The exogeneity to product 

market and labor market outcomes ( a prerequisite for the forthcoming analysis) has been 

extensively vetted in Johnson et al. (2021) and Hausman and Lavetti (2021): indeed, part of 

the analysis in Hausman and Lavetti (2021) is comparable to the analysis presented here (see 

Figure 2 of that paper). Each of the aforementioned two papers contains a more detailed 

description of the database. 

The CBP dataset measures the number of establishments with different employment 

levels in each county, in each year, for each NAICS code. We use data from 1998 to 2018 

to construct an employment-based HHI5 for 3-digit NAICS industries (indexed by i) in each 

county (indexed by c) in each year (indexed by y). 6 An establishment, e, consists of a 

building with a full address that is designated a 3-digit NAICS code; thus, we let the county 

compete by joining or founding a competing firm. On the other end of the spectrum (strict enforceability), 
NCAs are much more likely to be upheld by the court (in which case the worker may not compete, or may 
face penalties for doing so). The enforceability of NC As varies at the state level. Examples of states which 
do not enforce NCAs (with limited exceptions) are California (see California Business and Professions Code 
Section 16600) and North Dakota (See North Dakota Century Code Section 9-08-06.). At the other side of 
the spectrum, many NC As are explicitly admissible under Florida law (See Florida Statute 542.335.). 

5Employment-based HHis, rather than revenue or unit sales bac;ed HHis, are used for data availability 
reac;ons. Widespread data on revenue and sales are not available at the level of detail required for this 
analysis. Employment serves ac; an imperfect proxy. 

6We note that the HHis we calculate here are likely different from what an antitrust agency would 
calculate when investigating a merger. First, that HHI would likely not be based on employment, which is 
used here for data availability reasons. Second, an antitrust agency would define markets according to the 
Horizontal Merger Guidelines, as opposed to using a blanket method which is employed in this context for 
consistency across industries and markets. 
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containing establishment e be defined by c( e) and the industry containing e be defined by 

i(e). For each establishment-year, we impute employment (as discussed in Appendix A) in 

that establishment-year, n( e, y), and calculate the percentage share of employment in that 

establishment-year, s(e, y), according to s(e, y) = 100* n(e,y) , where E(i(e), c(e)) L n(j,y) 
jEE(i(e),c(e)) 

represents the set of all establishments in industry i ( e) and county c( e). The H HI in industry 

i, county c, and year y is therefore calculated as: 

HHiicy = L s(e, y) 2
. 

eEE(i,c) 

We estimate the impact of NCA law changes on HHI using a distributed lag model 

(Schmidheiny and Siegloch, 2019), which examines the dynamic effects of NCA policy 

changes over time. 7 The resulting coefficients, shown with corresponding 95% confidence 

intervals in Figure 1, may be interpreted identically to an event study model. The coeffi­

cients in years t - k represent the effect on HHI in year y of a law which will be changed k 

years in the future. We therefore expect, if NCA law changes are conditionally exogenous to 

past HHI, that the "pre-trend" in years t - k will be essentially flat, and roughly equal to 

zero. Indeed, this is what we see in each of those years. 

Following law changes (in years t + k), the coefficients may be interpreted as the effect of 

a law change which occurred k years in the past, beginning with the year of the law change, 

t = 0. Here, we see that concentration rises substantially following NCA law changes, and 

appears to remain at a high level several years into the future. 8 

The effect is consistent and relatively large: at its peak, an NCA score increase of 1 (i.e., 

from the minimum observed enforceability level to the maximum) is associated with an HHI 

increase of just under 150 points relative to baseline. Compare this, for example, with the 

7See Appendix A for details of the model, as well as details on sample selection and data imputation. 
8 Note that an identical analysis based on 4-digit NAICS level HHis yields similar results. Using finer 

NAICS classifications may more accurately identify markets where concentration may affect outcomes; how­
ever, this comes at the cost of losing data due to privacy-related data omissions introduced by the Census 
Bureau. 
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Figure 1: Distributed Lag Estimates of the Effect of NCA Enforceability Changes on HHI 
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This figure plots distributed lag model estimates of the dynamic effects of an NCA law change on 
employment HHI at the county-by-3 Digit NAICS level. The coefficient representing one year prior to law 
changes is normalized to zero. The underlying regressions are weighted by employment in the 
county-industry-year cell, and also include Census division by year by 3-Digit NAICS fixed effects. 
Standard errors are clustered by state. 

U.S. Department of Justice & FTC 2010 Horizontal Merger Guidelines, which state that, in 

moderately and highly concentrated markets, HHI increases of 150 points "potentially raise 

significant competitive concerns and often warrant scrutiny." 9 

Several limitations of this analysis must be noted. First, the CBP data only contains 

employment information for establishments, rather than firms. It is therefore possible that 

firm-level HHis (which are more likely to be reflective of competitive conditions in an indus­

try) would react differently to changes in NCA enforceability ( as, e.g., is found in Hausman 

and Lavetti (2021)). Running a comparable analysis to the one presented above using the 

US Census Bureau's Statistics of US Businesses (which presents data for firms, but only at 

the state level) returns directionally identical results. We present the analysis based on the 

CBP to isolate the local nature of markets which are likely to be affected by state-level law 

changes. 

9The 2010 Horizontal Merger Guidelines are available athttps://www.justice.gov/ atr /horizontal-merger­
guidelines-08192010. 
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Second, the HHI measure we construct is based on employment, rather than unit sales 

or revenue. While it is likely that shares based on employment are correlated with shares 

based on some measure of sales, the analysis would benefit from direct data on sales, which 

are not easily available for broad swaths of the American economy. 

Finally, our calculation of HHI uses imputed employment, which may be relatively impre­

cise. Employment is not reported directly in the CBP to protect privacy, and we therefore 

use the midpoint of the reported cells as a proxy for actual employment. 

3 Model 

Motivated by the impact of NCA law changes on HHI, we develop a model in which the 

owner of an incumbent monopoly firm hires a worker that has the potential to found a 

competing firm using industry-specific knowledge naturally acquired on the job. The owner 

may make a costly, productivity-enhancing investment in the worker's human capital ( e.g., 

providing skills training for the worker or imparting a valuable trade secret), but faces a 

hold-up problem (Williamson, 1975; Klein et al., 1978; Hart and Moore, 1990): if the worker 

is the claimant on rents associated with the investment (because she can threaten to spin off 

a competing firm or go to work for a competitor), the owner will not have sufficient incentive 

to invest. This situation is often used as a justification for the use of an NCA, which the firm 

may decide to use. By ensuring that a worker cannot spin off a competing firm or work for a 

competitor, an NCA ensures that owners receive returns on their investments, encouraging 

the owner to make that investment in the first place (Rubin and Shedd, 1981). 

To model this explicitly, suppose that the worker and incumbent firm may agree to use 

an NCA when they begin the employment relationship. We denote the employment contract 

by {w,NCA}, where w is the wage that the owner pays the worker and NGA E {0, 1} 

indicates the existence (1) or nonexistence (0) of an NCA. If a contract includes an NCA, 

then the worker may not form a spinoff without permission from the incumbent. 10 We allow 

10We focus attention on employee spinoffs as a leading example, and to simplify the language used in the 
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contracts to be freely renegotiable, however: permission to found a spinoff may be granted 

if the worker makes a buy-out payment to the incumbent that is mutually agreed upon. We 

denote such a buy-out payment by BO. Similarly, without an NCA, the incumbent firm 

may make a buy-in payment to the worker to induce that worker not to found a spinoff: we 

denote such a side payment by BI.11 

After the initial contract decision is made, both players observe the spinoff marginal cost 

draw, cs, which is drawn from the distribution F(·), and then the worker makes the spinoff 

decision. One input into this decision may be the incumbent firm's marginal cost, ci, which 

is exogenously given and observed by all players at the start of the game. If the worker 

pursues a spinoff, then the incumbent firm (which continues to face a marginal cost of ci) 

competes with the spinoff, which operates at marginal cost Cs. Instead, if the worker remains 

employed by the incumbent, then the single firm operates at marginal cost ci. We implicitly 

assume that the incumbent cannot use the cost draw of the spinoff: if it could, spinoffs 

would not occur in equilibrium, which is not true in reality. In practice, this restriction can 

be explained by nontransferable aspects of costs, such as differences in business philosophies 

or organizational or managerial differences, which would be costly to change in the incumbent 

firm. 

Prior to the realization of cs, but after the initial contract, {w,NCA}, has been agreed 

upon, the owner of the incumbent firm must decide whether or not to make a costly invest­

ment. The owner may choose to pay a one-time, exogenously determined cost, "", to make 

a binary, relationship-specific investment which increases profit for the owner-worker pair if 

they operate as one firm. The specificity of the investment means that if the worker spins 

off, all value from the investment will be lost, but if the worker remains employed by the 

incumbent, profit will be greater than without the investment. 

paper. However, the worker may comparably bring their knowledge to a new or existing firm they do not own 
( and which is therefore not a spinoff), and the mechanisms presented in this paper are largely unchanged. 

11 In reality, the renegotiability of an NCA or a payment made for a worker not to found a spinoff may 
be limited for a variety of reac;ons, such ac; liquidity constraints, reputational concerns, behavioral factors, 
or the law. We abstract away from these to focus attention on a model which explains the effects of NCAs 
without relying on, for example, behavioral explanations or liquidity constraints. 
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Altogether, the formal timing of the game is as follows. First, the incumbent owner 

makes a take-it-or-leave-it contract offer, { w, NGA}, to the worker, where w E IR and 

NGA E {O, 1}. The worker may accept or reject the contract. If the worker rejects, each 

agent receives their outside option ( normalized to zero for each agent) and the game ends. If 

the worker accepts the contract, then the owner pays the worker wand makes its investment 

decision, I E {O, 1 }. After the owner's investment decision, the worker's spinoff marginal 

cost, cs, is observed by both parties. When NGA = 0, the worker may spin off, or may 

make a take-it-or-leave-it offer12 of a buy-in payment to the owner, BI, which, if accepted, 

will cause the worker to remain employed by the incumbent. With NGA = 1, the worker 

may decide to remain employed by the owner, or make a take-it-or-leave-it offer, BO, to 

the owner which, if accepted, allows the worker to buy out of the NCA and spin off. If the 

worker remains employed by the incumbent, then the owner receives gross profit IIi,M(I) 

from the final goods market, 13 where M represents that the market is a monopoly. 14 If the 

worker spins off, then the worker receives gross profit Ils ( cs) and the owner receives gross 

profit IIi,D(cs) from the final goods market. 

We assume that agents are risk-neutral, seek to maximize payoffs, and that information 

is perfect. To allow for a variety of market structures we make the following assumptions: 

Assumption 1. We assume that 

b. dITds(cs) < Q 
Cs 

12The assumption that buy-in and buy-out payment offers are take-it-or-leave-it, made by the worker, is 
unimportant: the alternative assumptions that the owner makes the offer, or that bargaining occurs, would 
not change the predictions of our model except for the ex-post allocation of cash between the worker and 
owner. 

13This formulation of the incumbent firm's monopoly profit tacitly assumes that profit does not rely on 
Cs ( the spinoff's marginal cost). Many of our results do not rely on this assumption; results are qualitatively 
equivalent if we instead assume that Ili,M(·) depends on Cs. We use the current formulation for tractability 
and notational brevity. Similarly, since Ci is exogenously given at the outset of the model, and not a major 
focus of exploration in this paper, we omit it when writing the gross profit functions for brevity. 

14To highlight the competitive issues involved in our model, we use the subscripts lvf and D to denote 
"monopoly" and "duopoly" markets. However, lvf may alternatively be understood to signify a market with 
N E N firms, and D to signify a market with N + 1 firms. As long as Assumption 1 is satisfied, our model 
is robust across a variety of oligopoly settings where other competing firms may exist. 
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d. For all I' there exists a Cs (I) such that IIs (Cs) + rri,D (Cs) > rri,M (I) for all Cs < Cs (I) 

and IIs (Cs) + rri,D (Cs) < rri,M (I) for all Cs > Cs (I) .15 

Qualitatively, Assumption la requires that investment by the incumbent owner improves 

gross profits when the incumbent firm is a monopoly, as well as requiring that monopoly 

profits exceed duopoly profits for the incumbent owner. Assumption 1 b simply ensures that 

spinoff profits are decreasing in marginal cost. Assumption le states that the incumbent 

owner's profits are increasing in spinoff marginal costs in a duopoly, but the sum of gross 

profit in the market is decreasing in spinoff costs. Finally, Assumption ld requires a threshold 

value of cs, above which monopoly outperforms duopoly from the perspective of the pair, 

and below which duopoly outperforms monopoly. 

4 Equilibrium 

Our solution concept is Subgame Perfect Nash Equilibrium. Solving the model backwards, 

the last stage of the game is the spinoff decision of the worker. Given frictionless renegotia­

tion, this decision is straightforward: whenever the sum of profits in duopoly is greater than 

the sum of profits in monopoly, the worker founds a spinoff. Formally, the worker spins off 

whenever 

Buy-in or buy-out payments are made if necessary to ensure that the owner receives as 

much as she would have had the "default" action (i.e., the market remaining a monopoly 

when NGA = 1 or the market becoming a duopoly when NGA = 0) occurred. So, when 

NGA = 1, the incumbent would receive IIi,M(I) if the worker does not spin off. If the 

worker opts to spin off, the payment BO is set so that IIi,D (cs) + BO = IIi,M (I). Note 

15The direction of the inequalities stem from Assumption le. 
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that, by Assumption la, rri,M(I) ~ rri,D(cs), so BO ~ 0. Similarly, when NGA = 0, 

the incumbent would receive IIi,D(cs) if the worker spins off, and so BI is set such that 

rri,M(I) +BI= rri,D(cs)- Again, since rri,M(I) ~ rri,D(cs), BI ::; 0 (i.e., BI is a payment 

made from the incumbent to the worker). 

Beyond the spinoff decision, the next important feature of equilibrium is the hold-up 

problem (the relationship between NCA use and the incumbent owner's investment decision). 

Solving the investment decision subgame generates the following result: 

Lemma 1. If NG A = 1, then I = 1 if and only if r,, ::; IIi,M ( 1) - IIi,M ( 0). Instead, if 

NG A = 0, then I = 0 for all r,, > 0. 

All proofs may be found in Appendix B. 

The investment decision is intuitive: with an NCA, regardless of whether the worker 

spins off, the owner controls the rents related to the investment and will be compensated 

accordingly. Therefore, the only thing that matters in the owner's investment decision is 

whether the investment contributes more to monopoly profits than it costs. Without an 

NCA, since the worker effectively controls the rents related to investment ( due to her ability 

to credibly threaten to spin off), the owner is unable to recoup any of the rents associated 

with investment and is therefore unwilling to invest at any cost; in other words, the holdup 

problem prevents investment without an NCA. 

Turning to the contracting stage, both the owner and the worker know that an NCA, 

with r,, ::; IIi,M(l) - IIi,M(0), results in investment by the owner. Given that renegotiation 

is frictionless, an NCA is used whenever the expected value for the pair is greater with an 

NCA than without. Naturally, if r,, > IIi,M(l) - IIi,M(0) so that investment does not occur 

with or without an NCA (by Lemma 1), then use of an NCA makes no difference. However, 

if r,,::; IIi,M(l) - IIi,M(0), then the pair may or may not agree to an NCA in equilibrium: 

Proposition 1. If r,, > IIi,M ( 1) - IIi,M ( 0), then frictionless renegotiations cause contracts to 

be /(inconsequential'': the owner and worker receive identical expected utility with NG A = 0 

or NGA= 1. 
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Instead, if K, ::; rri,M(l) - rri,M(O), then there exists a K, < rri,M(l) - rri,M(O) so that 

NGA= 1 in equilibrium if r,, :'.S ,;,, and NGA= 0 otherwise. 

To understand why there exist values of r,, close to but potentially less than Ili,M(l) -

Ili,M(O) where the owner and worker choose not to use an NCA, and then invest, consider a 

case where r,, = Ili,M(l) - Ili,M(O) - e: for some small e: > 0. In this case, an NCA followed by 

investment generates only a minor gain when the realization of Cs is such that a monopoly 

occurs; however, the cost r,, generates no benefit when the realization of Cs is such that a 

duopoly occurs. 16 Thus, this loss in surplus from an investment that results in a duopoly 

restricts the pair's willingness to adopt an NCA in the initial contracting stage where the 

pair evaluates contracts based on the joint expected profit. 

To complete the game and fully characterize the equilibrium outcomes across all realiza­

tions of cs, we now discuss critical values that we use extensively: cs(J) (for I = 0 and 1), 

as defined in Assumption ld. The critical values cs(J) represent the values of Cs such that 

rri,D(cs) + IIs(cs) = rri,M(J). Therefore, rri,D(cs) + Ils(cs) > rri,M(J) if and only if Cs < cs(I). 

Furthermore, Assumption la implies that cs(l) < cs(O). Intuitively, cs(J) represents the cut­

off at which duopoly joint profits equal monopoly profits (so the pair is indifferent between 

the worker founding a spinoff or not). 

Given these thresholds, we describe the realized market outcomes (that depend on the 

realization of cs) in Figure 2. In cells [1] and [2], we see that r,, > ~ so that NCAs are not 

used and investment does not occur; in addition, market structure depends on the total profit 

comparison so that a duopoly occurs whenever Cs< cs(O) (i.e., whenever Ili,D(cs) +Ils(cs) > 

Ili,M(O)). In cells [3]-[5], NCAs are used and the owner invests in the worker; however, the 

benefits of investment are only realized when a monopoly occurs, which happens whenever 

16Of course, the difference in monopoly profit from investment, Ili,M(l) - Ili,M(0), also impacts the Cs 

required for a duopoly to occur under I= 1 versus I= 0. To see a richer discussion, consider Equation (5) 
and the paragraphs that follow in Appendix B. 
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Figure 2: Equilibrium Realizations 
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[3] 

Duopoly 

NCA =I= 1 

Investment 

Unrealized 

[4] 

Monopoly 

NCA =I= 1 

5 Policy and Heterogeneity 

[5] 

Monopoly 

NCA =I= 1 

To illustrate the extent to which our model can inform policy, we consider an outright ban 

on NCAs.17 Our model does not consider the full range of economic benefits and harms 

that would result from such a ban; however, it does shed light on one particular tradeoff for 

consumers when NCAs are banned: consumers benefit from an increased likelihood that a 

duopoly will emerge, but they are harmed by decreased investment on the part of the owner, 

which may lower marginal costs and pass through to lower prices. 

In this section, we first consider comparative statics with respect to characteristics of 

firms and markets which may drive a ban on NCAs to be more or less attractive when 

measured by consumer welfare. In Section 5.1, we look at the nature of competition in 

duopolies and how investments pass through to consumers. In Section 5.2, we look at the 

17This policy is comparable to the "Ban on Non-Compete Agreements Amendment Act of 2020", recently 
passed in Washington, DC. Note that most recently passed bans on NCAs (e.g., in Virginia, Maryland, 
Illinois, Massachusetts, and others) apply only to workers making below a certain income threshold, or who 
satisfy other restrictions. 
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size of the benefit from investment. Then, we derive a generalized expression indicating 

when NCAs should optimally be banned, based solely on a consumer welfare criterion. 

5.1 Competition and Pass-Through 

The tradeoff related to NCA policy (as it pertains to consumer welfare) is governed directly 

by market structure and the benefits from firm investment. The extent to which the harm 

and benefit pass through to consumers is unclear without further details of the market. 

On the market power side of the tradeoff, the primary characteristic of the market which 

impacts the extent to which NCA policy impacts consumers is the nature of duopoly com­

petition between the incumbent and the spinoff. Consider, for example, a spectrum where, 

at one end, the duopoly competes a la homogenous Bertrand, and at the other end, a la 

homogeneous Cournot. This distinction is important because differing levels of duopoly com­

petition change the market power harms of NCAs. Broadly speaking, when the difference 

between a monopoly and duopoly is large (because the firms Bertrand compete), a given 

NCA will cause a larger gross harm than if that difference is small (Cournot competition), 

since price differences are amplified when moving from a monopoly incumbent to a more 

competitive market. However, note that the nature of competition also affects the cutoff 

values which determine when spinoffs will occur, as well as the investment decision and the 

decision of whether or not to use an NCA in the first place. 

To consider these features in our context, we borrow the conduct parameter and pass­

through approach from Weyl and Fabinger (2013). This allows us to abstract away from 

the exact nature of competitive interaction and investment benefits by assuming that there 

exists a market power parameter (known as the conduct parameter), 0, and an investment 

pass-through parameter, p, that captures the extent to which investment benefits pass onto 

consumers (e.g., if investment reduces marginal costs by !:1C, then p · !:1C of those savings 

are passed onto consumers in the form of lower prices). 18 The conduct parameter 0 E [O, 1] 

18On the cost savings side of the tradeoff, several market characteristics may impact pass-through to 

15 

Electronic copy available at: https://ssrn.com/abstract=3975864 

FTC_AR_00001341 



captures the amount of market power so that 0 = 0 corresponds to homogenous Bertrand 

competition, 0 = 1 corresponds to a monopoly or perfect collusion, and 0 = 1/N corresponds 

to homogenous Cournot competition. 19 

Given this approach, we immediately see that ( a) the duopoly price is increasing in mar­

ket power (d~!f > 0) while the monopoly price is unaffected by duopoly conduct ( dp;)I) = 0) 

for IE {O, 1}, and (b) prices are decreasing in consumer investment pass-through only when 

investment occurs (dpM(I=l) < 0 and dpM(o) = dpv = o). In addition we now rewrite the 
~ ~ ~ ' 

profit functions so that the incumbent receives IIi,D (cs, 0) under a duopoly, the spinoff re-

ceives Ils(cs, 0) under a duopoly, and the incumbent receives IIM(I, p) under a monopoly with 

IIM(O, p) = ITM(I, 1) capturing the cases where investment generates no profit either because 

investment does not occur (IIM(O, p)) or because all benefits from investment pass-through to 

consumers (IIM(I, 1)). Under this characterization, we have that (a) dITi,~~cs,B), dITsj;s,B) > O 

and dITM(I,p) = 0 and (b) dITM(I,p) < 0 and dITi,v(cs,B) dITs(cs,B) = 0. Altogether we see that 
d0 dp - dp ' dp ' 

conditional on market structure and Cs, 0 only impacts duopoly markets and p only impacts 

the monopoly market; however, these parameters will play important roles in determining 

consumer surplus, NCA tradeoffs, and market outcome thresholds. 

Since the model introduced in Section 3 was agnostic about the nature of competition and 

investment pass-through, we examine the effect of 0 and p on outcomes. We first focus on 

within-box differences, where boxes [1 ]-[5] are those depicted in Figure 2. In other words, we 

first take as given the NCA use and investment decisions, and focus on how consumer welfare 

changes when competition and pass-through change, considering those changes across NCA 

policies. 

Regardless of NCA policy, [1] will always contain a duopoly without investment, [2] will 

always contain a monopoly without investment, and [3] will always contain a duopoly with 

( unrealized) investment, and all three are therefore uninteresting for the purposes of this 

section. In [4], both 0 and p play a role: when NCAs are allowed, the market is a monopoly 

consumers (see, e.g., Gron and Swenson (2000); Bonnet et al. (2013); Miller et al. (2017)). 
19Weyl and Fabinger (2013) provide a rich set of micro-foundations that support such a parameterization. 
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with (realized) investment, whereas when NCAs are banned, the market is a duopoly without 

investment. In other words, the differential impact on price of banning NCAs is the sum of 

the differential impacts from 0 and p. Finally, in [5], the market will always be a monopoly 

(whether or not NCAs are allowed), and therefore only p plays a role: when p is positive 

(i.e., when investment pass-through to consumers exists), an NCA ban will harm consumers 

by reducing investment without increasing market competition. 20 

Moving now to changes in the boundaries between the boxes, consider first the thresholds 

cs(O) and cs(l). Recall that these thresholds are the critical values of the spinoff marginal 

cost which govern the spinoff decision of the worker, depending on the investment decision 

of the firm. These thresholds are determined by the joint profitability of the incumbent 

and spinoff firms, versus the incumbent firm remaining a monopolist: cs(I) is given by 

ITs(cs(I), 0) + ITi,D(cs(I), 0) = ITM(I, p). Therefore, as the duopoly structure gains market 

power, Ils(cs(I), 0) + ITi,D(cs(I), 0) increases, meaning that the value of cs which makes the 

two sides equal is now larger. Put simply, greater market power in the duopoly allows for 

more spinoffs so that dc~~I) > 0 for I = 0, 1. 

The value of p does not play a role in determination of cs(O), smce investment does 

not play a role. However, p does play a role when considering cs(l), which is defined by 

Ils(cs(l), 0) + IIi,D(cs(l), 0) = IIM(l, p). In this case, as the investment pass-through to 

consumers increases, IIM(l, p) decreases, meaning that the value of Cs which makes the two 

sides equal is now smaller. In other words, for large p, investment benefits pass-through in 

large part to consumers meaning that producers benefit less from investment. Therefore, the 

difference between IIM(l, p) and IIM(O, p) is smaller so that a large p results in a lower cs(l) 

that approaches cs ( 0). 

To summarize, increased competition within the duopoly ( through a reduction in market 

20Given that a ban on NCAs harms consumers for equilibria in [5], it is worth noting that we implicitly 
assume that Ci ?: cs(l). In this case, if the spinoff also has no chance of being more efficient than the 
incumbent ( so that every Cs draw is greater than Ci and Cs ( 1)), then only the outcomes in [2] and [5] 
occur so that a ban on NCAs is always detrimental to consumers. Altogether, this implies that NCAs that 
foreclose inefficient spinoffs are always beneficial to consumers as they prevent the investment holdup and 
allow investment benefits to pass-through to consumers. 

17 

Electronic copy available at: https://ssrn.com/abstract=3975864 

FTC_AR_00001343 



power captured by 0) lowers both c8 (0) and c8 (l). More competitive duopoly structures 

therefore decrease the attractiveness of an NCA ban from a consumer welfare perspective by 

increasing the mass that will be on [5], which is where the unambiguous benefits of NC As 

accrue. Factors that drive larger investment pass-through to consumers will decrease c8 (l), 

but do not change c8 (0): therefore, when investment pass-through to consumers is larger, an 

NCA ban is less attractive as the mass on [5] increases. 

Finally, we consider ,;,,_ The value ,;,, represents the critical value of "", the cost of in­

vestment, at which the owner/worker pair is indifferent between using an NCA and not. 

This determination is made by considering all the effects of investing: a monopoly with 

reduced costs and a diminished probability of a spinoff (see Equation (5)). Both investment 

pass-through to consumers and market power play a role in this determination. First, they 

impact the thresholds c8 (0) and c8 (l), as described above, which factor into ,;,,_ They also 

impact the magnitudes of profit, which determine whether the firm wishes to use an NCA 

or not. Ultimately, the impact of increased duopoly competition and increased investment 

pass-through is ambiguous. However, from a policy perspective, it is less important to pin 

down the exact nature of the impact on j:,,: while ,;,, influences whether or not a firm uses an 

NCA, it does not impact whether it is harmful or beneficial. In other words, consider two 

states of the world with identical values of j:,,: one in which""< ,;,, (and therefore the firm uses 

an NCA) and one in which"">,;,, (and therefore the firm does not). If the firm in the latter 

state of the world accidentally used an NCA, it would be equally beneficial or harmful to 

consumers as the firm's NCA in the state of the world where the profit-maximizing decision 

was not to use an NCA. 

Corollary 1. In summary, we formally have the following results: 

1. Greater duopoly competition (conditional on the spinoff occurring) implies that monopoly 

outcomes - with and without investment - are more likely to occur in equilibrium: 

dc~~I) > 0 for I = 0, 1. 
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2. Greater investment pass-through to consumers does not impact the spino.ff decision 

without investment (i.e., dc~~o) = 0). However, greater investment pass-through to con­

sumers causes spinoff decisions with investment to approach spinoff decisions without 

investment (i.e., dc~~l) > 0 and c8 (l) = c8 (0) when p = 1). Graphically, asp increases, 

{3} expands while (4) contracts in Figure 2, and when p = 1, (4) disappears so that {3} 

and (5) mirror {1} and {2} in Figure 2. 

3. Greater competition between the incumbent and the spinoff or greater investment pass­

through to consumers have ambiguous effects on NGA usage: p and 0 have ambiguous 

effects on ,:,,_ 

Taken all together, under what circumstances should policymakers expect that a ban on 

NCAs would be most likely to benefit consumers? When duopoly markets generate relatively 

low prices (competition is fierce), consumers are helped more by a ban on NCAs because the 

duopoly is so beneficial; however, firms are more likely to retain their monopoly structure 

since the resulting duopoly would be less profitable for them. On the other hand, when 

investment pass-through is high, consumers are hurt more by a ban on NCAs because highly 

beneficial investments will never occur; nevertheless, consumers are helped more by a ban 

on NCAs because spinoffs are relatively more likely to occur. 

While the circumstances of any given industry, occupation, or slice of the labor market 

are important to consider, it is likely that the first-order impacts (i.e., that Bertrand-style 

duopolies cause an NCA ban to benefit consumers more than in a Cournot-style duopoly, 

and that high investment pass-through causes an NCA ban to hurt consumers more than 

low investment pass-through) dominate the second-order impacts. If this is indeed the case, 

when considering an NCA ban, policymakers should weight more highly slices of the economy 

where increased competition is likely to have a large impact on prices and where investment 

pass-through to consumers is relatively low. 
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5.2 The Benefit of Investment 

The benefits or harms of banning NC As are also affected by the relative payoff of investment. 

In our baseline model, we operationalize investment by assuming that the monopoly firm's 

profit (not necessarily net of the cost of investment itself) increases after it invests in the 

worker. In Section 5.1, we further assume that some percentage of the investment benefit, 

p, passes through to the consumer. We now introduce a parameter, l > 0, which represents 

the magnitude of the surplus benefit from investment so that IIM(I, p) from 5.1 becomes 

ITM(I,p,l), where l captures the surplus generated in the market from investment (either 

through a cost reduction or an increase in demand). We accordingly assume that dITME'P,l) > 

0, and we now have that IIM(0, p, l), ITM(I, 1, l), and IIM(I, p, 0) all capture the case where 

the incumbent earns no benefit from investment. 

Ignoring for the time being the impacts of l on ,;,, and Cs (I), the first order impact of an 

increase in l on consumers occurs either through a price reduction (from investment reducing 

costs) or through an increase in price and consumer surplus due to an increase in demand. 

Thus, while the price effect is ambiguous ( depending on the type of investment), consumers 

clearly benefit from investments that generate greater surplus. At the same time, the prices 

PM(0) and PD are unaffected. 

The size of l is also going to impact the size of each of the boxes in Figure 2. First 

consider the values of cs(0) and cs(l) which generate the vertical lines that divide [3] from 

[4], and [1] and [4] from [2] and [5]. Extending the expression to include l, Cs (I) is defined 

by IIi,D(cs(I)) + Ils(cs(I)) = IIM(I, p, l). Given that no investment occurs when I = 0, 

we clearly have that cs(0) is unaffected by l. However, the value of cs(l) is affected by 

changes in l. Since joint profits of the duopoly are decreasing in Cs, it must be the case that 

dc~:
1

) < 0. Again, this is intuitive: as the value of investment increases, spinoffs are less 

likely to occur, as the monopoly is more profitable and it is more difficult for the pair to find 

an acceptable buyout payment which makes both parties better off. Hence, under an NCA 

(and only under an NCA), greater l implies that a monopoly occurs under a larger mass of 
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Cs draws (increasing the size of [4] and decreasing the size of [3]). 

Corollary 2. In summary, we formally have the following results: 

1. A larger surplus from investment increases consumers surplus ( either through a price 

reduction or through an increase in demand): d f:,S > 0. 

2. Greater surplus from investment does not impact the spino.ff decision without invest­

ment (i.e., dc~~o) = 0). However1 greater surplus from investment causes spinoff de­

cisions with investment to shrink (i.e., dc~~l) < 0). Graphically, as l increases, (4) 

expands while {3} contracts in Figure 2. 

Lastly, consider,;,, which generates the horizontal line that divides [1] and [2] from [3]-[5]. 

In this case we obtain the following result: 

Proposition 2. Greater benefi,ts from investment result in greater NGA use: (i.e., 17 ~ 0). 

How do these relationships inform NCA policy? Based solely on the first order effect of 

l on consumer welfare when NCAs are allowed, a ban becomes more harmful as l increases 

(since the ban prevents investment which generates added consumer benefit with higher l). 

While there are impacts on the thresholds to consider, when l is low, a ban is (weakly) 

beneficial to consumers (with certainty when l = 0). As l increases, a ban becomes less 

beneficial as PM(l) decreases or quality increases. 

The effects on thresholds are more nuanced. Counterintuitively, and in contrast with 

historical arguments about NCAs and the hold-up problem, it is possible that larger benefits 

from investment may actually harm consumers. For example, when investment pass-through 

to consumers is low, the increase in monopoly prevalence due to greater investment benefit 

may hurt consumers more (by encouraging monopoly markets) than they help ( due to low 

pass-through of investment). More formally, consider p = 0 with marginal cost reducing 

investment. In this case, PM(O) = PM(l), since none of the benefit from investment passes 

through to consumers and therefore dpM(o)-PM(l) = 0. However, consumers are still harmed 
' dl 
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by the increase in the probability that a monopoly will occur so that the expected price 

increases in the size of the investment. 21 For small values of p, this relationship still holds, 

since dpM(o~?M(l) will be small, while harm due to monopoly may still be quite large, though 

at some point the relationship may flip such that increased investment benefits consumers 

for sufficiently high levels of investment pass-through to consumers. 

Formally, Corollary 3 summarizes this result. For simplicity in this Corollary, we assume 

that investment benefits pass through to prices (as opposed to product quality), such that 

monopoly price may be written as a function of p and l, i.e., PM(P, l). 

d(l pNCA) ( l)+pNCA Corollary 3. There exists j5 > 0 such that - P~/' Pv > 0 if and only if p < j5: 

increases in the benefits from investment cause consumers to pay higher expected prices when 

investment pass-through to consumers is sufficiently low. 

A similar result is that changes in l affect ,:,, (see Proposition 2). Therefore, there is an 

analogous "extensive margin" result with the benefit from investment: when l increases, 

use of NCAs increases due to an increase in ,:,,_ Whenever the additional harms caused by 

increased use of NC As outweigh the benefits obtained by consumers ( due to low pass-through, 

for example), the increase in l will further harm consumers. 

These counterintuitive results are especially important because industries with low in­

vestment pass-through to consumers and high benefit of investment are exactly those where 

protection of investments with NCAs is most important, since firms reap substantial ben­

efit from being able to invest. In other words, while a high rate of NCA use is not proof 

positive, it is evidence that is consistent with consumer harm due to NCAs: if investment 

pass-through were high (which would be most beneficial to consumers), then firms would 

have less incentive to use NCAs, as they would reap less of their benefit. 

21 Formally, using notation from the proofs of Propositions 1 and 2, we have that 
d(l-PNCA)PM(l)+PNCAPD . pNCA 

di > 0 smce ------;r;:- < O. 
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5.3 Analysis of an NCA Ban 

Graphically, an NCA ban means that the investment decisions in cells [3]-[5] in Figure 

2 change to the respective investment decisions in cells [1] and [2]: in all of cells [3]-[5], 

NGA= I= 0 when NCAs are banned (Lemma 1). Additionally, the market in cell [4] will 

be a duopoly: since investment does not occur even for r,, < ,:,, when NCAs are banned, the 

benefits of investment do not drive the market structure to remain a monopoly. 

Consider an extension of the model: at time t = 0, the policymaker chooses policy 

(whether or not to ban NCAs). Then, after observing the policymakers decision, a represen­

tative firm and worker decide whether or not to use an NCA. Time t = 1 is the first period 

of the firm's existence and production, during which a cost-saving investment may be made. 

At time t = 2, the worker decides whether or not to spin off. Finally, let time t = 3 be a 

second period of production where the worker may have spun off to form a new firm. 

While there may be further concerns for a policymaker, we consider a policymaker focused 

solely on price: what is the expected change in price due to allowing NCAs versus not? 

Simplifying, let pNCA be the probability of a spinoff with an NCA (i.e., Pr(cs < cs(l)), 

and let pFree be the probability of a spinoff when the worker does not have an NCA (i.e., 

Pr ( Cs < Cs ( 0))). 22 Let !:10 • !Ebe the change in price due to market power23 and p!:1C be 

the change in price due to increased investment (incentivized by NC As )24
. Here, !:10 • !E 

is interpreted as the difference in price between a monopoly and duopoly market structure, 

holding fixed any reductions in cost due to investment. Similarly, p!:1C is interpreted as the 

difference in price for a monopolist, with and without the investment having been made. 

Finally, let I be the probability that the representative firm signs an NCA (supposing, 

22 At the extreme, if spinoffs never occur (because c5 (l) > ci, for example), NCAs are clearly beneficial 
and a ban would harm consumers. This is because there is no market power benefit to banning NCAs, 
but a ban would eliminate beneficial investment. As the probability of a spinoff increases ( e.g., because the 
distribution of Cs shifts downwards), the benefits of an NCA ban decrease, since the negative effects of NCAs 
with respect to market power increase. 

23Under the conduct parameter approach, equilibrium prices are given by P = C + 0 !E so that a change 

in market power by ~0 (holding costs fixed) results in a price change of ~0 • !E. 
24We use p as pass-through akin to our explanation of investment benefits in Section 5.1 
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for example, that exogenous parameters may be randomly drawn prior to t = 1, driving 

differences in r,,). 

The expected price in the market when NCAs are allowed is therefore given by 

where P represents the price that would prevail in the monopoly market with no cost savings. 

The expected price in the market when NCAs are not allowed is given by 

p + PFree (-~0. ~f). 

The expected price difference is therefore 

and the policymaker optimally bans NCAs (based solely on the price criterion) whenever 

(PFree _ pNCA)~0. _!__ > (1 _ pNCA)p~C. (1) 
-f 

6 Analogies with Antitrust 

In this section, we provide two analogies to antitrust theory and practice in order to guide 

policymakers. The link between NCAs and consumers has not been deeply explored in 

policy spaces. Therefore, we intend for this section to allow policymakers to leverage their 

familiarity with two more deeply explored practices to better understand the mechanisms by 

which NCAs affect consumers. The analogies are not meant to be perfect facsimilies of the 

NCA mechanisms described above: rather, they are meant to be demonstrative of important 

pieces of the puzzle, especially with respect to how those pieces have been treated by policy 
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in the past. We reiterate that NCAs may have many effects, including effects on workers, 

firms, and entrepreneurs, and the analogies presented here are only intended to consider the 

impacts on consumers, in line with the rest of the paper. We therefore do not claim that 

the analogies presented here contain a full view of the many aspects of the economy which 

may be considered by policymakers, all of which may be part of their decisions. 

6.1 Merger Analysis 

The first analogy is to merger analysis. In the past several years, one of the primary goals of 

merger analysis has been to quantify the tradeoff between harms and benefits to consumers, 

often in the form of price effects. In a horizontal merger ( the merger of two firms selling 

substitutable goods or services), harms to consumers are typically due to increased market 

power in the market in which they participate. Benefits to consumers which have histori­

cally been used to justify otherwise anticompetitive mergers are often due to variable cost 

efficiencies, which are synergies from the merger that decrease variable costs and therefore 

may theoretically decrease equilibrium prices. 

Merger analysis typically occurs on a case-by-case basis, whereas the conversation sur­

rounding NCAs has been focused more on whether NCAs should be allowed for broader 

swathes of the workforce ( e.g., if NCAs should be banned for all workers, for low-wage work­

ers, allowed for all workers, etc.). To put the two analyses on equal footing, we consider a 

hypothetical choice facing a policymaker: should all mergers passing a given bright line test 

be banned? For example, one could imagine a ban on all mergers for retailers selling at least 

one overlapping product. 

Consider a simple model of mergers, comparable to the simplified model of NCAs intro­

duced in Section 5.3. Let t = 0 be a baseline period in which policy is made (i.e., whether 

mergers are banned). Lett= 1 be the first period of two representative companies' existence 

and production, let t = 2 be the point in time at which the companies decide whether or 

not to merge, and let t = 3 be another period of production during which the companies 

25 

Electronic copy available at: https://ssrn.com/abstract=3975864 

FTC_AR_00001351 



may have merged. Abstracting away from case-by-case antitrust decisions, policymakers at 

t = 0 ask: is the expected value of harm to consumers that is generated by allowing the 

representative firms to merge greater than the expected value of the benefit? 

More specifically, at t = 3, if the companies merged, consumers will be harmed by market 

power pass-through (we label the increase in price due to the increase in market power by 

!:10 · !:E, where !:E denotes the price markup term, as in Section 5.3), and will benefit due to 

cost efficiency pass-through (we label the decrease in price due to cost efficiency pass-through 

asp· f1C, as in Section 5.3), where these effects are measured relative to a counterfactual 

world in which the two companies did not merge. The companies may or may not merge, even 

when allowed, so we allow the merger to happen with probability P (which may represent, 

for example, the probability that the merged firm will be more profitable than the unmerged 

firms). 

Though there are other possible objectives, at t = 0, the policymaker may therefore be 

interested in E ( !:1P), where !:1P is the difference in price between a world at t = 3 in which 

mergers are allowed versus a world where they are not. Since the merger itself generates 

both the benefit and the harm, the expected price difference is therefore given by: 

The policymaker may therefore opt to ban mergers whenever E(!:1P) > 0, i.e., when 

p 
!:10 · - > p!:1C. 

-f 
(2) 

While the values of the parameters may vary based on the context (mergers or NCAs), 

and while Inequalities 2 and 1 are not identical, there are four main components common 

across the two inequalities that would simultaneously cause a ban on mergers or on NCAs 

to help consumers by a greater amount: (i) a high !:10 (e.g., if the industry is highly con­

centrated, then a spinoff or merger will result in a large !:10), (ii) a large markup term 
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( associated with highly profitable industries and ones with inelastic demand), (iii) a small 

p ( which may occur when demand is inelastic or when industry concentration is low), and 

(iv) a low !:1C (which is likely the case in mature industries with low concentration and lim­

ited opportunities for innovation). 25 Altogether, the main takeaway is that industries with 

already high concentration levels, inelastic demand, and few opportunities for investments 

to pass-through to consumers are the industries in which a ban on NCAs would have the 

greatest positive impact. 

We raise two additional nuances related to this analysis, which help distinguish between 

merger analysis and NCA analysis. First, while a merger from duopoly to monopoly requires 

two specific companies to agree to terms on a merger (which we represent with probability 

P above), the market power price effects due to a spinoff may potentially come from one 

of many workers at a given firm. In other words, pFree and pNCA qualitatively represent 

not the probabilities that a given worker will form a spinoff (without or with an NCA, 

respectively), but the probabilities that any worker at the firm will form a spinoff. For a 

monopolist whose market power is generated by industry-specific knowledge, many workers 

may be privy to the information necessary to build a startup, making the value of pFree 

possibly quite large. 26 Additionally, while Inequalities 2 and 1 indicate whether it is likely 

that mergers and NCA cause harm, the size of the expected harm (given that it exists) is 

outside the purview of those inequalities. By the argument above ( that many workers in 

any given industry are prohibited from increasing competition due to an NCA, whereas, 

for example, a ban on mergers to monopoly would impact two specific firms in any given 

industry), it is possible that the harms associated with NCAs, in the case that they are 

indeed harmful, could be substantially larger, especially since an NCA may act as a merger 

between several entities (if multiple workers are capable of forming spinoffs), while a merger 

25From Weyland Fabinger (2013) we have that p = c + 0 !_E so that p = !~ = 
1

_
1
_, which implies that 

dp O d dp 0 
d0 > an d(-E) < · 

26Here, we are concerned with the probability that greater than or equal to one employee spins off (i.e., 
the probability that the market is no longer a monopoly). A further consideration is whether additional 
firms may be added to the market beyond the second. 
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proposal typical involves only two firms. In this regard, the !:10 for NC As (in Inequality 1) 

might be substantially larger than !:10 for mergers (in Inequality 2), especially for firms with 

large labor forces. 

Second, for both merger analysis and NCA analysis, there are harms and benefits that 

may not be captured in this simple example. While much of merger analysis has focused 

on consumer prices, there is a literature showing harms to workers from increased levels of 

employer power in the labor market (Azar et al., 2020; Rinz, 2020; Prager and Schmitt, 2021). 

Similarly, the literature has found that NCAs may cause harms to workers (Lipsitz and Starr, 

2021; Balasubramanian et al., 2020; Johnson et al., 2021) by impeding their mobility and 

therefore their bargaining power. If a policymaker considers the welfare of workers in their 

objective function, Inequalities 2 and 1 must include terms on the left hand side that account 

for harms to workers, as well. 

6.2 Reverse Payment Patent Settlements (Pay for Delay) 

Merger analysis considers a market whose firm count moves from some n to n-1. Temporally, 

a more apt antitrust analogy for NCAs is the practice of reverse payment patent settlements, 

colloquially known as "pay-for-delay" (hereafter abbreviated as P4D). In a P4D case, an 

alleged or potential patent infringer receives a payment from the patent holder in return for 

staying out of the market ( often a pharmaceutical market) for a specified period of time. 

Consider the landmark Supreme Court case, FTC v. Actavis, Inc., as an example. In that 

case, Solvay Pharmaceuticals held a patent on a low-testosterone treatment called Androgel. 

Actavis, a generic drug manufacturer, created a generic version of Androgel and sought to 

bring it to market. Solvay ultimately entered into a P4D agreement with Actavis, under the 

terms of which Actavis would delay bringing their drug to market, in return for receiving 

compensation from Solvay. 

The intellectual history of P4D is worth reviewing, insofar as it relates to the analogy to 

NCAs. Generally speaking, settlements of disputes which might otherwise require a court 
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hearing may be economically efficient: settlements can reduce litigation costs and alleviate 

court clogging (see, e.g., Bebchuk (1984)). However, in the case of P4D, the literature went 

on to point out several anticompetitive effects which may exceed the efficiency typically 

associated with settlement. For example, Shapiro (2003) points out that P4D agreements 

often act to preserve monopoly profits by allowing a monopolist and a potential entrant to 

collude by splitting monopoly profits, rather than sharing (lesser) duopoly profits. This the­

ory informed the Actavis decision: the court ruled that outsize P4D payments are indicators 

that the agreement is based on avoiding competition (Edlin et al., 2015). 

Some recent economic research calls into question the view that P4D agreements are 

necessarily anticompetitive on net. Consider Dickey and Rubinfeld (2012) who note that 

the possibility of a future P4D agreement may incentivize generic manufacturers to innovate 

more, possibly causing an increase in innovation. When P4D is not allowed, generic man­

ufacturers may choose to take a gamble: they can innovate potentially infringing generic 

drugs, understanding that they may be able to bring the drug to market, or they may leave 

empty handed (if the courts determine that the generic clearly infringes the patent). P4D 

agreements improve the upside of this gamble. A patent holder may wish to avoid costly 

litigation or an uncertain outcome and offer a P4D agreement, which increases the payoff to 

a generic producer. 

NCAs have similarities to and differences from P4D agreements. An NCA is also an 

agreement which is intended to keep a potential competitor from entering the market. In 

contrast to mergers, the timing of an NCA bears a resemblance to P4D agreements: an 

incumbent monopolist is attempting to prevent a future duopoly. However, NCAs differ 

from P4D agreements in two important ways. First, NCAs are not intended to avoid costly 

litigations (in fact, NCAs likely cause more litigation than they prevent, since NCAs are 

sometimes disputed27 ). Second, NCAs are not subject to the argument leveled by Dickey 

and Rubinfeld (2012). In P4D agreements, the risky and costly investment is made prior 

27 See https: / /faircompeti tionlaw .com/2021/01 /02 / new-trade-secret-and-noncompete-case-growth-graph­
updated-january-2-2021 
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to receiving payment for the P4D agreement. With NCAs, especially those signed at the 

conception of an employment relationship or promotion, the payment ( a pay increase in 

exchange for signing an NCA, assuming it is made) is made prior to the worker having an 

ability to engage in investment in themselves and a potential future spinoff, which is the 

parallel to generic drug development. Therefore, due to the timing of payment, there is no 

parallel argument to be made that NCAs can encourage competition by incentivizing workers 

to invest in potential future spinoffs. 

In relation to NC As, the piece of the P4D literature which remains is that P4D agreements 

represent an anticompetitive means for a patent holder to collude with a potential entrant, 

decreasing competition in the market and harming consumers. This argument, as modeled in 

the rest of this paper, also applies to NC As. However, NCAs also differ from P4D agreements 

in one way which suggests that consumers may benefit: in particular, P4D agreements do 

not encourage patent holders to invest resources in potential entrants, whereas NCAs may. 

The test based on FTC v. Actavis is often called the Actavis Inference (in which P4D 

agreements are likely to be anticompetitive when an outsize payment is made). The Actavis 

Inference does allow for some insight into a possible test regarding NCAs, though such a 

test may be difficult to implement. Using an analogy to the Actavis Inference, policymakers 

could institute policy which regards NCAs as presumptively illegal when a large payment is 

made for the NCA. In this case, "large" would be assessed relative to the potential benefits 

to productivity stemming from the NCA: if the productivity benefits of an NCA ( due to 

increased training provided by the firm) are equal to X, then payments substantially larger 

than X would likely reflect the value of lost competition. Note that the productivity benefits 

must be assessed net of lost investment on the part of the worker, which is disincentivized 

by an NCA, though it is not explicitly modeled in this paper. 

This test may be difficult to implement for two reasons, though. First, the productivity 

benefits of an NCA may be difficult to measure, which means that determining whether a 

payment is large is also difficult. Second, workers who sign NCAs are often uncompensated 
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for them (possibly due to informational asymmetries or possibly because they are asked to 

sign NCAs after their bargaining power has declined - i.e., after they have turned down 

alternative employment offers). This means that using a test of whether a payment to 

workers is large is likely to return a large number of false negatives, since NCAs which lead 

to consumer harm may not be accompanied by large payments to the worker. 

These caveats suggest a tradeoff with respect to evaluation of NCAs. When payments for 

NCAs are small or nonexistent, workers may not be receiving compensation in line with NCA 

law (which in many jurisdictions requires that workers receive adequate "consideration", or 

compensation, for their NCA). When payments for NCAs are large, they may indicate that 

the NCA is anticompetitive. Of course, there may be large payments made for NCAs which 

are solely or primarily due to possible benefits associated with NCA use (in other words, if 

there is no anticompetitive effect from an NCA, a large payment could represent the owner 

and worker sharing the rents from solving the investment hold-up problem). Additionally, 

a rule presuming that large payments indicate anticompetitive activity would create the 

perverse incentive for firms to underpay their workers for signing an NCA. 

One final implication of the analogy to P4D bears noting. The literature on NCAs has 

pointed out several harms to workers in the form of decreased earnings. There are notable 

exceptions, though, one of which is CEOs (Kini et al., 2020), who have been shown to 

receive increased pay when they sign NCAs, or when NCAs are more enforceable. However, 

CEOs are workers that are highly likely to have advanced knowledge of contracting and 

labor practices, and may even consult attorneys before signing NCAs. They are therefore 

highly likely to receive compensation which is appropriately negotiated, and likely reflects a 

mutually agreeable arrangement. 

With the framework we have developed in this paper, and the analogy to P4D, we may 

shed light not on the question of whether CEOs and firms benefit from using NCAs, but 

whether consumers may be harmed by such NCAs. Since payments to CEOs are likely to 

be more reflective of the true benefits to the worker and the firm (versus, for example, a 

31 

Electronic copy available at: https://ssrn.com/abstract=3975864 

FTC_AR_00001357 



low-wage worker who is unable to hire counsel to consult on their labor contract), outsize 

payments are much more likely to be present and therefore to reveal an anticompetitive 

NCA. Of course, the size of the payment must still be weighed against the value of training 

(and whatever allocation of that value would likely be made to the CEO). But, evidence 

that CEOs are highly compensated for signing NCAs may in fact be evidence that those 

NCAs are most likely to be indicative of arrangements which, similar to P4D, are intended 

to collude over monopoly profits. 

7 Conclusion 

Employee spinoffs are a primary means by which concentrated industries become more com­

petitive. NCAs may prevent employee spinoffs, simultaneously creating value for firms by en­

couraging investment (by solving holdup problems) and lessening future competition. While 

increased levels of investment may benefit consumers, decreased levels of competition do not. 

To assess this tradeoff, we posit a model that demonstrates the extent to which each of these 

two factors impact consumers. 

Policymakers who are interested in the role that NCAs play in the economy may consider 

a variety of affected individuals, including low- and high-wage workers, entrepreneurs, and 

established firm owners. We add to this conversation by discussing the role that NCAs may 

have on consumers, specifically with respect to competition. In other words, the economic 

and policy debate over NCAs has largely focused on the apparent trade off between the solu­

tion of the hold-up problem (which favors NCA use) and harms to workers (which disfavors 

NCA use). As we show in this paper, while consumers may benefit from the solution to the 

hold up problem, the third element which should be considered in this conversation is the 

competitive harm which arises from NCA use. Holistically, NCAs may act as a way for firm 

owners and workers to collude by maintaining a monopoly market ( using costly investment 

as a commitment device) to the detriment of consumers. Furthermore, as has been high-
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lighted in the literature, workers may be unable to properly negotiate over compensation 

for an NCA. If this is the case, the sole beneficiaries of NCA use may be firm owners, while 

workers and consumers may suffer. 

We show that consumers in industries with high levels of potential competition, and 

industries with low levels of investment pass-through are those that would likely benefit 

from an NCA ban. Increased benefits from investment increase NCA use, and may increase 

consumer welfare, but may counterintuitively decrease consumer welfare when investment 

pass-through is relatively low. We also compare NCA policy to merger policy and law gov­

erning pay-for-delay agreements. Both analogies reveal that NCAs may present puzzles akin 

to those studied in the antitrust literature: for example, the existence of outsize payments 

made to CEOs for signing NCAs may reveal that those NCAs are used for anticompetitive 

reasons. 
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A Empirical Appendix 

In this Appendix, we describe the steps taken to perform the analyses reported in Section 2. 

We begin with the CBP county-level data. We flag industries, using US Census Bureau 

concordances, 28 which had nonconstant NAICS codes over the relevant period, and omit 

these industries to avoid data abnormalities associated with changing NAICS codes. 29 We 

omit data prior to 1998 for this same reason: NAICS was first used in 1998, and prior to 

that year, SIC codes were used, which grouped industries somewhat differently. 

Next, we impute employment per establishment in each size bin as the midpoint of the 

range given by the bin: e.g., 2.5 employees per establishment when the bin indicates between 

1 and 4 employees, 7 employees per establishment when the flag indicates between 5 and 9 

employees, and so on. For the bin indicating more than 5000 employees, we impute 6000 

employees. We additionally impute total employment in the industry by county cell, instead 

of relying on reported employment or the employment flags provided in the data: this is 

done to avoid instances in which HHI is calculated to be greater than 10,000 (the theoretical 

maximum), often greatly so. Such an issue would arise if, for example, there was just one 

firm with 5 employees. The data would report one firm in the 5-9 employee size range, and we 

would impute a size of 7 employees for it. Its share would then be calculated as 100*7 /5=140, 

and HHI would be calculated as 19,600. If, instead, the total employment in the county­

industry cell were calculated as the sum of imputed employment (here, 7 employees total), 

the HHI would (correctly) be calculated as 10,000. 

We further omit industry-county cells which had a calculated HHI of zero at some point 

during the time period: an HHI of zero represents a nonexistent industry. We would not 

want to conflate, for example, the advent of a new industry in a given county with an increase 

in concentration, which would occur if we observed a positive change after an HHI of zero. 

Furthermore, several of the industry-county-year observations with HHis of zero appear to 

28 Available athttps://www.census.gov/naics/?68967. 
29Note that harmonizing NAICS codes across time and performing the analysis using those harmonized 

NAICS codes yields noisier, but qualitatively similar, results. 
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be misreported data (perhaps due to changing industrial classification). Finally, we omit 

industry-county observations which experience HHI changes greater than 6000 in a one-year 

period. The imputation procedure outlined above, combined with issues similar to but not 

identical to the zero-HHI issue, cause infrequent but enormous HHI changes year over year, 

which likely do not reflect true competitive conditions. Note that if we remove both of these 

sample restrictions, we find qualitatively similar results, but with some strange patterns 

attributable to artifacts of the cleaning and imputation procedures. 

We run the distributed lag model outlined in Schmidheiny and Siegloch (2019) by calcu­

lating annual changes in HHis in county by industry cells, and changes in NCA enforceability 

in state cells. We identify five leads and five lags of the corresponding event study coeffi­

cients, and report the coefficients which do not correspond to binned endpoints. We use 

Census division by year by industry fixed effects to alleviate concerns that treatment effects 

simply represent varying industrial trends, varying regional trends, or even varying indus­

trial trends within specific regions. We weight the regressions by imputed employment in 

the industry-county-year cell and cluster standard errors by state, the level of the treatment. 

B Appendix of Proofs 

Proof of Lemma 1: Using backward induction, we first consider the decision to spin 

off given the values of NC A, I, and cs. Due to free renegotiation, the pair will select 

a renegotiation transfer payment and opt for a spin-off whenever it is pairwise efficient: 

Ils(cs) + rri,D(cs) > rri,M(I). From Assumption ld, we have that cs(I) defines the cutoff 

value for Cs such that Ils(cs) + rri,D(cs) = rri,M(I). This implies that for any Cs < cs(I) we 

have that Ils(cs) + IIi,D(cs) > IIi,M(I). Moving backwards, the owner will opt for I = 1 

whenever investment nets a greater payoff than no investment. 
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Thus, if NGA= 1 and Cs is unrealized, then the owner invests whenever 

P(cs < Cs(l))E[IIi,D(cs) + BOies < Cs(l)] + (1- P(cs < Cs(l)))E[IIi,M(l)lcs > Cs(l)] - K, 

> P(cs < Cs(0))E[IIi,D(cs) + BOies < Cs(0)] + (1- P(cs < Cs(0)))E[IIi,M(0)lcs > Cs(0)]. 

Instead, if NGA= 0 and Cs is unrealized, then the owner invests whenever 

P(cs < Cs(l))E[IIi,D(cs)lcs < Cs(l)] + (1- P(cs < Cs(l)))E[IIi,M(l) + BIies > Cs(l)] - K, 

> P(cs < Cs(0))E[IIi,D(cs)lcs < Cs(0)] + (1- P(cs < Cs(0)))E[IIi,M(0) + BIies > Cs(0)], 

Since the worker makes a take-it-or-leave-it offer to the owner if she wishes to spin off (if 

she has an NCA), or if she wishes to remain employed by the owner (if she does not have an 

NCA), the worker will capture all profit above and beyond what the owner would achieve 

with the other action. So, if the worker has an NCA and wishes to spin off, she will offer the 

owner exactly the difference in profit that the owner would receive if the worker remained 

employed (i.e., BO = IIi,M(I) - IIi,D(cs)). And, if the worker does not have an NCA and 

wishes to remain employed, she will appropriate all of the profits above and beyond what the 

owner could receive in a duopoly (i.e., BI= -IIi,M(I) + IIi,D(cs)). Taking this into account, 

the inequalities above reduce to 

E[IIi,M(l)] - r,, > E[IIi,M(0)] for NGA= 1, 

This implies that if NGA= 1, then I= 1 if and only if IIi,M(l)-IIi,M(0) > r,, (since IIi,M(I) 

is independent of the r.v. cs), and if NGA= 0, then I= 0 for all r,, > 0. D 

Proof of Proposition 1: Starting with the case where r,, > IIi,M(l) - IIi,M(0), by Lemma 

1 we have that investment does not occur (I = 0). Given frictionless renegotiations, if 
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NGA= 1, the worker will propose a payment BO= IIi,M(0) - IIi,D(cs)- If NGA= 0, the 

worker will propose a payment which guarantees the owner a profit of IIi,D(cs)- If the worker 

remains employed by the owner, profit of IIi,M(0) will accrue to the owner, meaning that 

BI = IIi,D (Cs) - IIi,M (I). Moving back to the contracting stage prior to the draw of Cs, we 

have that the owner will decide between a contract with an NCA, { w1, 1 }, and one without, 

{ w0, 0}, by comparing: 

pNCA • E[IIi,D(cs) + BOies < Cs(l)] + (1 - pNCA)rri,M(l) - w1, (3) 

pFree • E[Ili,D(cs)lcs < Cs(0)] + (1- pFree)E[ITi,M(0) + BIies > Cs(0)] - w0, (4) 

where pNCA = Pr(cs < cs(l) denotes the probability of a spinoff with an NCA and pFree = 

Pr(cs < cs(0)) denotes the probability of a spinoff when the worker does not have an NCA. 

Note that pNCA = P(cs < cs(l)) < P(cs < cs(0)) = pFree since cs(l) < cs(0).30 

To determine wages, note that the worker's IR constraints are given by: 

w 1 + pNCApNCA · E[ITs(cs) - BOies < Cs(l)] ~ 0, 

w0 + pFree • E[IIs(cs)lcs < Cs(0)] + (1 - pFree)E[-BJlcs > Cs(0)] ~ 0, 

A 1 A 0 
Solving for the w 1 and w0 that make Inequalities I RE and I RE hold with equality, and 

plugging into Expressions 3 and 4 generates identical expressions for the owner's expected 

utility, regardless of contract. In fact, in either case, the owner captures all of the expected 

utility associated with the pairwise efficient market structure: 

A 1 A 0 
Furthermore, given that w1 and w0 are such that Inequalities I RE and I RE hold with 

equality, the worker is also indifferent between the two contracts. 

30 Recall that cs(I) solves Ili,D(cs) + Ils(cs) = Ili,M(J) so that cs(l) < cs(O) since Ili,M(l) > Ili,M(O). 
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For the more interesting case where r,, :S IIi,M(l) - IIi,M(0), note that Lemma 1 implies 

that investment occurs if and only if NGA= 1. Moving back to the contracting stage prior 

to the draw of cs, we have that the pair will agree to a contract that includes an NCA 

whenever the joint payoff with an NCA/investment is greater than the joint payoff without 

an NCA/investment: 

pNCA·E[IIi,D(cs) + Ils(cs)lcs < Cs(l)] + (1- pNCA)rri,M(l) - r,, 

> pFree • E[IIi,D(cs) + Ils(cs)lcs < Cs(0)] + (1- pFree)rri,M(0). 

Rewriting and simplifying, the pair will use an NCA whenever 

monopoly benefit from I = l 

(5) 

duopoly benefits for I = 0 

duopoly benefits for I = l 

Given that we are considering the case where r,, :S IIi,M(l) - IIi,M(0), the inequality given 

by Equation (5) holds whenever the right-hand side is less than or equal to zero. Given our 

general characterization, the right-hand side is ambiguous. 31 Note that the right-hand side 

of Equation (5) captures the difference in the expected duopoly benefits across investment. 

This generates a clear interpretation for when Equation (5) fails: if the cost from investment 

r,, and the benefits from the duopoly without investment (relative to those with investment) 

are sufficiently large, then investment does not occur. 

Let ~ be the r,, so that Equation (5) holds with equality. As a technicality, we also 

assume that the inequality in Equation (5) holds when r,, = 0. Otherwise an NCA never 

31 Assumption le and Cs(l) < Cs(O) imply that E[Ili,D(cs)+Ils(cs)lcs < Cs(l)] > E[Ili,D(cs)+Ils(cs)lcs < 
cs(O)] but we also know that Ili,M(l) > Ili,M(O) so the difference in E[Ili,D(cs)+Ils(cs)lcs < cs(l)]-Ili,M(l) 
and E[Ili,D(cs) + Ils(cs)lcs < cs(O)] - Ili,M(O) is ambiguous. 
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occurs in equilibrium and the investment exercise is non-existent. In addition, let ,;,, = 

min{K;, IIi,M(l)-IIi,M(O)}. These results imply that NGA= 1 for all r,, E [O, ,;,,] and NGA= 0 

□ 

Proof of Proposition 2: For notational simplicity, we denote the joint duopoly profit by 

IID(cs) so that IID(cs) := IIi,D(cs) + Ils(cs)- Rewriting the definition of,;,, based on Equation 

(5) gives the following: 

j:,, = IIM(l)-IIM(O) 

+PNCAE[ITD(cs) - IIM(l)lcs < Cs(l)] _ pFreeE[ITD(cs) - IIM(O)lcs < Cs(O)], 

where, as defined in the proof of Proposition 1, pNCA = Pr ( Cs < Cs ( 1) denotes the probability 

of a spinoff with an NCA and pFree = Pr(cs < cs(O)) denotes the probability of a spinoff 

when the worker does not have an NCA. Simplifying implies that 

K, = (1 - pNCA)ITM(l) - (1 - pFree)ITM(O) 

+ pNCAE[ITD(cs)lcs < Cs(l)] - pFreeE[ITD(cs)lcs < Cs(O)], 

implying 

which finally gives 

32Note that [K:, Ili,M(l) - Ili,M(O)] is the empty set if the right-hand side of Equation (5) is negative. 
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dpFree dE[IT (c ) le <c (O)] dIT (0) Note that -- = v s s s = _M_ = 0. Therefore we have that 
~ ~ ~ 

Differentiating; using the Leibniz Rule, we arrive with 

l
cs(l) 

With pNCA = -oo dF(cs), we have that dP:cA = dc~~l). And, by definition of c8 (l), 

IIM(l) = IID(cs(l)). Therefore, the latter two terms cancel, and we are left with: 

Finally, since pNCA E [0, 1] and dITtl) > 0 (by assumption), we have that 17 ~ 0. D 
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Abstract. I contribute to the literature on institutions, gender, and entrepreneurship by 
showing that macrolevel institutional policies that do not explicitly target women nonethe­
less discourage them from leveraging prior professional experience-their own and that of 
others-in founding new ventures. Most ventures fail, but chances of success are greater if 
founders can bring to bear their professional expertise. However, employee non-compete 
agreements enjoin workers from leaving their employer to found a rival business in the 
same industry. Thus, non-competes add legal risk to business risk. To the extent that 
women exhibit greater risk aversion, the threat of litigation from their ex-employer may act 
as a sharper brake on startup activity than for men. Examining all workers who were em­
ployed exclusively within 25 states and the District of Columbia from 1990 to 2014, I find 
that women subject to tighter non-compete policies were less likely to leave their employ­
ers and start rival businesses. Non-competes increase the risk of entrepreneurship by mak­
ing it harder to hire talent with relevant experience, shifting women away from higher 
potential ventures. A review of thousands of filed lawsuits suggests that firms do not target 
women in non-compete cases. Rather, it appears that non-competes disproportionately dis­
courage women from leveraging their professional networks in hiring the sort of talent nec­
essary for high-growth startups to succeed. 
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Despite many efforts to spur entrepreneurship among 
women, there remains a substantial gender gap. The 
Organisation for Economic Co-operation and Devel­
opment's (2017) "Missing Entrepreneurs" report notes 
that women in the European Union are less than half 
as likely as men to be self-employed. Similarly, the 
Global Entrepreneurship Monitor (2017) survey 
claims that only 11 % of women are attempting to start 
a business compared with 16% of men. Guzman and 
Kacperczyk (2019) report that only 20% of new firms 
in California and Massachusetts are headed by wom­
en. Such disparities are magnified among high­
growth, venture-backed activity, in which the share of 
startups led by women has yet to approach double 
digits (Brush et al. 2014). Focusing on high-tech entre­
preneurship, Miric and Yin (2020) find that the share 

1 

of female founders lags the share of female workers in 
the industry. The gender gap in entrepreneurship has 
attracted the attention of scholars and policymakers 
alike (Coleman and Robb 2009, Kanze et al. 2018), 
who have sought to understand and address factors 
that depress entrepreneurial activity among women. 

Much scholarship documents that the gender gap 
in entrepreneurship can be attributed in part to indi­
viduals-in particular, powerful individuals, such as 
investors-engaging in gender-based discrimination 
(Gupta and Bhawe 2007, Thebaud 2010, Brooks et al. 
2014, Ewens and Townsend 2020). These preferences, 
whether based on personal taste or statistical expecta­
tion, not only explain gaps in founding and funding 
rates, but also illustrate the origins of structural differ­
ences, such as access to capital and advisor networks 
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(Belcourt et al. 1991). But, as Small and Pager (2020) 
observe, differential outcomes for groups are not only 
attributable to discrimination by individuals, whether 
intentional or implicit. Instead, divergent group out­
comes may reflect the impact of what Small and Pager 
(2020) term institutional discrimination-that differen­
tial treatment/ outcomes can arise via organizational 
practices, sometimes codified into law, even when 
there is no original intention to discriminate. 

In this paper, I investigate whether lower rates of 
entrepreneurial entry among women might be ex­
plained in part by an institutional factor: state sanction 
of the widespread organizational practice whereby 
employers enjoin their employees from leaving to 
start rival businesses. Postemployment covenants not 
to compete (hereafter, "non-competes" or NCs) date 
back to the 15th century and are widely used in the 
modem economy. To my knowledge, no legal scholar 
has documented gender as a motivating factor for us­
ing non-compete agreements, nor does the usage of 
non-competes among men and women differ substan­
tially. Nonetheless, I claim that non-competes may 
discourage entrepreneurship among women. 

Most startups fail, making entrepreneurship an in­
herently risky activity that attracts founders who are 
risk loving (Ahmed 1985, Hvide and Panos 2014). En­
trepreneurs perform better when they found firms that 
draw directly upon their professional expertise and ex­
perience (Klepper 2009), that is, by founding a firm in 
the same industry. But non-compete agreements are 
explicitly designed to prevent employees from leaving 
to launch a startup that competes with the 
ex-employer-that is, in the same industry in which the 
founders' experience is directly applicable. Workers 
who nonetheless found a rival firm can be sued by their 
former employer, resulting in cessation of involvement 
with the startup and possibly damages (in addition to 
legal costs). Thus, non-compete agreements add legal 
and financial risk to the business risk inherent in entre­
preneurship. Moreover, new ventures benefit from hir­
ing workers with expertise in the industry, which is 
also more difficult given non-competes and heightens 
the risk of failure. An extensive literature documents 
higher levels of risk aversion among women in both ex­
perimental and observational studies (for reviews, see 
Eckel and Grossman 2008, Bertrand 2011, Chamess and 
Gneezy 2012). Moreover, and independent of risk aver­
sion, women are penalized more severely for failure 
(Egan et al. 2017, Sarsons 2020). Heightened aversion to 
the risk of a non-compete lawsuit may discourage 
women from leaving their employers to form busi­
nesses in the same industry. 

I examine this hypothesis using employment histo­
ries for all workers whose careers were only in 25 
U.S. states and/ or the District of Columbia from 1990 
to 2014, coupled with a state-by-state non-compete 
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enforceability index over the same period. I find that 
women in states with stricter non-compete enforce­
ability are less likely than men to leave their jobs and 
start rival ventures. (No such effect is obtained for 
starting nonrivalrous ventures, for which non-competes 
would not bind.) This effect is not explained by firms tar­
geting women in non-compete lawsuits; rather, two 
mechanisms underscore the potential role of risk aver­
sion. First, although rivalrous startups hire more employ­
ees with industry experience, reflecting the importance 
of relevant human capital in startup success, this trend 
reverses and, thus, increases the risk of founding a rival 
startup when subject to stricter non-competes. Women 
are particularly less likely to draw on their prior profes­
sional networks to hire employees with relevant experi­
ence. Second, non-competes shift female founders away 
from higher potential, higher risk ventures toward those 
that grow less but survive longer. Thus, non-competes 
not only affect the rate of women's participation in entre­
preneurship, but also change the nature of startups 
founded. 

The paper proceeds as follows. I review the litera­
ture on entrepreneurship and gender as well as the lit­
erature on non-compete agreements, noting the lack 
of overlap. I then sketch a theory, largely based on 
risk aversion, of why non-competes disproportionate­
ly discourage women from starting new ventures. I 
described the restricted-access Census data used to 
test this hypothesis and review the main results. I 
then delve into the mechanisms, ruling out bias in 
lawsuits while ruling in the difficulty of attracting ex­
perienced talent as a reason why non-competes redi­
rect women away from higher potential, higher risk 
ventures. I conclude by reviewing the implications for 
organizational theory as well as policy. 

Institutional Discrimination and the 
Gender Gap in Entrepreneurship 
Although women outnumber men among college stu­
dents (Goldin et al. 2006) and comprise nearly half of 
the U.S. workforce,1 they are underrepresented 
among entrepreneurs. The Global Entrepreneurship 
Monitor (2017) reports that men are nearly 1.5 times 
more likely to start new businesses. The disparity in 
the United States appears even sharper: Guzman and 
Kacperczyk (2019) report that only one out of five 
newly registered businesses is woman owned. Sharp­
er still is the disparity among ventures backed by pro­
fessional investors, for which the share of female 
founders is in single digits. Given that women are 
near parity in education and workforce participation, 
what explains the gender gap in entrepreneurship? 

Much scholarship on this point focuses on discrimi­
nation by individuals. Brooks et al. (2014) show that 
investors prefer the same startup pitch when delivered 
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by a man. Similarly, Ewens and Townsend (2020) 
find that male investors on AngelList express less in­
terest in observably similar founders who are female 
even though those startups founded by women out­
perform those founded by men. Not only resource 
providers, but also potential cofounders or employees 
may discriminate because entrepreneurship is strongly 
male-typed (Kacperczyk and Younkin 2017). Such dis­
crimination can contribute to weaker entrepreneurial 
networks for women (Belcourt et al. 1991), which, in 
tum, exacerbate the gender gap. Given the strong role 
of peer effects in encouraging entrepreneurs (Nanda 
and Sorensen 2010), coupled with the fact that peer ef­
fects in entrepreneurship are strongly homophilous by 
gender (Markussen and Roed 2017), discrimination by 
individuals can ripple forward and helps to explain the 
persistence of the gender gap among founders. 

The literature regarding individual discrimination 
has helped to identify several reasons for disparity in 
entrepreneurial activity among men versus women. As 
Small and Pager (2020) note, economists have histori­
cally considered the sort of individual discrimination 
studied to date to compose the bulk, if not the entirety, 
of discriminative practices. Sociologists, however, have 
embraced a broader set of mechanisms at play. That is, 
differential group outcomes are not solely explained by 
discrimination conducted by individuals but also from 
institutional discrimination. Small and Pager (2020, p. 
49) define institutional discrimination as "differential 
treatment ... that is either perpetrated by organizations 
or codified into law. [I]t need not result from person­
al prejudice [or] from rational guesses on the basis of 
group characteristics." Important to their formula­
tion is that discrimination can occur because of orga­
nizational practices, possibly sanctioned by the state, 
even though these were not intended to discriminate 
against subgroups. In their treatise, which focuses 
primarily on racial discrimination, they note that the 
recent swell of sociological inquiry into institutional 
discrimination has not been matched by similar in­
terest from economists. 

Within entrepreneurship, the bulk of scholarship on 
the gender gap has explored either statistical or taste­
based discrimination by individuals. There have been 
calls to examine institutional factors (Minniti and 
Arenius 2003), such as government policies, and a 
few scholars investigate the impact of institutional pol­
icies on entrepreneurship generally (Henrekson and 
Rosenberg 2001, Acs et al. 2008, Aidis et al. 2008). To 
my knowledge, however, only a very few articles have 
explored the intersection of public policy, entrepre­
neurship, and gender. Using survey data from the 
Global Entrepreneurship Monitor in two dozen indus­
trialized countries, Elam and Terjesen (2010) present 
the puzzle that state-sponsored childcare appears to re­
duce levels of entrepreneurship among women. This 

3 

apparent anomaly is subsequently unpacked by 
Thebaud (2015), who decomposes the dependent vari­
able (DV) into low- versus high-growth entrepreneur­
ship. She finds that, although certain policies designed 
to address work/ family conflict discourage entrepre­
neurship among women, the deleterious effect is ex­
clusively among those with limited employment op­
tions. Castellaneta et al. (2020) find that simplifying 
governmental rules governing incorporation boosts 
entrepreneurship among women even more than men. 

I extend this line of work by investigating whether 
a widespread organizational practice, sanctioned by 
the state in most locales, disproportionately discour­
ages women from engaging in entrepreneurship. Spe­
cifically, I study employee non-compete agreements. 
Non-competes are employment contracts in which an 
employee commits not to found or join a rival busi­
ness. Nearly one in five U.S. workers is subject to a 
non-compete (Starr et al. 2020b) and nearly half of 
high-tech workers (Marx 2011). Non-competes have 
been previously shown to act as a brake on entrepre­
neurship (Stuart and Sorenson 2003, Samila and Sor­
enson 2011, Starr et al. 2018), but I am unaware of any 
prior work regarding the potential for a differential ef­
fect by gender. In the following section, I describe 
why the combination of high failure rates among 
entrepreneurs coupled with higher risk aversion 
among women could suggest institutional discrimina­
tion against women via non-competes. 

Entrepreneurial Failure, Prior Experience, and 
Non-competes 
Most startups fail. Even among venture-backed start­
ups, 75% have a liquidation value of zero (Hall and 
Woodward 2010). But the chances of success can be 
raised when startup founders and employees have rele­
vant prior experience. Klepper (2009) and other scholars 
(e.g., Agarwal et al. 2004, Chatterji 2009) show that in­
traindustry "spinoffs" routinely outperform entrants 
whose founders did not have prior experience in the in­
dustry. Prior experience affords relevant resources and 
routines that address the fragility of early stage ven­
tures. Indeed, Bhide (2000) reports that 71 % of the Inc. 
500 found their entrepreneurial idea during their exist­
ing employment. For example, Fairchild Semiconductor 
was famously founded by the "traitorous eight" who 
left Shockley Semiconductor on November 8, 1957, and 
brought with them extensive knowledge of the indus­
try. Thus, starting a firm in an industry in which one 
has professional experience and hiring employees with 
experience in that same industry reduce risk. 

Of course, Fairchild's gain was Shockley's loss. 
Firms worry that their investments in employees' hu­
man capital (e.g., via training) might be expropriated 
when those workers leave to found rival firms. Em­
ployers cannot ensure a return on their investment in 
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training by compelling workers to stay at the firm, but 
they can provide incentives to stay, such as increased 
compensation or workplace amenities. On the other 
hand, the employer might discourage departure by 
circumscribing professional opportunities elsewhere 
via restraints on the ex-employee. Although the U.S. 
Constitution bans indentured servitude, including 
"general" restraints on being employed elsewhere, the 
Mitchel v. Reynolds decision (1711) established that 
"particular" or limited restraints may be permissible. 
For example, although it would be unreasonable to re­
strain a software engineer from ever working at any 
software company for the rest of the engineer's career, 
one might find it less unreasonable to restrain that 
same software engineer from working for a software 
company that produced a directly competitive prod­
uct for one or two years. 

At least in the United States, employers who want to 
impose restraints on the behavior of (ex-)employees 
must enter into an agreement with them. Such an agree­
ment is typically referred to as a "postemployment re­
straint." Postemployment restraints fall into two catego­
ries. First, some postemployment restraints govern the 
use of the ex-employer's resources. These include non­
disclosure agreements, which protect confidential infor­
mation, and nonsolicitation agreements, which limit the 
ex-employee's ability to solicit either the firm's custom­
ers or its workers. These agreements place no stipula­
tions on where the ex-employee may work-only on how 
workers may use their ex-employer's resources. 

A second, complementary category of postemploy­
ment restraints does not explicitly restrict the use of 
the former employer's resources but rather limits the 
type of firms an ex-employee may found or join. The 
most well-known in this category is generally referred 
to as a "postemployment covenant not to compete" or 
"employee non-compete agreement." A non-compete 
restricts employment possibilities by specifying a field 
in which the ex-employee is not allowed to work for a 
defined period of time-usually one to two years. Re­
cent surveys estimate that 20%-50% of workers, de­
pending on occupation, have signed a non-compete 
(Marx 2011, Starr et al. 2020b). 

If an employer believes that an ex-employer has vi­
olated a non-compete by joining or founding a rival, 
the employer can sue the ex-employee for breaching 
the non-compete and possibly also the new employer 
for inducing the breach. Although, in some cases, 
damages may be sought, more common is for plain­
tiffs to ask the court to enjoin (i.e., prevent) the 
ex-employee from continuing to work at the rival 
firm. Cases can take months or years to work through 
the legal system, so plaintiffs routinely ask for a pre­
liminary injunction, which requires the ex-employee to 
step away from the new job immediately while the 
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case proceeds through the legal system during a peri­
od of several months or even multiple years. 

Absent a formal lawsuit, non-competes may still 
discourage workers from leaving their employer to 
found a rival. The lawsuit threat, whether written 
(e.g., a cease-and-desist letter) or verbal, may be 
enough to discourage the worker from breaching the 
non-compete. Even absent an explicit threat, workers 
may fear a potential a lawsuit and decide to either re­
main with the firm or take a "career detour," leaving 
the industry when they leave their job (Marx 2011). 
Thus, non-compete agreements make it more difficult 
to leverage one's professional experience in an indus­
try or to hire others with industry experience. 

Non-competes Increase the Risk of 
Entrepreneurship 
If entrepreneurs can improve their chances of success 
by leveraging industry experience, and if non­
competes make it more difficult to found ventures in 
the same industry or to hire talent from within the in­
dustry, then non-compete agreements make entrepre­
neurship a more risky enterprise than otherwise. 
Table 1 sketches the relative risk of founding in four 
scenarios. Each cell considers constraints on the foun­
der leveraging the founder's own relevant expertise 
(if any) in the new venture as well as whether the 
founder can hire employees with relevant expertise. 
The columns consider weaker versus stricter non­
compete policies; the rows consider founding a ven­
ture in a different industry versus the same industry. 

Looking at the first row of Table 1, founding in a 
different industry is, of course, disadvantageous be­
cause the founder lacks relevant expertise to apply to 
the new venture. And, if founding in a strict non-com­
pete regime (upper left-hand quadrant), it is difficult 
for the founder to compensate for the founder's own 
lack of industry experience by hiring workers from 
within the industry. Even if founding in a weak NC 
regime (upper right-hand quadrant), although the 
founder can access talent with relevant expertise, the 
founder's network connections to such workers may 
be weaker than when founding in the same industry. 

Proceeding clockwise to the lower right-hand quad­
rant, the most advantageous entrepreneurial scenario 
is to launch a venture in the same industry but under 
a weak non-compete regime. The founder can lever­
age the founder's own industry expertise and network 
to hire others with relevant expertise. But, in a strict 
non-compete regime (lower left-hand quadrant), 
founding a firm in the same industry exposes the 
founder to the greatest legal risk. Not only may the 
startup be sued for facilitating breach of contract if it 
tries to hire workers away from rivals, but the founder 
may be sued for starting the firm in violation of the 
founder's own non-compete. Litigation is costly, and 
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Table 1. Non-competes, Industry Selection, and Ability to Leverage Expertise 

Stricter non-competes Weaker non-competes 
Founding FOUNDER EXPERTISE: NI A, as FOUNDER EXPERTISE: NI A, as 
in a founder lacks industry experience founder lacks industry experience 
different EMPLOYEE EXPERTISE: founder EMPLOYEE EXPERTISE: founder 
industry risks lawsuit by hiring from within can hire those with expertise, 

the industry, and lacks networks though lacks networks 
Founding FOUNDER EXPERTISE: founder FOUNDER EXPERTISE: founder 
in the has expertise but risks a lawsuit by has experience in the same industry 
same founding in the same industry and can leverage it 
industry EMPLOYEE EXPERTISE: founder EMPLOYEE EXPERTISE: founder 

risks lawsuit by hiring from within can hire those with expertise, 
the industry 

startups often lack resources, so the legal risk of being 
sued for violating a non-compete to start a rival also 
brings financial risk. 

Moreover, as mentioned, even if lawsuits are never 
actually filed, potential hires from within the same in­
dustry may be reluctant to join because they fear a po­
tential lawsuit (Marx 2011, Starr et al. 2020a). Thus, the 
founder may be less eager to even try to hire talent 
from within the industry given both the difficulty and 
the risk of legal action. The inability to attract talent 
from within the industry reduces the chances of success 
and makes the entrepreneurial enterprise more risky. 

Increased Risk of Entrepreneurship Under Non­
competes May Disproportionately 
Discourage Women 
As noted, starting a new venture when subject to a 
strict non-compete policy increases risk in three ways. 
First, founding a business in the same industry as 
one's former employer may incur legal risk if the 
ex-employer sues for breach of contract. Even if the 
case is ultimately decided in favor of the founder de­
fendant, a prolonged period of time under a tempo­
rary injunction may hurt the performance of the firm. 
Second, the costs of defending oneself against a law­
suit from an established, well-resourced plaintiff cre­
ates financial risks, especially because early stage 
ventures lack resources. Third, the difficulty of hiring 
talent from within the industry-not only because of 
the aforementioned legal and financial risks, but also 
the reluctance of potential employees to breach their 
employment agreement-increases the risk that the 
venture will fail. Taken together, these increased risks 
of founding a new venture in the same industry when 
subject to stricter non-compete enforcement may dis­
suade would-be founders from proceeding. Indeed, 
prior scholarship finds that within-industry entre­
preneurial entry decreases in stricter non-compete 

possibly drawing on own networks 

regimes (Stuart and Sorenson 2003, Starr et al. 2017). 
Hence, those more averse to assuming risks are espe­
cially discouraged from proceeding with entrepre­
neurial entry under strict non-competes. 

An extensive literature in psychology and econom­
ics provides evidence on gender differences in toler­
ance for risk (Eckel and Grossman 2008). Experimental 
results using gambles show higher risk aversion 
among women: Chamess and Gneezy (2012) review 
dozens of studies not designed to study gender differ­
ences (and, thus, do not suffer from publication bias) 
that are nonetheless consistent with this finding. Al­
though laboratory experiments tend to be conducted 
among college students, Dohmen et al. (2005) demon­
strate gender differences in risk aversion among 22,000 
German adults (and replicate a laboratory study with a 
subset of 450 of the respondents). Observational studies 
of investment patterns (Jianakoplos and Bemasek 
1998), securities trading (Barber and Odean 2001), and 
white-collar crime (Steffensmeier et al. 2013) are more­
over consistent with these findings. Although some 
have expressed skepticism at the magnitude of the 
findings in certain of these studies (Nelson 2014), the 
volume of experimental and observational evidence 
suggests that risk aversion is indeed generally higher 
among women. 

Thus, women may be less eager than men to run 
the risk of incurring a lawsuit from their ex-employer 
by violating the postemployment restriction and start­
ing a rival firm. Beyond the litigation risk, the stress 
associated with a potential lawsuit may exacerbate the 
effects of risk aversion. Mather and Lighthall (2012) 
confirm using brain scans that risk aversion is ampli­
fied more among women when subjected to stress. 
Important to note is that the risk-averse response does 
not require that the worker violating a non-compete is 
actually sued; as documented by Marx (2011) and 
Starr et al. (2020a), merely the potential for litigation is 
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sufficient to compel many workers not to violate their 
non-compete. 

Another reason heightened risk aversion among 
women might result in a differential response to non­
competes is relate to the fact that women are more se­
verely penalized for failure. For example, Egan et al. 
(2017) report that female financial advisors found 
guilty of misconduct are more likely to be fired as a 
consequence. Financial misconduct is a rather crisp 
example of failure, but this penalty occurs even when 
the nature of "failure" is less clear. For example, if a 
surgeon loses a patient, it is often beyond the sur­
geon's control to prevent the death. But Sarsons (2020) 
shows that female cardiologists receive fewer referrals 
following the death of a patient, controlling precisely 
for risk factors that contribute to the difficulty of 
avoiding a fatality. Failure is the modal outcome of 
the entrepreneurial process, so factors that make fail­
ure more likely may particularly discourage women 
from founding firms. Given the importance of finan­
cial capital, for example, the established biases of pro­
fessional investors against female founders (Brooks 
et al. 2014, Ewens and Townsend 2020) discourage 
women from even founding the firm in the first place 
and contribute to the gender gap in entrepreneurship. 

The state sanction of non-competes is established as 
an institutional factor affecting entrepreneurship. In­
deed, researchers establish a negative relationship be­
tween non-competes and entrepreneurship. At the 
firm level, Stuart and Sorenson (2003) find that fewer 
biotech startups emerge following the completion of 
an IPO or acquisition when non-competes are more 
strictly observed. At the regional level, Samila and 
Sorenson (2011) report that investments by venture 
capitalists yield fewer startups where non-competes 
are sanctioned. At the team level, Starr et al. (2017) 
show that less intraindustry entrepreneurship occurs 
in states with tighter non-compete policies. However, 
I am unaware of any evidence regarding whether 
women are more or less likely to engage in entrepre­
neurship than men because of non-competes. One rea­
son for this omission may be that nothing in the histo­
ry of non-competes-which date back to the year 
1414-suggests that these employment contracts are 
intended to target women. Nor are there substantial 
differences in the rates at women men versus women 
are asked to sign non-competes. 

Small and Pager (2020) claim that institutional dis­
crimination can occur even despite any intentionality on 
the part of individuals, when organizational/legal practi­
ces systemically disfavor particular groups. This can be 
true even when the practice is not designed to discrimi­
nate. As an example, they note that, during layoffs, 
many organizations reduce their liability exposure by 
using nonarbitrary criteria, such as rank or tenure, in 
deciding who stays and who goes. The intention of 
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such programs is not to discriminate against women 
and/ or racial minorities, but because, in practice, white 
males typically have longer tenure and higher rank, the 
practice effectively discriminates despite zero intention 
to do so. Similarly, even though non-competes are de­
signed to block all workers from leaving to start rival 
ventures, differences in risk aversion may lead women 
to be more likely to honor the employment agreement, 
not found a firm that leverages their professional expe­
rience, and thus contribute to the gender gap. 

Empirical Approach 
Assessing the connection between non-compete agree­
ments and entrepreneurial activity among women 
places at least three demands on the data. First, I need 
to observe workers throughout their careers. Second, 
the data must contain demographic information on in­
dividuals. Third, I need to observe the formation of 
new firms and whether these are in the same industry 
as the worker's prior employer. These requirements 
rule out the use of cross-sectional survey data, which 
has been successfully employed in prior work at the 
intersection of institutions, gender, and entrepreneur­
ship (Elam and Terjesen 2010, Thebaud 2015) and also 
in prior studies of non-compete agreements (Marx 
2011, Starr et al. 2020b). Examining a wide variety of 
occupations precludes the analysis of patent inven­
tors, which have frequently been used in job-mobility 
studies but are limited to scientists and engineers and 
moreover lack reliable data on firm foundings and 
dissolutions (Marx et al. 2009). 

Instead, I use data on the universe of firms and em­
ployees from the U.S. Census Bureau (Abowd et al. 
2006). The Longitudinal Business Database (LBD) con­
tains all U.S. employers from 1976 to 2014, including 
founding and dissolution dates. I link the LBD to the 
Longitudinal Employer Household Dynamics (LEHD), 
which contains quarterly wages for all U.S.-based em­
ployees of firms in the LBD. (For computational tracta­
bility, quarterly records are collapsed to the annual 
level.) Each worker in the LEHD has a unique identifi­
er so that individual careers can be tracked across 
firms, states, and years. Moreover, each worker's age, 
country of birth, gender, and level of education is 
available. 

The LBD and LEHD are complete in their coverage 
of the full population of firms and workers, but these 
data also come with restrictions. First, their confidential 
nature entail that observation counts must be rounded 
and that summary statistics cannot be revealed for in­
dividual states. Second, because the LEHD is available 
to me only for 25 states and the District of Columbia,:·. I 
must account for the possibility that workers move to 
states I cannot observe. Fortunately, the 2014 edition of 
the LEHD contains a quarter-by-quarter file of every 
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worker who was paid wages somewhere in the United 
States even if it is a state for which I lack access. Using 
this file, I am able to eliminate any worker who was 
ever paid wages in a quarter when the worker does not 
appear in the states available to me. Doing so restricts 
my analysis to approximately 5,762,000 workers whose 
careers I can observe without interruption. 

It is also essential to know who founds a startup. 
Although the LEHD has information on every worker 
and firm, it does not report firm ownership. Hence, I 
follow Kerr and Kerr (2017) as well as Azoulay et al. 
(2020) in inferring founder status from the LEHD as 
follows. For each newly founded firm reported in the 
LBD, I record all workers who had earnings during 
the quarter when the firm first paid wages. I then label 
a firm's top three earners in that first wage-paying 
quarter as "founders." More than 85% of firms had 
five or fewer employees during their first wage­
paying quarter; results are robust to this subset. Re­
sults are moreover robust to considering not just the 
top three but top five earners as founders. If a firm re­
ports more than 50 employees during its first quarter, 
I do not consider it a startup. 

Variation in the State-Level Enforceability of 
Non-competes 
In the United States, the enforceability of non-com­
petes is determined at the state level and not by any 
federal statute. I follow Hausman and Lavetti (2020) 
by constructing a year-by-year index of non-compete 
enforceability at the state level. The full procedure to 
replicate my index is described in Online Appendix A, 
but I provide a summary here. I start with Bishara' s 
(2011) 1991 and 2009 state-by-state indexes and deter­
mine the values between 1992 and 2008 and 2010 and 
2014 by applying the state-level non-compete policy 
shifts reported by Garmaise (2011) and Ewens and 
Marx (2017). Bishara's (2011) scale ranges from 0 
(North Dakota) to 470 (Florida), which I normalize to 
the [0, 1] interval. 

The LEHD does not contain information on whether 
individual workers have signed non-competes. Ideally, 
I would know year-by-year who had signed a non-com­
pete, but panel data on non-competes is not available to 
my knowledge. To address this limitation, I follow Starr 
(2019) in differentiating between workers in fields in 
which non-competes are used widely under the as­
sumption that state-level policies should bind such 
workers more tightly. Specifically, Starr et al. (2020b) 
conduct a nationwide survey in which they ask re­
spondents two among many other questions: (a) what 
industry do you work in, and (b) are you currently sub­
ject to a non-compete? The industry categories pre­
sented in their survey correspond to two-digit North 
American Industry Classification System (NAICS) co­
des. For each NAICS code, they calculate the percentage 
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of workers who are subject to a non-compete. Starr 
(2019) presents in table 2 an ordering of these industries 
by the percentage of workers who were subject to non­
competes and separates fields into high versus low use 
of non-competes. I use their data to create a similar vari­
able for the LEHD, leveraging the fact that they have 
used NAICS codes for their survey. 

Empirical Specification 
I estimate a linear probability model on the likelihood 
of a given worker founding a firm in the same six­
digit NAICS as the worker's prior employer in a given 
year with a host of controls as well as the interaction 
terms necessary to evaluate the relationship between 
the state sanction of non-compete agreements and en­
trepreneurship among women. Standard errors are 
clustered at the state level. The specification is 

Pr(FoundRival;1) = {30 + {31 NCenforces1 + f32Female; 

+ f33NChighuse;1 + f34NCenforce51 
x Female; + f35NChighuse;1 
X Female;+ f36NCenforce51 
x NChighuse;1 x Female; 

+ X;t + F;t+Yt + &sn + Eti, (1) 

where i, s, t, and n index the worker, state, year, 
and industry, respectively. The dependent variable 
FoundRivalit indicates whether worker i founded a firm 
in the same six-digit NAICS industry as the prior 
employer in year t. NCenforce51 is the index of non­
compete enforceability in state s in year t. NChighuse;1 

indicates whether worker i was employed in a high­
use non-compete field in year t. X; is a vector of 
demographics, including gender, immigrant, and com­
pletion of college (non-time-varying) as well as age, 
wages, quarters at the employer, and quarters in the 
six-digit NAICS industry (time varying). The variable 
Fit captures the size of worker i's employer in year t. y1 

and &sn represent year and state X industry fixed ef­
fects, respectively. E is the error term. The coefficient of 
interest in Equation (1) is (36 . Given the state x industry 
fixed effects, the effect of non-competes is identified 
via within-state changes in enforceability. 

Not represented in Equation (1) are interactions of 
female x age and female x college degree as well as in­
teractions of Female;, NCenforce51, and NChighuse;1 with 
(respectively) immigrant status, completion of college 
degree, age, and prior-year wages. Some specifications 
involve some of these interaction terms, and others 
do not. 

Main Results 
Descriptive statistics for approximately 5,762,000 
workers I can observe without interruption are shown 
Table 2. Slightly less than one third are female, and 
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Table 2. Descriptive Statistics 

Mean 

Female 0.2968 
Immigrant 0.1296 
Age 46.31 
No college degree 0.5849 
Prior-year wage (In) 10.59 
NCenforce 0.5569 
NChighuse 0.4607 
Firm tenure (quarters) 26.33 
Industry tenure (six-digit NAICS, quarters) 27.78 
Founded rival (in same six-digit NAICS) 0.0007 
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Median Standard deviation 

0 0.4569 
0 0.3359 

46.5 9.002 
1 0.4927 

10.54 0.6276 
0.6679 0.2729 

0 0.4984 
20 23.05 
20 23.86 
0 0.0272 

Notes. Observations are worker-years, collected for approximately 5,762,000 workers whose entire careers 
occurred in the following 25 states and the District of Columbia: AR, CA, CO, DC, DE, GA, HI, IL, IN, IA, LA, 
ME, MD, MO, NV, OK, OR, PA, RI, SC, TN, TX, UT, VT, WA. N is approximately 81,170,000. Census 
disclosure rules mandate rounding of observations to the nearest 10,000 and the truncation of reported 
statistics to four significant figures. Neither minimum nor maximum values can be reported. Median is the 
mean of observations in the 49th, 50th, and 51st percentiles as per Census disclosure guidelines. 

more than half lack a college degree. Workers are 46 
years old on average and worked at their employer 
for 6.5 years, earning on average $39,735 (1982 deflat­
ed). About 1 % of workers start a company in the same 
six-digit NAICS as their former employers.3 

All models of Table 2 include year and state x in­
dustry fixed effects as well as interactions of female 
with age, college degree, firm size, tenure at the firm, 
and tenure within the industry. Column (1) shows 
that women are less likely than men to leave their em­
ployers to start a rival business, independent of any 
non-compete considerations. Column (2) adds terms 
for NCenforce and its interaction with female. The neg­
ative and statistically significant estimated coefficient 
on NCenforce x Female suggests a relationship between 
non-competes and gender, but I interpret this model 
cautiously as it fails to account for the prevalence of 
non-competes in a worker's field. The remainder of 
Table 3 interacts this term with NChighfield, which 
captures whether the focal worker is in a field with a 
high use of non-competes. 

Column (3) adds interaction terms for the preva­
lence of non-competes in the worker's field, including 
our parameter of interest: NCenforce x NChighfield x Fe­
male. Adding these terms clarifies that the relationship 
between higher NC enforceability, gender, and entre­
preneurship is largely obtained in high-use non-com­
pete fields. In particular, the coefficient on NCenforce x 
NChighfield x Female is statistically significant at the 
0.01 % level. Note that column (3) of Table 3 includes 
not only interactions with female but also age and im­
migrant (all determined at birth, thus exogenous). In 
column (4), I include interactions with two possibly 
endogenous characteristics: (1) whether workers com­
pleted a college degree and (2) prior-year earnings. Co­
efficient estimates are robust to including these factors. 

A unit (or one standard deviation) increase in the 
strictness of the state-level NC policy (NCenforce) 

reduces the rate of founding a firm in the same six-digit 
NAlCS industry among men in high-non-compete fields 
by 0.18 percentage points (NCenforce x NChighfield):' Rela­
tive to men, a unit increase in the state-level NC policy de­
creases the likelihood for women by 0.02 percentage 
points. In other words, the impact of non-competes on 
would-be founders who are female is about 15% stronger. 
A one-standard-deviation in NC policy (from Table 2, 
0.2729) is roughly equivalent to the difference between 
Florida (the maximum) and Minnesota. A shift from no 
enforcement to maximum enforcement (e.g., California or 
North Dakota to Florida) would have about three and one 
half times the impact. 

This finding is moreover robust to including fixed ef­
fects for the worker's prior employer in column (5). Do­
ing so accounts for the possibility that firms are idiosyn­
cratic in their treatment of employees who have signed a 
non-compete as some employers may have a history of 
litigation or may employ scare tactics to discourage 
would-be entrepreneurs in ways that are impossible for 
me to observe in the Census data. Entering firm fixed ef­
fects in column (5) yields results generally consistent 
with column (4) with the estimated coefficient on NCen­
force x NChighfield x Female statistically significant at the 
1 % level and of somewhat smaller magnitude. I con­
clude that the effect of non-competes on women's partici­
pation in entrepreneurship is not driven primarily by 
firm-level practices and return to this theme when exam­
ining patterns of non-compete lawsuits. 

The remainder of Table 3 contains placebo tests. 
First, given that non-compete agreements are particu­
lar and not general restraints, they should be more en­
forceable in narrowly defined industries than in broad 
sectors. The result from columns (3)-(5) show the im­
pact of non-competes on forming rival ventures in the 
same six-digit NAICS industry, which include very 
specific fields, such as "flour milling" and "knit fabric 
mills." If non-competes are truly responsible for these 
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findings, we should find stronger effects in narrowly 
defined industries and weaker effects (if any) in 
broadly defined industries. 

I begin in column (6) by setting the dependent vari­
able to capture any instance of entrepreneurship re­
gardless of whether the startup is in the same industry 
as the founder's prior employer. Results resemble 
those of the first four columns of Table 3, which could 
indicate that non-competes discourage entrepreneur­
ial entry regardless of how close the startup is to the 
former employer. This would cast doubt on the asser­
tion that non-competes are responsible for these find­
ings. On the other hand, it could be that this result is 
driven primarily by the instances of within-industry 
entrepreneurship captured in columns (1)-(4). 

Column (7) attempts to resolve these two possible 
explanations by constructing a dependent variable 
that captures founding a firm in the same two-digit 
NAICS as one's former employer. Examples of two­
digit NAICS categories include "manufacturing," 
"information," and "utilities." Compared with nar­
rowly defined, six-digit NAICS industries, non-com­
petes should have little or no impact in blocking 
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entrepreneurial area in such broad sectors. (To be 
clear, this is measuring entrepreneurship that is in the 
same two-digit NAICS but not at any finer NAICS lev­
el.) Indeed, the estimated coefficient on NCenforce x 
NChighfield x Female in column (7) is not only much 
smaller in magnitude but also statistically insignifi­
cant. Likewise, the coefficient on NCenforce x NChigh­
field is imprecisely estimated. The failure of this place­
bo test indicates that the effect of non-competes on 
women and entrepreneurship is limited to the found­
ing of rival startups when non-competes should bind 
most tightly. 

Mechanisms 
In this section, I evaluate four potential mechanisms 
underlying Table 3. First, I show that stricter non­
competes make it more difficult to hire workers with 
industry experience, increasing risk and discouraging 
potential female founders in a manner consistent with 
heightened risk aversion. Second, I show that the 
"screening" effect of non-competes applies differently 
to women (Starr et al. 2017) discouraging the founding 

Table 3. Employee Non-compete Policy and the Transition to Entrepreneurship 

Founded 
Founded startup in 

Founded startup in same six-digit NAICS startup in any same two-digit 
NAICS NAICS 

(1) (2) (3) (4) (5) (6) (7) 

Female -0.1439*** -0.1359*** -0.1402*** -0.05176+ 0.005555 -0.3122*** -0.0975*** 
(0.009317) (0.006781) (0.006858) (0.02598) (0.03483) (0.01825) (0.0074) 

NCenforce -0.03208 0.09481* 0.1651 -0.04801 0.142 -0.0001 
(0.04317) (0.04152) (0.1039) (0.1161) (0.2447) (0.0001) 

NCenforce X Female -0.01608** -0.002951 -0.004038 0.000081 0.002536 -0.00001 
(0.005005) (0.006253) (0.005829) (0.007124) (0.01447) (0.00001) 

NCenforce x NChighfield -0.1062*** -0.1773** -0.08143+ -0.6795*** -0.0001 
(0.02645) (0.05357) (0.04702) (0.1295) (0.0001) 

NChighfield x Female 0.005305 0.006709+ 0.002131 -0.006384+ -0.0019 
(0.003312) (0.003594) (0.003516) (0.003468) (0.0033) 

NCenforce x NChighfield -0.02848*** -0.02845*** -0.01945** -0.02056** -0.000015 
X Female (0.004669) (0.005094) (0.006821) (0.007020) (0.00001) 

Year fixed effects, state X Yes Yes Yes Yes Yes Yes Yes 
industry fixed effects 

Female X (Age, No Yes Yes Yes Yes Yes Yes Yes 
college, firm size, firm 
tenure, industry tenure} 

NCenforce X NChighuse Yes Yes Yes Yes Yes Yes Yes 
X (Age, Immigrant] 

NCenforce X NChighuse No No No Yes Yes No No 
X (No college degree, 
Prior-year wages} 

Prior-employer fixed No No No No Yes No No 
effects 

Notes. Observations are worker-years, collected for approximately 5,762,000 workers whose entire careers occurred in the following 25 states and 
the District of Columbia: AR, CA, CO, DC, DE, GA, HI, IL, IN, IA, LA, ME, MD, MO, NV, OK, OR, PA, RI, SC, TN, TX, UT, VT, WA. N is 
approximately 81,170,000. Census disclosure rules mandate rounding of observations to the nearest 10,000 and the truncation of reported 
statistics to four significant figures. Models are estimated via ordinary least squares with standard errors clustered at the state level. Coefficients 
are multiplied by 100 for readability. 

+p < 0.l; *p < 0.05; **p < 0.01; ***p < 0.001. 
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Table 4. Employee Non-compete Policy and Attracting Employees with Industry Experience 

% emplayees with industry 
DV experience and had worked 

% emplayees with industry experience with founder 

Sample all startups FoundedRival = 1 

(1) (2) (3) (4) 

FoundedRival 0.463*** 0.404*** 
(0.013) (0.012) 

NCenforce -0.161 * -0.111+ 0.022 
(0.072) (0.059) (0.039) 

FoundedRival x NCenforce 0.119*** 
(0.024) 

FoundedRival x 0.006 
NChighfield (0.006) 

NCenforce x NChighfield -0.021 -0.006 0.09 
(0.075) (0.077) (0.067) 

FoundedRival x NCenforce -0.040*** 
x NChighfield (0.009) 

Female 0.010** -0.018*** 
(0.003) (0.002) 

Female x NCenforce -0.018+ 0.004 
(0.009) (0.006) 

Female x NChighfield 0.012** 0.005 
(0.004) (0.004) 

Female x NCenforce x -0.004 -0.024* 
NChighfield (0.011) (0.010) 

Mean of DV 0.572 0.572 0.799 0.144 
Year fixed effects, state X Yes Yes Yes Yes 

industry fixed effects 

Notes. Observations are startups founded by 5,762,000 workers whose entire careers occurred in the following 
25 states and the District of Columbia: AR, CA, CO, DC, DE, GA, HI, IL, IN, IA, LA, ME, MD, MO, NV, OK, 
OR, PA, RI, SC, TN, TX, UT, VT, WA. N is approximately 70,000 for columns (1) and (2) (all startups 
regardless of industry overlap but that hired employees beyond the founders) and 40,000 for columns (3) and 
(4) (startups in the same industry as the founder(s) and that hired employees beyond the founders). Models 
are estimated via ordinary least squares with standard errors clustered at the state level. 

+p < 0.l; *p < 0.05; **p < 0.01; ***p < 0.001. 

not of weaker startups but of riskier startups. Third, I 
provide suggestive evidence that, independent of risk 
aversion, women may anticipate higher relative costs 
in either defending against non-compete lawsuits or 
returning to paid employment after abandoning the 
startup. Fourth, I rule out the possibility that my find­
ings can be explained by firms targeting women in 
non-compete lawsuits. 

Increased Risk of Founding Given Difficulty of 
Hiring Talent with Industry Experience 
I theorize in Table 1 that founders are discouraged 
from founding in the same industry by stricter non­
competes, not only given the personal risk of a lawsuit 
for breaking their own non-compete, but also given 
the increased difficulty of hiring talent from within 
the industry. If, as I argue, non-competes make it 
harder to hire talent with industry experience, then 
founding a rival firm when subject to stricter non­
competes becomes a riskier endeavor and may be less 
attractive to women if, as reported in prior literature, 
women have, on average, lower tolerance for risk. 

Table 4 estimates the impact of non-competes on the 
ability of startups to attract talent with industry experi­
ence. Whether a startup employee has prior experience 
in the same six-digit industry as the startup is deter­
mined by reviewing the employee's entire employ­
ment history before joining the focal startup. This per­
worker information is then collapsed to the startup 
level, creating as a dependent variable the percentage 
of employees at a given startup with industry experi­
ence. (Note that this variable is calculated only for 
startups that hired workers beyond the founders; oth­
erwise, the DV is undefined.) State x industry and 
year fixed effects are again included as in Table 3 with 
standard errors clustered at the state level. 

Column (1) of Table 4 shows that founders hire a 
higher percentage of employees with industry exper­
tise when founding in an industry in which they have 
prior experience. The variable FoundedRival captures 
whether the focal startup was founded in the same 
six-digit NAICS industry as the founders. It resembles 
the dependent variable from the first five columns of 
Table 3 except calculated at the firm level.s It is 
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perhaps not surprising that within-industry startups 
hire a higher percentage of employees with industry 
experience. Within-industry founders would under­
stand the value of having relevant human capital and, 
thus, want to hire employees with such experience. 

When subject to stricter non-competes, however, 
same-industry founders hire a lower percentage of em­
ployees with industry experience. This reversal is visi­
ble in the estimated coefficient on FoundedRival x 
NCenforce x NChighfield, which is negative and statisti­
cally significant at the 0.1 % level. Given that within­
industry founders hire more employees with industry 
experience when they are able to, column (2) indicates 
that-consistent with the lower left-hand comer of 
Table I-stricter non-competes prevent founders from 
mitigating startup risk by hiring workers with rele­
vant human capital. Coupled with the difficulty of a 
founder leveraging the founder's own experience in a 
rival startup, founding when subject to non-competes 
increases risk. If women tend to be more risk averse, 
non-competes may, therefore, discourage them from 
founding rival firms given the difficulty of acquiring 
talent with industry experience. 

In the remainder of Table 4, I explore whether female 
entrepreneurs are less successful in acquiring experi­
enced employees. I start in column (3), revisiting 
column (2) by gender. To avoid quadruple interactions, 
I execute this test on the subsample in which 
FoundedRival = l. The estimated coefficient on Female x 
NCenforce x NChighfield in column (3) is negative, per­
haps suggestive that women are less likely than men to 
hire talent with industry experience, but it is imprecise­
ly estimated. I dig deeper by examining whether wom­
en are less likely to utilize their professional networks 
to hire experienced talent when subject to non-com­
petes. In column (4), I define the dependent variable as 
the percentage of startup employees who worked in 
the same industry at some prior point in their career 
and who had worked with the founder previously (i.e., 
both were at the same firm in the same year). The esti­
mated coefficient on Female x NCenforce x NChighfield 
in column (4) indicates that non-competes discourage 
women from recruiting their prior coworkers who 
have industry experience. One possible explanation for 
this distinction is that women are less eager to put their 
colleagues at risk for a non-compete lawsuit. 

In sum, the analysis of Table 4 confirms the theoriz­
ing of Table 1 that non-competes make it more difficult 
to hire employees with industry experience. Coupled 
with the risk founders run of starting a company in 
the same industry as their former employer, non-com­
petes raise the risk involved with entrepreneurship. To 
the extent that women are more risk averse than men, 
this heightened risk helps to explain why women sub­
ject to strict non-competes are less likely to start rival 
businesses. 

Screening out of Higher Potential, Higher Risk 
Ventures Among Women 
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Additional evidence consistent with role of risk aver­
sion in the effect of non-competes on women in entre­
preneurship is found in screening (Starr et al. 2017). 
Focusing on startups with multiple founders from the 
same prior employer, they find that same-industry 
startups founded under stricter non-compete enforce­
ment have hi,sher initial size and achieve a larger 
eventual size.·' They interpret these results to mean 
that weaker or less promising startups are "screened 
out" because founders are less willing to take the risk 
for a likely lower payoff. I find that non-competes 
have a different effect among women, screening out 
not startups that are smaller or weaker but rather 
those that are at once higher potential and higher risk. 

The contrast in screening behavior is visible in 
Table 5. In doing this comparison, it is key to control 
for industry as men and women may select into in­
dustries with widely varying average size and/ or po­
tential and, thus, include industry x state and year 
fixed effects as in Table 5. Column (1) of Table 5 focus­
es on initial size (i.e., logged number of employees) 
for the within-industry startups from columns (3) and 
(4) of Table 4. If it were the case that the results in 
Table 3 were driven by increased screening of weaker 
startups that would otherwise been founded by wom­
en, one would anticipate a positive and statistically 
significant estimated coefficient on Female x NCenforce 
x NChighfield. Although positive, this coefficient is 
very imprecisely estimated, making it difficult to con­
clude that the screening effect reported by Starr et al. 
(2017) is exacerbated among women. 

In fact, columns (2) and (3) indicate that the oppo­
site may be the case: what would have been some of 
the strongest female-founded startups are screened out 
by non-competes. Column (2) of Table 5 shows that 
the size ultimately achieved by women-founded start­
ups is materially lower, not higher, under strict non­
compete enforcement. Note that this difference cannot 
be attributed to differences in initial size of male- ver­
sus female-founded startups under stricter non-com­
petes, which is imprecisely estimated in column (1). 
Moreover, the difference in size achieved is recovered 
when controlling for initial size in column (3). 

A more compelling explanation may lie in the re­
sults of Table 4, which demonstrate that founders are 
less likely to hire employees with industry experience 
when subject to non-competes and that women are es­
pecially less likely to leverage their prior professional 
networks to attract workers with industry experience 
when subject to stricter non-competes. This could ex­
plain the results in columns (2) and (3) of Table 5 in 
two ways. First, the difficulty of hiring talent from the 
same industry under stricter non-competes could dis­
courage women from founding high-potential rival 
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Table 5. Employee Non-compete Policy and Possible Screening of Female-Founded Startups 

Ln initial size Ln final size Ln final size Years survived 
DV (1) (2) (3) (4) 

Female -0.056*** 0.008 0.036*** 0.031 
(0.012) (0.008) (0.008) (0.063) 

NCenforce 1.510** 1.132* 0.367 1.736** 
(0.505) (0.443) (0.364) (0.539) 

Female x NCenforce 0.058 0.103** 0.074** -0.413*** 
(0.034) (0.028) (0.022) (0.096) 

Female x NChighfield -0.061 *** 0.033+ 0.064*** -0.263** 
(0.016) (0.019) (0.017) (0.078) 

NCenforce x NChighfield 0.164 -0.036 -0.119 -1.605 
(0.289) (0.150) (0.103) (1.104) 

Female x NCenforce x NChighfield 0.023 -0.232*** -0.244*** 0.993*** 
(0.050) (0.042) (0.042) (0.211) 

Ln initial size 0.506*** 
(0.027) 

Constant 1.349*** 1.697*** 1.014*** 9.747*** 
(0.242) (0.225) (0.241) (0.411) 

Year fixed effects, state X industry fixed effects Yes Yes Yes Yes 

Notes. Observations are startups founded by 5,762,000 workers whose entire careers occurred in the following 
25 states and the District of Columbia: AR, CA, CO, DC, DE, GA, HI, IL, IN, IA, LA, ME, MD, MO, NV, OK, 
OR, PA, RI, SC, TN, TX, UT, VT, WA. N is approximately 40,000, including startups in the same industry as 
the founder(s) and that hired employees beyond the founders. Models are estimated via ordinary least 
squares with standard errors clustered at the state level. 

+p < 0.l; *p < 0.05; **p < 0.01; ***p < 0.001. 

ventures that depend crucially on such expertise. 
Second, even if women found such ventures, they 
may find themselves disproportionately limited in 
their ability to grow these ventures. Although I am 
not able to distinguish reliably between these two 
mechanisms, it is possible that either or both is a con­
tributing factor. 

Finally, column (4) examines survival. The estimat­
ed coefficient on Female x NCenforce x NChighfield is 
positive and statistically significant, showing that 
female-founded firms subject to stronger NCs survive 
longer. Again, this result is not driven by initial size, 
which does not differ by gender. 

Taken together, the results of Table 5 indicate that 
non-competes push women toward founding busi­
nesses that do not fail as soon but also do not grow as 
large. Thus, when considering the effect of non-com­
petes on women, it is not weaker startups that are 
screened out, but perhaps riskier startups: those that 
have greater growth potential but are also more likely 
to fail. This finding is consistent with the notion that 
higher risk aversion among women is responsible for 
the lower levels of entrepreneurship among women 
subject to stricter non-competes. Again returning to 
Table 4, one reason women may be averse to pursuing 
higher potential, higher risk startups when subject to 
stricter non-competes is it is more difficult to mitigate 
startup risk by hiring talent with industry experience.7 
This may disproportionately discourage would-be fe­
male founders from proceeding with high-potential, 
high-risk ventures. 

Higher Relative Costs of Non-competes for 
Female Entrepreneurs 
The foregoing mechanisms rely on the assumption 
that women are more risk averse than men, but it is 
possible that non-competes discourage women from 
founding firms even independent of risk aversion. For 
example, even if the expense of mounting a legal de­
fense against a non-compete does not differ for men 
versus women, the relative costs are higher if women 
have fewer financial resources available. As shown in 
columns (1) and (2) of Table 6, men have higher cu­
mulative earnings before starting their first firm even 
when controlling for age, education, the number of 
years before starting a company, and when adding 
fixed effects at the six-digit NAICS level in column (2). 
The differential in prefounding earnings may be ex­
plained by women having less experience and in low­
er paying roles (Loscocco et al. 1991). 

Moreover, women may face higher relative costs 
upon returning to paid employment if they abandon 
their startup-for example, after losing or declining to 
contest a non-compete lawsuit. Prior studies show 
that entrepreneurs suffer a wage penalty upon return­
ing to paid employment (Campbell 2013) though not 
along gender lines. If women are penalized more for 
failure (Egan et al. 1997, Sarsons 2020), women who 
abandon startups might be less well compensated 
upon returning to paid employment. The sample ana­
lyzed in Table 6 does not include entrepreneurs 
whose startups were acquired; rather, the founder ei­
ther shut down the firm or left it in the hands of 
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Table 6. Pre-entrepreneurial vs. Postentrepreneurial Earnings 

Cumulative earnings before startup Annual earnings, poststartup versus prestartup 

(1) (2) (3) (4) 

Female -0.2679*** -0.3361*** -0.1144*** -0.1773*** 
(0.0102) (0.0111) (0.0242) (0.0256) 

Age 0.0176*** 0.0173*** -0.0312*** -0.0318*** 
(0.0006) (0.0006) (0.0018) (0.0018) 

No college degree -0.3374*** -0.2555*** -0.2817*** -0.1966*** 
(0.0086) (0.0089) (0.0264) (0.0268) 

Immigrant 0.0117 -0.0072 -0.0708 -0.0892 
(0.0134) (0.0134) (0.0428) (0.0455) 

Years worked before founding 0.2024*** 0.2023*** -0.0749*** -0.0748*** 
(0.0012) (0.0012) (0.0044) (0.0044) 

Year fixed effects; state fixed effects Yes Yes Yes Yes 
Six-digit NAICS industry fixed effects No Yes No Yes 

Notes. Observations are approximately 20,000 entrepreneurs who held jobs at established companies both before and after their startup and who 
only worked in the following 25 states and District of Columbia: AR, CA, CO, DC, DE, GA, HI, IL, IN, IA, LA, ME, MD, MO, NV, OK, OR, PA, 
RI, SC, TN, TX, UT, VT, WA. Models are estimated via ordinary least squares with standard errors clustered at the state level. Earnings are 
calculated as 1982 deflated wages recorded in the LEHD. For columns (1) and (2), the DV is the sum of all reported earnings (if any) prior to the 
worker founding her first entrepreneurial venture. For columns (3) and (4), the DV is the worker's average annual earnings prior to founding the 
worker's first entrepreneurial venture divided by earnings in the first year after abandoning their venture and returning to paid employment 
with an existing firm. Startups that were acquired are excluded. 

+p < 0.l; *p < 0.05; **p < 0.01; ***p < 0.001. 

others. In columns (3) and (4) of Table 6, I estimate the 
ratio of these former entrepreneurs' earnings in the 
first year after abandoning the startup-that is, upon 
their return to paid employment-divided by their 
average earnings prior to founding. Column (3) shows 
that this earnings ratio is lower for women versus 
men, suggesting that women may be more heavily 
penalized for returning to the labor force following 
entrepreneurial failure. The industry fixed effects in 
column (4) confirm this is not a result of selection into 
different industries. That said, it is unclear whether 
women would be aware of such a penalty, so I treat 
this only as suggestive evidence. 

Do Firms Target Women with Non­
compete Lawsuits? 
I theorize earlier that heightened risk aversion among 
women leads them to less often violate a non-compete 
by setting up a rival firm. But perhaps women face a 
materially higher hazard of being sued for breaking a 
non-compete because firms target them disproportion­
ately in lawsuits. Consider a scenario in which some­
one founds a firm but is sued soon thereafter and per­
haps even before the startup begins to pay wages. In 
such a case, the founding event would not be reflected 
in the LEHD data and would not influence the esti­
mates in Table 3. This alternative mechanism seems 
particularly plausible given women's higher relative 
costs of legal defense reported earlier. Additionally, to 
the degree that women are less likely to negotiate the 
terms of a non-compete, they may also be subject to 
more stringent non-compete terms regarding duration 
or the field of service (see also Babcock and Laschever 

2009 for evidence that women are generally less likely 
to negotiate employment agreements). Stricter terms 
might lead ex-employers to believe that they will pre­
vail in court. 

To examine whether women are disproportionately 
targeted in non-compete lawsuits, I compare the gen­
der of defendants in non-compete lawsuits versus the 
expected gender distribution of lawsuits given the oc­
cupational profiles of defendants. Doing so is difficult 
using legal databases such as Westlaw or Lexis as 
these contain only published court decisions and not 
every case filed. As noted, it is common for a judge to 
issue a preliminary injunction in a non-compete case. 
Many cases settle, so the number of published deci­
sions may dramatically understate the actual number 
of lawsuits. However, the Courthouse News Service 
(CNS) curates a database of all cases filed in a large 
subset of district courts across the United States. 

I extracted 7,931 lawsuits from January 2003 through 
August of 2017 that reference "non-compete," 
"covenant not to compete," "postemployment re­
straints," or similar terms. The 11,975 defendants had 
2,459 unique given names, 87% of which could be reli­
ably classified according to genderize.io, a website that 
generates country-specific probabilities. I assigned 
names to a particular gender with a confidence score of 
>80%. (Classifications are available from the author.) 
For the remaining 415 defendants, I searched for pro­
files on Linkedln, Facebook, and company websites, as­
signing gender only when (a) the defendant's name and 
company could both be confirmed and (b) personal pro­
nouns, suffixes (i.e., "Jr."), or photos provided clues. All 
but 59 defendants could be classified. 
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Table 7. Expected Gender Distribution of Defendants in Employee Non-compete Lawsuits 

Projected 
BLS estimates of Projected Non-compete percentage of 

percentage percentage of usage by female 
Number of CNS Percentage of of females in female occupation defendants 

Occupation defendants CNS defendants occupation defendants (mean= 1) (adjusted) 

Sales 727 34.7 49.0 17.0 0.8 14.0 
Manager 554 26.4 39.1 10.3 1.6 17.0 
Engineer 214 10.2 14.2 1.4 1.9 2.8 
Doctor 182 8.7 38.2 3.3 1.0 3.4 
Salon 124 5.9 92.4 5.5 1.0 5.6 
Broker 83 4.0 52.4 2.1 1.2 2.6 
CEO 39 1.9 27.3 0.5 1.6 0.8 
Coach 34 1.6 34.2 0.6 1.0 0.6 
Real estate 37 1.8 55.5 1.0 1.0 1.0 
Construction 39 1.9 3.0 0.1 0.6 0.0 
Financial advisor 37 1.8 52.5 0.9 1.2 1.1 
Physical therapy 15 0.7 69.3 0.5 1.4 0.7 
Customer care 8 0.4 65.0 0.2 1.0 0.3 
Artist 3 0.1 56.6 0.1 1.2 0.1 
Total 2,096 43.5 50.2 

Notes. Table shows the occupations in which employee non-compete lawsuits could be classified between 2003 and 2017 by the Courthouse 
News Service (CNS). The number and percentage of defendants who are female is then shown for all lawsuits reported by CNS. The percentage 
of workers in each occupation that are female (from the Current Population Survey) is presented and multiplied by the percentage of lawsuits in 
each occupation and non-compete usage by occupation to predict the final column, expected percentage of female defendants in each 
occupation. The italicized totals in the final row sum the values for all occupations in the rows above. 

Only 26.7% of defendants were classified as female. 
Whether 26.7% is higher or lower than one would ex­
pect depends on the occupations in which non-com­
pete lawsuits occur. For example, if non-competes 
were used only in the construction industry, nearly all 
defendants should be male as the Current Population 
Survey (CPS) reports a 93% male workforce. I, there­
fore, classified occupation for the 2,096 defendants for 
which CNS reported this field as shown in Table 7. 

The next step in constructing an expected gender dis­
tribution of non-compete lawsuit defendants was to in­
put the gender distribution for defendants' occupa­
tions. For example, CPS reports that 49% of salespeople 
are female, whereas that figure is 14.2% of engineers 
and 92.4% of hairstylists. I multiply the percentage of 
lawsuits in each occupation by the percentage of work­
ers in each industry who are female (per the CPS) and 
then sum these to yield an overall expected percentage 
of female defendants. This figure is 43.5% as shown at 
the bottom of the fourth column of Table 7. Finally, I 
adjust this prediction given the prevalence of non­
competes per occupation from Starr et al. (2020b ), rais­
ing the expected percentage of female defendants to 
50.2%.>l Given that only 26.7% of actual CNS defend­
ants appear to be female, this indicates nearly a two 
times underrepresentation of women as defendants in 
non-compete lawsuits. 

In sum, it does not appear that firms target women 
with non-compete lawsuits. In fact, the severe under­
representation of women in non-compete lawsuits 
underscores that non-competes may have a stronger 

chilling effect on women-consistent with the mecha­
nisms of higher relative costs for defending against a 
lawsuit and a higher wage penalty upon returning to 
paid employment. 

Discussion and Conclusion 
I interpret these results cautiously for several reasons. 
First, because the LEHD data available to me cover 
only 25 states and the District of Columbia, it is possi­
ble that dynamics for those who worked the remain­
ing 25 states differ meaningfully. Another limitation, 
as discussed, is that the Census data do not indicate 
who signed a non-compete (indeed, no panel data to 
my knowledge include this information, only point­
in-time surveys). My approach to addressing this limi­
tation, following prior work (Starr 2019), is to compare 
fields in which non-competes are more frequently 
used versus in which they are less common. But it is 
possible that the central tendencies of this variable are 
somehow unrepresentative. 

Notwithstanding these limitations, this paper pro­
vides evidence that women are less likely than men to 
start rival businesses when they are subject to employ­
ee noncompetition agreements. This finding is shown 
using register data on all employees in 25 states and 
D.C. from 1990 to 2014 whose careers were entirely 
captured in those states. Although it has long been 
known that non-competes discourage entrepreneurial 
activity, this is, to my knowledge, the first evidence 
that the effect of non-competes on entrepreneurship 
varies by gender. If these findings are correct, then 
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one step to reducing the gender gap in entrepreneur­
ship would be to curtail the use of non-compete agree­
ments. One attractive aspect of addressing institution­
al discrimination is that it could be implemented 
quickly (via judicial fiat or legislative vote), whereas 
the attitudes that underpin individual discrimination 
can be slow to change. 

I show that heightened risk aversion among women 
(Eckel and Grossman 2008, Bertrand 2011, Charness 
and Gneezy 2012) discourages them from violating a 
non-compete by setting up a rival firm. I establish two 
mechanisms underlying this finding. First, I show 
that, although same-industry founders prefer to hire 
workers with industry experience, they are unable to 
do so when subject to strict non-competes. Women 
subject to stricter non-competes are particularly 
unlikely to hire workers with industry experience 
from their own networks, increasing the chances of 
failure and discouraging them from founding in the 
first place. Second, non-competes redirect women 
away from high-growth, high-risk ventures toward 
startups that stay in business but do not grow. More­
over, I am able to rule out the alternative mechanism 
that firms target women in non-compete lawsuits. 
Thus, non-competes not only discourage entrepre­
neurial activity among women in general, but in par­
ticular, depress the launch of high-potential ventures 
as non-competes make risky businesses even riskier. 

This paper contributes to the nascent literature on 
formal institutions, gender, and entrepreneurship 
(Elam and Terjesen 2010, Thebaud 2015, Castellaneta 
et al. 2020). Legislative efforts focus on implementing 
programs targeted at ameliorating frictions that may 
hold women back from pursuing entrepreneurial ven­
tures. My findings complement this work by showing 
that ostensibly gender-neutral policies may nonetheless 
have substantially different outcomes by gender. This 
result also adds to a growing body of work (Small and 
Pager 2020) on institutional discrimination driven by 
organizational practices not originally intended to dis­
criminate but nonetheless yield differential outcomes. 

These results also have implications for public policy. 
Although non-compete statutes often vary by occupa­
tion or wage, I am unaware of any state that has imple­
mented gender-specific non-compete polices. Many 
states have pursued reforms in non-compete policy, so 
understanding that non-competes disproportionately 
affect women may further galvanize these efforts. 
Moreover, the fact that non-compete effects on women 
are not driven by actual lawsuits, but instead by the 
chilling effect of potential lawsuits suggests a different 
approach to reform. Legislators often focus on court­
room outcomes, including whether the non-compete 
will be enforced by a judge. My results reinforce previ­
ous findings (Marx 2011, Starr et al. 2020a) that even 
the possibility of a lawsuit may have a chilling effect on 
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worker behavior. This raises the question of whether 
employers should be allowed to ask their employees to 
sign such contracts in the first place. As of January 1, 
2022, Illinois will become the first state with a law that 
restricts not just the enforceability but the use of non­
competes with certain workers: "No employer shall en­
ter into a covenant not to compete with any employee 
unless the employee's annualized rate of earnings ex­
ceeds $75,000 per year" (Illinois General Assembly, 
2021). Similar approaches in other states may help to 
shrink the gap. 

Acknowledgments 
The author is grateful to Lauren Aydinliyim, John Bauer 
Esq., Russell Beck Esq., Norm Bishara, Esq. Niles El­
dredge, Michael Ewens, Benjamin Fink Esq., Lee Fleming, 
Jessica Jeffers, Aleksandra Kacperczyk, Sarah Kaplan, Da­
vid Pardue Esq., Olav Sorenson, and Timothy Simcoe for 
feedback as well as to seminar participants at the NEER 
Summer Institute, the Kauffman Foundation Entrepre­
neurship Scholars Conference, Baruch College, Yeshiva 
University, Cornell University, and Copenhagen Business 
School. Any views expressed are those of the author and 
not those of the U.S. Census Bureau. The Census Bureau's 
Disclosure Review Board and Disclosure Avoidance Offi­
cers have reviewed this information product for unauthor­
ized disclosure of confidential information and have ap­
proved the disclosure avoidance practices applied to this 
release. This research was performed at a Federal Statisti­
cal Research Data Center under FSRDC Project Number 
1182. (CBDRB-FY21-P1182-R9045). Mistakes are the 
author's. 

Endnotes 
1 See https:// obamawhitehouse.archives.gov /sites/ default/ files/ 
docs/ eleven_facts_about_family _and_ work_final.pdf. 
2 Coverage of LEHD data available to me includes MD/CO/IL/ 
IN/LA/MO/WA since 1990, CA/OR/PA since 1991, GA since 
1994, NM/RI/TX since 1995, HI/ME since 1996, DE/IA/NV /SC/ 
TN since 1998, UT since 1999, OK/VT since 2000, DC since 2002, 
and AR since 2003. 
3 From Table 2, there are about 57,000 startups in this sample. This 
does not resemble the total annual number of U.S. startups because 
both this figure is limited to same-industry rivals and count is only 
for the approximately six million workers whose entire careers can 
be observed in the LEHD states available to me. 
4 For purposes of calibration, Starr et al. (2017) find that a unit in­
crease in NC policy is associated with a 0.13 percentage point de­
crease in within-industry entrepreneurship. 

"For the firm-level analysis in Tables 4 and 5, NCenforce and 
NChighfield are calculated as the maximum values for any founder. 
Unreported results using instead mean or median are similar. 
6 The long-term size results in Starr et al. (2018) are tempered by 
controlling for initial size. 

'An alternative interpretation of Table 5 is that non-competes do 
not dissuade women from founding high-potential ventures, but 
that these ventures simply fail to grow (for example, because of the 
difficulty of hiring talent with relevant industry experience). If this 
were the case, we would expect an increase in failure, but that is not 
what column (4) indicates. 
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~ Given that occupation is available only for about one fifth of CNS 
cases, I reestimate given 755 NC-related decisions in Lexis 
(2003-2006), in which every decision includes defendant occupation. 
The distribution of occupations is generally similar though lawsuits 
involving CEOs are overrepresented in Lexis. Using Lexis instead 
of CNS yields an estimated 49.1 % of defendants being female-­
quite similar to the 50.2% obtained using CNS. 
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Abstract 

We use a three way mixed-effects model to quantify firm-manager match effects in executive 
compensation, and find that unobservable match heterogeneity explains a considerable proportion 
of the compensation variation. Firms compensate managers for productivity generated by the 
efficient match, so we propose a measure of firm-manager match quality based on the match effects 
in executive pay. We validate the proposed measure by showing that it captures systematic firm­
manager complementarities and that it is positively and significantly associated with firm 
operating performance. We also find significant negative stock market reactions to the news of 
sudden deaths of CEOs with higher match quality, which helps address the concern that our match 
quality measure captures managerial rent extraction. Further, we show that match quality is an 
economically significant factor in CEO turnover decisions, an aspect of the executive labor market 
that features matching consideration prominently. 
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1. Introduction 

The quality of the match between firms and managers plays a central role in theoretical 

models of executive compensation and turnover. Gabaix and Landier (2008) and Tervio (2008) 

model the level of compensation as a competitive outcome when firms compete for scarce 

managerial talent. Assuming that talented managers generate greater productivity at larger firms, 

their models imply that the most talented managers match with the largest firms and earn the 

highest pay. 1 Likewise, Eisfeldt and Kuhnen (2013) develop a competitive assignment model in 

which the match between a firm and a CEO on multiple dimensions explains CEO turnover. 

Management consultants also emphasize that each unique business situation requires executives 

with a specific set of management skills and characteristics (Gerstein and Reisman 1983). 

Despite the importance of match effects for understanding the executive labor market, there 

is little direct empirical investigation into the match quality between firms and managers. A major 

empirical challenge in this area of research is to measure the match quality between firms and 

managers. It is challenging because (1) most firm-manager complementarities are not readily 

observable, and (2) quantifying matching complementarities is hampered by a lack of satisfactory 

measurements of manager traits such as talent, risk preference, and personality. As an illustration, 

Graham et al. (2012) document that time-invariant firm and manager fixed effects explain a 

significant proportion of the variation in top executive pay. 2 However, they acknowledge that their 

1 Pan (2015) extends the one-dimensional assignment model to a multi-dimensional model. In her model, two 
additional complementarities between firms and managers affect the level of pay: (1) matching diversified firms to 
CEOs with cross-industry experience, and (2) matching R&D intensive firms to CEOs with high innovation 
propensity. 
2 An extensive body of research investigates the determinants of executive pay. To date, existing studies have 
examined a wide variety of observable firm and managerial characteristics that affect executive pay (e.g., Rose and 
Shepard 1997; Core et al. 1999; Gabaix and Landier 2008; Frydman and Jenter 2010; Custodio et al. 2013; Falato et 
al. 2015; Ellahie et al. 2016). 
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empirical methods cannot fully address the matching issue if firms and managers are matched on 

unobservable firm and manager characteristics.3 

In this paper, we take a first step toward addressing this empirical challenge. Applying 

recent methodology advances in labor economics, we use a three way mixed-effects model to 

quantify firm-manager match effects in top executive compensation. The model includes time­

invariant firm and manager random effects and an interaction (random) effect between the firm 

and the manager. The interaction effect captures time-invariant, unobservable match effects in 

compensation. 4 The three way mixed-effects model has been used extensively in the labor 

economics literature to capture match effects. For example, Woodcock (2011) employs this 

method to quantify firm-worker match effects in determining worker wages; Jackson (2013) uses 

it to investigate the importance of match quality between teachers and schools for student 

achievement; and Lazear et al. (2015) apply it to study how much bosses enhance worker 

productivity. This mixed-effects model allows us to demonstrate the importance of the match 

between firms and managers in that it captures unobservable complementarities and overcomes 

the limitations of using indirect measures such as managerial traits. 5 

Using ExecuComp firm-executive linked data from 1992 to 2015, we construct a 

connectedness sample containing all the managers who have ever worked for a firm that has hired 

at least one other manager who previously worked for other firms. We find that firm-manager 

3 In a recent paper, Liu, Mao and Tian (2017) use the method in Abowd, Kramarz, and Margolis (1999, AKM) to 
show the importance of human capital in enhancing firm innovation. While Liu et al. (2017) apply similar empirical 
approaches as in Graham et al. (2012) to show the robustness of their results, they too provide a caveat that they cannot 
completely rule out the matching concern. 
4 While researchers could identify manager, firm, and match effects by either a three-way fixed effects model or a 
three way mixed-effects model, the latter is more suitable for most compensation studies for two reasons. First, the 
fixed effects model suffers from "limited mobility bias," which leads to imprecise estimation of fixed effects (Andrews 
et al. 2008). Second, to identify match effects, the three-way fixed effects model assumes match effects are orthogonal 
to person and firm effects. This assumption is almost always violated in economic data. 
5 By "unobservable complementarities," we mean the firm-manager complementarities that are difficult to quantify or 
unavailable to financial economists. 
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match effects are an important determinant of executive pay level. Specifically, firm-manager 

match effects explain 12% of the variation in executive pay, compared to 7.6% of the variation in 

executive pay attributed to manager effects. Importantly, the result shows that the power of 

manager effects in explaining the variation in executive pay reduces by about 59% (from 18.7% 

to 7.6%) when match effects are included in the mixed-effects model. This finding indicates that 

a substantial portion of what is considered a manager effect is not portable across firms. 

The above results supporting the importance of match effects in executive compensation 

might not be surprising. Firms compensate managers for productivity generated by the efficient 

match between firms and managers. As such, we propose a measure of firm-manager match quality 

based on the extent to which match effects explain executive pay. This approach could open the 

door to research studies that previously were challenging because of the difficulty to isolate match 

effects from firm and manager effects (Graham et al. 2012; Liu et al. 2017). We conduct a number 

of empirical analyses in an attempt to establish the validity of the measure and to illustrate the use 

of the measure in understanding the role of match quality in the executive labor market. 

First, we examine the information contents of the match quality measure. We show that 

compensation match effects are positively associated with two complementarities documented in 

prior work ( e.g., Gabaix and Landi er 2008; Pan 2015): (1) firm size and managerial talent, and (2) 

diversification degree and general management skills. These findings suggest that the proposed 

match quality measure can capture complementarities between firms and managers. 

Second, the job match theory assumes heterogeneity in the productivity of firm-manager 

matches, and predicts that high quality firm-manager matches are characterized by better firm 

performance relative to low quality matches (Garen 1988; Bishop 1990; Jovanovic 1979). We find 
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that the proposed measure, the match effects in compensation, is positively and significantly 

correlated with firm operating performance over the manager's tenure. 

Next, we address one concern about the proposed match quality measure that it might 

capture managerial rent extraction. Beginning with the work of Jensen and Murphy (1990), a 

stream of literature attributes the high level of executive pay to managerial entrenchment ( e.g., 

Borokhovich et al. 1997; Bebchuk and Fried 2003). If entrenched managers match with poorly 

governed firms and extract rents in the form of high pay, then compensation match effects might 

capture rent extraction. To investigate this possibility, we analyze changes in shareholder value 

around CEO sudden deaths. When an incumbent CEO matches efficiently with the firm, the 

sudden death of the incumbent CEO should be associated with a subsequent sub-optimal firm­

CEO match, which decreases shareholder value. If the proposed match quality measure captures 

value created by firm-CEO pairs, we expect to observe more negative market reactions to the 

sudden deaths of CEOs with higher match quality. Using a sample of 71 CEO sudden deaths, we 

find that the average three-day cumulative abnormal announcement returns around deaths of CEOs 

with high match effects (above median) are -1.94% and statistically significant, but are 

insignificant around deaths of CEOs with low match effects (below median). When we conduct 

regressions analyses, the negative association between market reactions to CEO sudden deaths and 

match effects remains robust to the inclusion of a number of firm and CEO characteristics. These 

results indicate that the proxy of compensation match effects is more likely to capture match­

specific productivity rather than rent extraction. 

In a final step, we illustrate the usefulness of the measure by investigating CEO turnover 

decisions, another aspect of the executive labor market that features matching consideration 

prominently (Allgood and Farrell 2003). CEO turnover can be driven by the board's conclusion 
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about the suitability of the match. If the CEO's skills are not well matched with the firm's needs, 

then the board is more likely to fire the CEO. While prior research documents a robust relation 

between CEO turnover and poor firm performance, there is no direct empirical evidence 

supporting the role of matching consideration. 6 In an influential discussion, Brickley (2003) 

argues that a large amount of variation of CEO turnover decisions remains unexplained even after 

controlling for firm and executive characteristics. We employ the proposed match quality measure 

to examine whether match quality can in part account for the unexplained variation in CEO 

turnover decisions. The results show that CEO turnover is more likely when the quality of the firm­

CEO match is poor after we control for a number of firm and CEO characteristics in the empirical 

analyses, including market and accounting performance measures. Specifically, one standard 

deviation increase in the proxy of match quality is associated with a decrease of 6.4% (3 .3%) of 

CEO turnover (forced turnover) likelihood, which is about 77% (143%) of the mean turnover 

(forced turnover) probability. 

Our study makes three primary contributions. First, our study advances understanding of 

executive compensation and turnover decisions. To the best of our knowledge, this paper is the 

first empirical study to quantify firm-manager match effects in executive compensation. Building 

on a competitive assignment model, the literature emphasizes the importance of firm-manager 

match in understanding the executive labor market (e.g., Gabaix and Landier 2008; Tervio 2008; 

Pan 2015). Our results suggest that time-invariant, unobservable match effects explain a sizable 

6 Allgood and Farrell (2003) document that a high percentage of CEO turnovers in the early years of tenure, and 
interpret it as supporting that the job match theories apply to the CEO labor market. 
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proportion of the variation in executive compensation, and that match effects are an economically 

significant determinant of executive turnover decisions.7 

Second, we introduce a firm-manager match quality dimension to empirical studies in the 

executive labor market. We propose a measure of firm-manager match quality that is based on 

easily obtainable compensation data and available for a broad cross-section of firms. Researchers 

might apply this measure to study the role of match quality in a wide array of economics, finance 

and accounting settings, which were previously difficult to implement. 

Third, our study contributes to a growing literature exploring the role of multi-dimensional 

match between firm characteristics and manager attributes in shaping corporate outcomes ( e.g., 

Bandiera et al. 2012; Graham et al. 2013; Pan et al. 2017; Liu et al. 2017). Extending these studies, 

we document that unobservable heterogeneity in firm-manager match is an important determinant 

of firm performance. Furthermore, our findings suggest the importance of considering firm­

manager match effects if the goal is to study how unobserved managerial attributes influence 

corporate policies and accounting practices (e.g., Bertrand and Schoar 2003; Bamber et al. 2010; 

Bushman et al. 2020). 

2. Empirical Methodology of Identifying Match Effects in Compensation 

2.1. A Model of Firm-Manager Match Effects and Executive Pay 

In this section, we describe the empirical methodology of identifying match effects in 

compensation. Early labor economics literature decomposes worker wages into a worker effect 

and a firm effect (Abowd et al. 2004). We follow Jackson (2013) and use his model to illustrate 

7 While the quality of the match can change over time as a firm evolves or as industry and market conditions change, 
we note that our proxy of firm-manager match quality is time invariant and does not capture changing match quality. 
It is difficult to account for changing match quality because of the difficulty of identifying when the changes occur. 

6 

Electronic copy available at: https://ssrn.com/abstract=3067808 

FTC_AR_00001395 



the role of firm-manager match effects in executive pay. 

Suppose that (1) manager i has productive characteristics (e.g., ability, education, human 

capital, and other "portable" determinants of productivity) indexed by L; (2) firm} has productivity 

characteristics (e.g., technology and capital intensity) indexed by~- When a manager's productive 

attributes and a firm's productive attributes are complementary, certain pairings of managers and 

firms are particularly productive. 8 We denote Mif as the complementarities between the productive 

characteristics of manager i and firm}. Output Qif is given by the Cobb-Douglas function: 

(1) 

Suppose that firm j faces price PJ for its output, and manager i's compensation is share y iJ 

of firm j's output. The log of the manager's compensation WzJ is given by equation (2). 

(2) 

In Equation (2), lnWif is determined by three separable components: the manager 

productivity component 0lnLi; the firm productivity component lnP1 + !j!ln]0; and the firm-

manager match-specific productivity component lnyifNJt. 9 

2.2. Empirical Methodology 

Consistent with Equation (2), our empirical model of executive compensation includes a 

firm component, a manager component, and a firm-manager match component. We decompose 

firm and manager components into observable and unobservable parts. Given the inherent 

difficulty of empirically measuring match-related characteristics, we rely on a time-invariant 

8 Rosen (1981, 1982) suggests that an efficient match between firms and managers creates economic surplus. 
9 In a competitive assignment model framework (e.g., Gabaix and Landier 2008; Tervio 2008), the output is shared 
between a firm and a manager. The sharing rule is an equilibrium outcome of the competition for scarce managerial 
talent and is determined by the distribution of the manager's and the firm's productive characteristics. 
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match component to capture firm-manager complementarities.5 Specifically, we use the following 

regression model of executive compensation: 

Ln(Total compensation)ift = µo + /liLn(Assets)Jt-1 + fhMTBJt-1 + /hReturnJt + /J4ReturnJt-1 + 

/JHFirstYearit + Year Fixed Effects + 0i + !J!J + ¢if + E:ift (3) 

where i indexes managers, j indexes firms, and t indexes years. 0i is a time-invariant portable 

manager effect, which captures unobservable managerial skills transferable across companies; !J!J 

is a time-invariant firm effect, which captures unobservable firm-specific characteristics or 

compensation policies; ¢if is a match effect, which captures the value of productive 

complementarities between manager i and firm}. 

We include a set of variables to control for observable firm and manager characteristics 

that determine the level of executive compensation. Following Core, Holthausen and Larcker 

(1999), we use the natural log of total assets (Ln(Assets)) to proxy for firm size; market-to-book 

ratio (MTB) to proxy for firm's investment opportunity; stock returns (Return) and return on assets 

(ROA) to proxy for firm performance; stock return volatility (6(Return)) to proxy for firm risk; the 

CEO/board chair indicator variable to proxy for board independence (Duality); and the natural log 

of job tenure (Ln(Tenure)) to proxy for human capital investment. We also include an indicator 

variable for CEO (CEO) to capture compensation differences between CEOs and non-CEO top 

executives. Many firms offer abnormally large equity awards and signing bonuses when an 

outsider first joins a firm, so we include an indicator variable for the first year when an executive 

5 Gabaix and Landier (2008) and Tervio (2008) suggest that the match between talented managers and large firms 
generates match-specific productivity. Without a good measure of managerial talents, it is difficult to quantify the 
compensation consequences of match-specific productivity by regressing executive compensation on match-related 
characteristics. Match effects driven by firm-manager complementarities are likely to evolve slowly over time. Hence, 
we rely on a time-invariant match component to capture the average observable and unobservable match effects in 
compensation for each firm-manager pair. Given that this method does not identify match effects that are time varying, 
it might underestimate match effects. 
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joins a firm (FirstYear). The inclusion of FirstYear also helps mitigate concerns that sign-up 

awards might reflect premiums for the uncertainty of the match when a manager joins a new firm 

(Carter, Franco and Tuna 2019). We additionally include year fixed effects to capture differences 

in compensation across years. Lastly, we adjust standard errors at the firm level to correct for 

within firm correlation. Appendix 1 provides detailed definitions of all the variables used in the 

empirical analyses. 

The assumption of using Equation (3) to identify firm, manager, and match effects is that 

the error terms (ci_ir) have a zero conditional mean: 

(4) 

This identification condition is weaker than that required by the person (worker) and firm 

effects model in Abowd, Kramarz and Margolis (1999; AKM) and Graham et al. (2012), 

E(t:iJtl 0i, !/fJ'XiJ1)=0. Adding match effects allows the mobility of managers to depend on unobserved 

match-specific heterogeneity (¢..). If the mobility of managers depends on unobservable match 
lJ 

effects (e.g., a manager moves to a firm because of a better match at this firm), omitting match 

effects leads to biased and inconsistent estimations of manager and firm effects. 10 

By observing compensation data for multiple managers who switched across firms, we can 

separate match effects from firm and manager effects. Woodcock (2011) proves that the group 

connectedness ofindividuals across firms is the necessary and sufficient condition to separate firm, 

10 We note that ignoring match effects predominantly biases manager effects not firm effects. This is due to the nature 
of the firm-manager linked data. In such data, a typical firm matches with a number of managers, but a typical manager 
only matches with a few firms. Among the managers who have worked for a particular firm, some of them have 
positive match effects and others have negative match effects. On average, firm effects contain small measurement 
errors because positive and negative omitted match effects tend to cancel out over many matches. However, there is 
no such effect for managers who only match with a few firms. As such, manager effects estimated by the AKM (1999) 
method could be biased. 
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person, and match effects, which is the same as the identification conditions of separating firm and 

person effects in AKM (1999). 

For mover managers who are observed in multiple firms, the mixed-effects model identifies 

firm effects based on the common component of compensation among managers, manager effects 

based on conditional covariation of a manager's compensation at different firms, and match effects 

based on conditional covariation in compensation within the firm-manager match that is not 

explained by firm and manager effects. 

To illustrate the intuition, consider two firms A and B, and two managers C and D. The 

difference in Manager C's compensation between Firm A and Firm B captures the difference in 

firm effects, as well as the difference in match effects for Manager C between the two firms. If 

there are no firm-manager match effects, the difference in a manager's compensation between 

Firm A and Firm B reflects only the difference in firm effects, which is the same for any 

manager. In contrast, when match effects exist, the difference in a manager's compensation 

between Firm A and Firm B will vary with the manager, which allows us to separate match effects 

from firm and manager effects. 11 

At the same time, the mixed-effects model allows the identification of match effects of 

non-mover managers based on an empirical Bayesian approach (Jackson, 2013). The mixed­

effects model estimates distributional information (the variances of manager, firm, and match 

effects) based on mover managers. The high compensation of a non-mover manager (after 

controlling for observable manager characteristics and firm effect) could be explained by (1) a 

large positive manager effect and/or (2) the manager is a good match with the firm. If the variance 

11 Mathematically, under the assumption of the mixed-effects model that the mean of the match effects is equal to 0 
in expectation for each firm and for each manager, we have four equations and four unknowns about match effects 
between firms A and B, and managers C and D for mover managers: ¢Ac+ ¢AD=0, ¢Be+ ¢BD=0, ¢Ac+ ¢Bc=O, and ¢AD+ 
¢BD=0. As a result, there is a unique solution for the values of the match effects. 
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of match effects is larger than that of manager effects, then the manager is more likely to draw a 

large match effect rather than a large manager effect. Under this circumstance, the mixed-effects 

model attributes a larger proportion of the compensation unexplained by manager and firm effects 

to match effects. 12 As demonstrated above, the mixed-effects model uses distributional 

information of the mover managers to generate estimators of manager and match effects rather 

than mechanically attributing the unexplained variation to managers, as in the fixed-effects model. 

Following AKM (1999), we construct a connectedness sample that contains all the 

managers who have ever worked for a firm that has hired at least one mover manager, i.e., a 

manager previously worked for other firms. The procedure goes as follows: we begin with an 

arbitrary manager and include all the firms for which she has ever worked. Next, we include all 

the managers who have ever worked for those firms, and continue to add other firms for which 

any of these managers have ever worked until we could not add more managers or firms to the 

current group. We repeat the above steps for the next group and continue until all data are 

exhausted. The connectedness sample contains both mover and non-mover managers as long as 

they work in firms that have hired at least one mover manager. 

Equation (3) can be estimated by either a fixed-effects model or a mixed-effects model. In 

a fixed-effects model, time-invariant firm, manager, and match effects are identified as fixed 

effects. The firm fixed effect is the common component of compensation for all managers who 

have worked for the same firm. The manager fixed effect is the common component of a manager's 

pay at each firm in her employment history. To separate match effects from firm and manager 

effects, the three way fixed-effects model assumes that match effects are orthogonal to firm and 

manager effects (Woodcock 2011). The orthogonality assumption introduces two undesirable 

12 We thank C. Kirabo Jackson for confirming the mechanisms of using a mixed-effects model to estimate match 
effects for the non-mover managers. 
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features to fixed-effects estimators. First, this approach attributes the proportion of match effects 

correlated with firm or manager effects to firm or manager effects.6 Second, the orthogonality 

assumption restricts the mean of match effects to zero for each manager and firm. For the manager 

who has only worked for one firm during her employment history, the match effect is zero by 

construction. 13 

Alternatively, we can estimate Equation (3) using a mixed-effects model, in which the 

unobservable match heterogeneities are identified as random effects (Woodcock 2011; Jackson 

2013; Lazear et al. 2015). We describe in detail the estimation procedure in Appendix 2 of the 

paper. The mixed-effects model offers several advantages relative to the fixed-effects model. First, 

the two-step estimation approach, also referred as the "hybrid" mixed-effects model, does not 

assume zero correlation between random effects and observable characteristics (Woodcock 2011 ). 8 

By relaxing the zero-correlation assumption, the (hybrid) mixed-effects model generates 

consistent and unbiased estimates of the parameters on observable characteristics (Cameron and 

Trivedi 2005). 

Second, as mentioned earlier, the fixed-effects model mechanically assigns match effects 

to zero for non-mover managers and loads match effects that correlate with firm or manager effects 

to firm or manager effects for mover managers. In contrast, the mixed-effects model loads the 

6 The orthogonality assumption is always violated in economic data. For example, Gabaix and Landier (2008) suggest 
that larger firms tend to match with more talented CEOs. If high match quality arises from such complementarity, 
match effects might correlate with CEO effects that capture latent managerial talent. 
13 Prior studies also raise concerns about the "limited mobility bias" suffered by both the two way and three way fixed­
effects models. Abowd et al. (2004) and Andrews et al. (2008) show that when the worker mobility in the 
connectedness sample is limited, the estimated fixed effects are imprecise and the standard deviations of worker and 
firm fixed effects are biased upward. 
8 The conventional mixed-effects model assumes that firm, CEO, and match effects do not correlate with the 
observable firm and CEO characteristics. This assumption is too restrictive. For example, if the length of a CEO' s job 
tenure is related to her latent ability, the variable ln(Tenure) is correlated to unobservable person effects. 
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variation in compensation, which is unexplained by observable characteristics, to firm, manager, 

and match random effects based on the distributional information (&~, &!, and &~). 

Third, the mixed-effects approach does not suffer from the "limited mobility bias." As the 

number of firms, managers, and matches are sufficiently large in the sample, the estimated random 

effects and estimated variance of random effects are consistent (Jiang 1996, 1998). Further, the 

mixed-effects model allows manager, firm, and match effects to correlate with each other in the 

sample, and does not mechanically impose the restriction that match effects are orthogonal to firm 

and manager effects as in the fixed-effects model. 

3. Data and Sample 

3.1 Sample 

We construct a firm-manager matched panel dataset from 1992 to 2015. ExecuComp 

allows us to track through time the top five highest-paid managers of S&P 1,500 firms. As 

described in Section 2, we construct a connectedness sample that contains all the managers who 

have ever worked for a firm that has hired at least one manager who previously worked for other 

firms. We obtain financial accounting data from Compustat, and stock return data from CRSP. We 

remove observations with missing accounting and stock return variables. The resulting sample 

contains 153,833 firm-manager-year observations. 

3.2 Measurements of Top Executive Compensation 

We use ExecuComp data item TDC 1 to measure total compensation for fiscal years before 

2006. The Securities and Exchange Commission (SEC) adopted new reporting requirements for 

executive compensation for fiscal years ending after December 15, 2006. To ensure that we 

measure the compensation variables consistently over our sample period, we follow the formula 
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of TDCl to compute total compensation for observations after fiscal year 2006. Specifically, we 

first calculate the Black-Scholes value of stock options granted using the modified Black-Scholes 

formula,9 then we compute total compensation as the sum of salary, bonus, non-equity incentives, 

the Black-Scholes value of stock options, the grant date fair value of stock grants, and other 

compensation. 

3. 3 Executive Mobility 

Because the separation of manager, firm, and match effects depends on the mobility of 

managers, we summarize the mobility structure of the sample in Table 1. The sample contains 

32,420 managers and 2,385 firms. Panel A shows that 90.19% of managers are non-movers who 

have worked as top executives for only one firm, and that 9. 81 % of managers have worked for at 

least two firms in the sample. 14 Panel B shows that 94.34% of the firms have hired more than five 

top managers during the sample period. In particular, 28.51 % of the firms have hired 6 to 10 

managers, 23. 61 % of them have hired 11 to 15 managers, 31.45% of them have hired 15 to 20 

managers, and 10.78% of them have hired more than 25 managers. In general, a typical firm 

matches with multiple managers. 

[Insert Table 1 about here] 

3. 4 Summary Statistics 

Table 2 reports summary statistics for the sample. The average (median) total executive 

compensation is $2.39 ($1.26) million, suggesting that the distribution of executive pay is skewed 

9 Following the methodology of ExecuComp, we make the following assumptions about the inputs of the modified 
Black-Scholes formula: (1) the exercise price per share is the market price at the time of grant; (2) the grant date is 
July 1st of the grant year; (3) the term of grant equals 0.7 times the period between the grant date and the expiration 
date; (4) the risk-free rate is the annual yield on a seven-year U.S. Treasury bond; (5) the estimated stock volatility 
during the time of grant is the standard deviation of the past 60 months' stock return; ( 6) the estimated dividend yield 
during the time of grant equals the average dividend yields over a three-year period. 
14 Note that the statistics of 90% non-mover managers in our sample is comparable to that of teachers in Jackson's 
(2013) sample in which 80% of teachers only work for one school. 
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to the right side. The average tenure of top executives is 11.41 years, and 18% of them are CEOs. 

Among firm characteristics, the mean (median) of total assets is $10,982 ($1,986) million in the 

connectedness sample, indicating skewness in the distribution of firm size. On average, the sample 

firms have positive ROA and positive stock returns. 

[Insert Table 2 about here] 

4. Match Effects in Executive Compensation 

We start empirical analyses by demonstrating match effects in executive compensation. 

Panel A of Table 3 reports the estimation results of four different model specifications of Equation 

(3). Column (1) is a pooled OLS regression without firm or manager fixed effects; column (2) is 

an OLS regression with firm and manager fixed effects; column (3) is a two way mixed-effects 

regression with firm and manager random effects; and column (4) is a three way mixed-effects 

regression with firm, manager, and match random effects. Across all columns, we find that 

managers earn higher pay in firms with larger size, higher growth opportunities, better 

performance, and higher risk, consistent with findings from prior studies (Core et al. 1999; Core 

et al. 2008; Graham et al. 2012). The results also show that CEOs on average earn higher pay than 

non-CEO top executives, and that executives earn higher pay in their first year with a firm. 15 

[Insert Table 3 about here] 

We employ two tests to assess the importance of match effects in executive pay. First, we 

use a REML likelihood ratio test (REMLRTs) based on the log-likelihoods of specifications with 

15 We find that the coefficient estimates on most observable firm and manager variables are similar in magnitudes in 
columns (2) - ( 4 ). This result is not surprising for the following reasons. First, as discussed in Appendix 2, we estimate 
the coefficients on observable firm and manager characteristics from the first-step ( or "spell fixed effects" approach) 
in the mixed-effects models. Thus, the coefficient estimates in columns (3) - (4) are identical. Second, Graham et al. 
(2012) also report that the coefficient estimates in the "spell fixed effects" approach are similar to those in the fixed­
effects regression. 

15 

Electronic copy available at: https://ssrn.com/abstract=3067808 

FTC_AR_00001404 



and without match effects to assess the existence of match effects. 11 In the last row of column ( 4), 

we report the result of the likelihood ratio test which rejects the null hypothesis of no match effects 

at a conventional significance level (p<0.00001). 

Second, following Graham et al. (2012) and Coles and Li (2013), we use proportional 

variance decomposition to determine the proportion of the variance of Ln(Total compensation) 

explained by each component to capture the relative economic importance of match effects. The 

decomposition is based on the following Equation: 

(5) 

where i indexes managers, j indexes firms, and t indexes years. Yift is the dependent variable 

Ln(Total compensation); Xt is a vector of time-variant observable manager characteristics; ~tis 

a vector of time-variant observable firm characteristics; µt captures year effects; Bi captures 

manager effects; Vf.captures firm effects;¢ .. captures firm-manager match effects, and eiit is the 
J y ~ 

corresponding residual. The proportion explained by each component equals the covariance 

between Ln(Total compensation) and each component, scaled by the variance of Ln(Total 

compensation). 

In Panel B of Table 3, column (2) shows that firm and manager fixed effects explain 8.9% 

and 35.4% of the variation in Ln(Total compensation) in an OLS regression. Column (3) 

demonstrates that, in the two way mixed-effects model, manager random effects explain 18.7% of 

11 REMLRTs is the likelihood ratio test based on REML estimators of Equation (3). We test the null hypothesis of no 
match effects (Ho: CJJ = 0 versus Ha: CJJ > 0). In particular, we compare the log likelihood of the null model to that 
of the alternative model. The null model is Equation (3) without the match effects and the alternative model is Equation 
(3). The test statistic is x2=-2(loglikelihood(null model)-loglikelihood(alternative model)). Abowd, Kramarz and 
Woodcock (2006) provide detailed discussion of the likelihood ratio test. 
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the variation in Ln(Total compensation) while the explanatory power of firm random effects 

increases to 20.5%. The results suggest that the fixed-effects model is more likely to over-estimate 

(under-estimate) the explanatory power of time-invariant manager (firm) effects in executive pay 

relative to the mixed-effects model. 

Turning to column (4), the three way mixed-effects model estimation results indicate that 

firm, manager, and match effects explain 21 %, 7.6%, and 11.5% of the variation in Ln(Total 

compensation), respectively. Compared to the results in column (3), the explanatory power of 

manager effects decreases by 59% (from 18.7% to 7.6%) after controlling for match effects. 

However, the explanatory power of firm effects is similar, regardless of whether we control for 

match effects or not. As discussed in Section 2, due to the firm-manager linked data structure, 

omitted match effects are likely to be absorbed in manager effects rather than in firm effects. Thus, 

omitting match effects inflates the explanatory power of manager effects but not of firm effects. 

We use the summary statistics in Panel B to demonstrate the economic impact of match 

effects. Column ( 4) shows that the standard deviations of firm, manager, and match effects are 

0.42, 0.16, and 0.23, respectively. Thus, if match effects increase one standard deviation, the 

average Ln(Total compensation) increases from 7.2 to 7.43 (=7.2+0.23), corresponding to an 

increase of $0.35 million in total compensation (=$1.69 million- $1.34 million). As a benchmark, 

if firm (manager) effects increase one standard deviation, Ln(Total compensation) increases 0.42 

(0.16), equivalent to an increase of $0. 7 ($0.23) million in total compensation. Overall, match 

effects appear to have a significant economic impact in determining executive pay. 

One concern about our empirical research methodology is the inclusion of the first-year 

observation of a manager in the sample. Sign-up awards during the first year might reflect 

premiums for the uncertainty of the match when a manager joins a new firm, confounding the 
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estimation of the firm-manager match effects during a manager's tenure (Carter et al. 2019). To 

address this issue, we estimate match effects after removing the first year observations from the 

sample. The results are qualitatively similar to those presented in Table 3 .16 

Overall, the results presented thus far suggest that unobservable time-invariant firm­

manager match heterogeneity explains a sizeable proportion of the variation in executive pay, and 

that the inclusion of match effects substantially reduces the explanatory power of time-invariant 

manager effects. 

5. Match Effects in Executive Compensation as a Proxy of Match Quality 

The findings supporting the importance of match effects in executive compensation might 

not be surprising given the theoretical predictions about the role of match in the executive labor 

market. Firms compensate managers for productivity generated by the efficient match between 

firms and managers, so we propose using the extent to which the match effects explain executive 

pay as a proxy of firm-manager match quality. For the remaining of the study, we conduct a series 

of empirical tests in an attempt to establish the validity of the proposed measure and to illustrate 

the use of the measure in understanding the role of match quality in the executive labor market 

with a focus on CEOs. 

5.1. The Information Content of the Match Quality Measure 

As a first step, we assess whether the proposed match quality measure captures systematic 

complementarities between particular managers and particular firms. We examine two firm­

manager complementarities documented in prior studies. One is the well-established 

complementarity between firm size and managerial talent (Gabaix and Landier 2008 and Tervio 

16 We note that this similarity is probably not surprising because we include an indictor variable of the first year of a 
manager's tenure in Model (3). The regression results are not tabulated for brevity and are available upon request. 
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2008). The other is the complementarity between diversification and general management ability. 

Economies of scope suggest that the skills of managers with past working experience in 

conglomerates are more suited for more diversified firms (Pan 2015). Consistent with this 

expectation, Maksimovic and Philips (2002) document that managers in more diversified firms 

have a higher level of general managerial ability than those in less diversified firms. 

We test whether the proposed match quality measure is positively associated with the two 

firm-manager complementarities. To assess complementarity between firm size and managerial 

talent, we measure firm size using the logarithm of total assets (Ln(Assets)), and managerial talent 

(Talent) using the manager efficiency score developed in Demerjian et al. (2012). 17 Following Pan 

(2015), we allocate the efficiency score to a manager based on the proportion of the whole 

management team's compensation earned by the manager. To capture complementarity between 

diversification and CEO general management ability, we measure diversification (DIV) using a 

segment sales-based Herfindahl Index, and general management skills (GA/) using the General 

Ability Index of CEOs in Custodio et al. (2013). 18 The GAI is standardized to have a zero mean 

and a standard deviation of one. 

Given that the estimated compensation match effects are time-invariant, we average firm 

and manager attributes over the job tenure for each manager. We then calculate interaction terms 

between averaged firm and managerial attributes at the firm-manager level. We estimate the 

following cross-sectional regressions: 

Match Effectif = /Jo + /J1Ln(Assets)J + /Ji Talent; + /J3Ln(Assets)J x Talenti + E:if (6.1) 

17 The efficiency score is based on the technique of input-oriented data envelopment analysis (DEA). Demerjian et al. 
(2012) show that the efficiency score is a more precise measure of managerial talent than existing ability measures 
such as firm size, ROA, and media mentions. 
18 Custodio et al. (2013) develop the GAi for CEOs of S&P 1,500 firms from 1992 through 2012. Claudia Custodio 
generously shared with us the updated GAi data to 2016. Thus, our regression analysis is conducted over the period 
from 1992 to 2015. 
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Match Effect_ CEOif = /Jo + /J1Ln(Assets)J + /Ji Talent; + /J3Ln(Assets)J x Talenti + /J4DJVi 

+ /JsGAii + f]dJIVi x GAii + E:if (6.2) 

where i indexes managers and j indexes firms. Match Effect is the manager compensation match 

effects, and Match Effect_ CEO is the CEO compensation match effects, both estimated from 

Equation (3). 

[Insert Table 4 about here] 

Table 4 reports the results. Columns (1) presents the results on complementarity between 

firm size and managerial talent of managers (equation 6.1); column (2) presents the results on 

complementarity between diversification and general management ability of CEOs (equation 6.2); 

and column (3) presents the results after including both complementarities for CEOs (equation 

6.2). The results show that the interaction terms-Ln(Assets) x Talent and DJVx GAI-are both 

positive and statistically significant across all columns. These findings suggest that firms 

compensate managers for match-specific productivity derived from size/talent and 

diversification/general management ability complementarities. 

5.2. Match Quality and Firm Performance 

Next, we investigate whether firm performance varies predictably with the proposed 

measure of firm-manager match quality. Match theory proposes that workers differ in their 

productivity because of the heterogeneity in the quality of job matches across firms. As such, high 

quality matches are more productive than poor quality matches. Applying this insight to the 

executive labor market, we expect a positive association between firm-manager match quality and 

firm performance. We focus on CEOs because their primary responsibility is to lead the firm and 

should be responsible for a firm's performance. To test this implication, we run a regression of 

firm performance on the measure of firm-CEO match quality as follows: 
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Performanceift = µo + /J1Match Effect_ CEOif + f]iLn(Assets)Jt + /J3MTBJt + /J4LeverageJt + 

/Jscr(Return)Jt-1 + Year FEs + E:ift (7) 

where i indexes CEOs,j indexes firms, and t indexes years. We employ two operating performance 

measures, ROA and ROE. The variable Match Effect_ CEO denotes the compensation match 

effects for CEOs estimated from Equation (3). 

[Insert Table 5 about here] 

Table 5 column (1) shows the regression results when the performance measure is ROA, 

and column (2) reports the results when the performance measure is ROE. Regardless of the 

performance measures used, we find a positive and significant coefficient on Match Effect_ CEO, 

supporting that high quality firm-CEO match has a positive impact on firm performance. 

5.3. Match Effects and Managerial Rent Extraction 

One concern about the proposed match quality measure is that the estimated compensation 

match effects might capture managerial rent extraction. Prior literature documents that managerial 

entrenchment or poor corporate governance allows CEOs to extract rents from shareholders ( e.g., 

Jensen and Murphy 1990; Borokhovich et al., 1997; Bebchuk and Fried, 2003; Acharya and Vol pin 

2010; Dicks 2012). If entrenched CEOs match with poorly governed firms and extract private 

benefits in the form of excessive pay, high compensation match effects might reflect rent extraction. 

To investigate this possibility, we examine the association between the proposed match quality 

measure and the stock market reactions to CEO sudden deaths. Following existing literature 

(Johnson et al. 1985; Bennedsen et al. 2007; Nguyen and Nielsen 2014), we use the stock price 

reactions to CEO sudden deaths to proxy for the CEO's expected contribution to shareholder value. 

Under the competitive assignment framework of Gabaix and Landier (2008) and Tervio 

(2008), the current CEO creates more firm value than the next candidate because otherwise, the 
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firm would have replaced the current CEO. That is, in a competitive and frictionless world, a CEO 

sudden death decreases firm value. If the proposed match quality measure reflects value created 

by the firm-CEO pairs, we should observe that the stock market reacts more negatively to the 

sudden deaths of CEOs with higher match effects. In contrast, if the proposed match quality 

measure captures disproportionally rent extraction, i.e., the incumbent CEOs extract more 

compensation than the value they generate, we should observe that the stock market reacts more 

positively to the sudden deaths of CEOs with higher match effects. 

Identifying value created by the CEOs requires that the deaths be sudden and unexpected 

by the stock market. Following Fee et al. (2013), we search Factiva and Capital IQ to identify CEO 

sudden deaths (e.g., heart attack, stroke, and other unspecified causes) and collect the 

announcement dates of CEO deaths. 19 We are able to identify 71 CEO sudden deaths during the 

period from 1992 to 2012. Panel A of Table 6 shows that the average CEO age is around 59 for 

both CEOs with high (above median) match effects and those with low (below median) match 

effects. 

[Insert Table 6 about here] 

We calculate abnormal returns using the market model, and estimate the expected returns 

over the trading window [-240, -30] prior to the event. Panel B presents cumulative abnormal 

returns (CAR) for three windows starting up to two trading days before the announcement, and 

ending up to five trading days after the announcement. We find that on average, the stock market 

responds negatively to CEO sudden deaths. CARs are significantly negative for sudden deaths of 

CEOs with high match effects, but are insignificant for sudden deaths of CEOs with low match 

effects. For example, the average CARs over a three-day window, CAR[-l, l], is -0.194 and 

19 We thank Edward Fee, Charles Hadlock, and Joshua Pierce for kindly providing us with their classification of CEO 
turnovers over the period from 1992 to 2007. 
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statistically significant (p-value<0.05) for sudden deaths of CEOs with high match effects, while 

CAR[-l, l] is 0.13 and not statistically significant for sudden deaths of CEOs with low match 

effects. 

We additionally conduct a regression analysis to address the possibility that firm and CEO 

characteristics might confound the interpretation of the univariate statistics. For example, Jenter, 

et al. (2018) document that CEO characteristics such as age and tenure correlate strongly with 

stock market reactions to CEO deaths. We run an OLS regression of CARs around CEO sudden 

deaths on the measure of firm-CEO match quality controlling for several firm and CEO 

characteristics. 20 

C'ARu = µo + /liMatch Effect_ CEOu + fhCEO Effecti + /hLn(Tenure )u + /J4Ln(Assets)J 

+ f]c,Adj_ ReturnJ + /J7Adj_ EBITJ + /J10 Ln(Age)i + cu (8) 

where i indexes CEOs and j indexes firms. We measure both firm and CEO characteristics at the 

year of CEO death. Panel C of Table 6 reports the regression results. The dependent variable is 

C'AR around CEO sudden deaths measured over three different windows: [-1, l] in column (1), [-

2, 2] in column (2), and [-2, 5] in column (3). We find a negative and statistically significant 

coefficient on Match Effect_ CEO across all columns, suggesting more negative market reactions 

to the sudden deaths of CEOs with higher match effects. 

We interpret the overall evidence of stock market reactions to CEO sudden deaths as 

suggesting that investors view sudden deaths of CEOs with high match effects as bad news. The 

findings support that the proposed match quality measure captures match-specific productivity 

rather than rent extraction. 

5. 4. Match Quality and CEO Turnover 

20 The definitions of all the explanatory variables are available in Appendix 1. 
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Finally, we use CEO turnover as a setting to demonstrate the usefulness of our proposed 

match quality measure in understanding the role of match in the executive labor market. In an 

influential discussion, Brickley (2003) concludes that a large amount of variation of CEO turnover 

decisions remains unexplained partly due to the narrow focus of CEO turnover research on the 

inverse relation between turnover and firm performance. He proposes that researchers examine 

other less-explored issues in CEO turnover decisions. In this section, we use the proposed match 

quality measure to investigate whether match effects can in part account for unexplained variation 

in CEO turnover decisions.21 

CEO turnover is an aspect of the executive labor market that features matching 

consideration prominently (Allgood and Farrell 2003). CEO turnover can be driven by the board's 

conclusion about the suitability of the match. If the CEO's skills are not well matched with the 

firm's needs, then the board is more likely to fire the CEO. Prior research uses firm performance 

to infer the matching considerations. However, poor performance also reflects CEO ability and 

efforts. Therefore, it is difficult to use firm performance to disentangle the incentive from the 

matching consideration. To the extent that the estimated compensation match effects capture the 

underlying firm-CEO match quality, we would expect a higher turnover likelihood for a CEO with 

lower match effects. Our proposed measure of match quality also allows us to assess the economic 

significance of matching consideration in CEO turnover decisions. 

We use ExecucComp to identify CEO turnovers. Prior studies (e.g., Warner et al. 1988 or 

DeF ond and Park 1999) suggest that it is not always possible to determine whether a CEO turnover 

was forced, so we examine both turnover and forced turnover. We obtain CEO forced turnover 

21 Along those lines, the job match theory assumes heterogeneity in the productivity of firm-manager matches and 
predicts that high quality firm-manager matches are characterized by longer tenure of managers relative to low quality 
matches (Garen 1988; Bishop 1990; Jovanovic 1979). Consistent with this theory, we find that match effects in 
manager compensation is positively and significantly correlated with the tenure of the managers. 
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data from Peters and Wagner (2014). The forced turnover data cover the period from 2002 to 2015, 

and we use the same period for the identification of CEO turnovers. For each firm, we compare 

the CEO names from one year to the next, and identify a CEO turnover if the CEO listed in the 

sample has changed from one year to the next. We employ the following probit regression to 

investigate the role of match effects in CEO turnover decisions: 

Turnifr!Forcedur = µo + /J1MatchEffect_CEOu+ /J2CEOEffecti+ /J3Ln(Tenure)ur-1 + 

/J4Ln(Assets)Jt-1 + /JsMTBJt-1 + f]r,Adj_ ReturnJt-1 + /J7Adj_ EBITJt-1 + /Jscr(Return}t-1 + 

/J9DualityJt-1 + /J10 Ln(Age)it-1 + /JuRetireit-1 + Year FEs + Industry FEs + E:ift (9) 

where i indexes CEOs,j indexes firms, and t indexes years. We use two turnover measures in our 

tests: Turn, an indicator variable equals to one for firm-years where there is a CEO turnover and 

zero otherwise; and Forced, an indicator variable equals to one for firm-years where there is a 

forced CEO turnover and zero otherwise. The variable of interest is Match Effect_ CEO, which is 

CEO compensation match effects estimated from Equation (3). Following prior literature on CEO 

turnover (e.g., Murphy 1999; Engel et al. 2003), we include a set of firm and CEO variables in the 

empirical analyses. 22 We also control for year and industry fixed effects. After imposing 

requirements for non-missing control variables, we arrive at a final sample of 16,389 observations. 

The final sample includes 1,363 CEO turnover events, 349 of which are forced turnover events. 

[Insert Table 7 about here] 

Panel A of Table 7 presents summary statistics for the variables in Equation (9) for the 

Turnover, Forced Turnover, and Control subsamples. The average Match Effect_ CEO in the 

Control subsample is higher than that in the Turnover and Forced Turnover subsamples, suggesting 

that, on average, continuing CEOs have better match quality than CEOs that depart the firm. 

22 The definitions of all the explanatory variables are available in Appendix 1. 
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Panel B of Table 7 presents the results of the probit regression. For each independent 

variable, we report the coefficient estimates, z-statistics, and marginal effects. Columns (1) and (2) 

show the results when the dependent variable is Turn, and columns (3) and (4) demonstrate the 

results when the dependent variable is Forced. Across all columns, we find that the coefficient on 

Match Effect_ CEO is negative and statistically significant. CEO turnover is more likely when the 

CEO-firm match quality is poor after we control for a number of firm and CEO characteristics 

including market and accounting performance measures. The results are also economically 

significant. We note that the average probability of CEO turnover (forced turnover) is 8.3% (2.3%) 

over the sample period. The results suggest that one standard deviation increase in the proxy of 

matching quality is associated with a decrease of 6.4% (3.3%) of the CEO turnover (forced 

turnover) likelihood, which is about 77% (143%) of the mean turnover (forced turnover) 

probability. The economic effects of match quality in explaining CEO turnover is comparable to 

that of poor stock and accounting performance. 23 Decades of research in CEO turnover provides 

robust evidence that boards consider firm performance when making CEO retention decisions. 

However, Brickley (2003) argues that CEO research might have reached a point of diminishing 

returns in estimating regressions focusing on the relation between turnover and performance. Our 

exploration of the role of matching consideration in CEO turnover decisions answers his call to 

consider less-explored issues to expand our understanding of CEO turnover decisions. 

5. 5. Match Quality based on Output Data 

23 We note here the economic effects of poor firm performance in explaining CEO turnover. First, one standard 
deviation decrease in adjusted stock returns is associated with an increase of 4.3% (3 .7%) of the CEO turnover (forced 
turnover) likelihood, which is about 52% (161%) of the mean turnover (forced turnover) probability. Second, one 
standard deviation decrease in adjusted ROA is associated with an increase of 4.6% (4.8%) of the CEO turnover 
(forced turnover) likelihood, which is about 55% (209%) of the mean turnover (forced turnover) probability. 
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Before we conclude our paper, we investigate an alternative firm-manager match quality 

measure based on output data. Recent studies in labor economics use output data to capture match 

quality. For example, Jackson (2013) employs a data set of student test scores linked to teachers 

to estimate school-teacher match quality and the implications of match quality for student 

achievement. The use of output data to estimate match quality is particularly appealing in the 

Jackson's (2013) setting because teacher pay might vary across teachers and schools for reasons 

unrelated to productivity. In the executive labor market setting, we expect that firms reward 

managers for productivity generated by the efficient match between firms and managers, so our 

proposed firm-manager match quality measure based on compensation data might be less likely 

affected by the issue in the school setting. This expectation also implies a positive association 

between compensation match effects and match effects in firm performance. To investigate this 

possibility, we apply a similar research methodology to estimate match effects in firm performance. 

We again use two operating performance measures: ROA and ROE. As mentioned earlier, CEOs 

should be responsible for overall firm performance, so we focus on the firm-CEO match. We 

estimate the following OLS regression: 

Match Effect_ CEO if = a + f]Match(Performance )if + E:if (10) 

where i indexes managers and j indexes firms. Match Effect_ CEO denotes for the compensation 

match effects estimated for CEOs from Equation (3), and Match(Performance) captures match 

effects in one performance measure. Similar to Match Effect_ CEO, Match(Performance) is 

estimated by a three way mixed-effects model. 15 

[Insert Table 8 about here] 

15 Following Bertrand and Schoar (2003), we regress performance measures on the lagged logarithm of total assets, 
year fixed effects, firm effects, CEO effects, and match effects. 
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Panel A of Table 8 reports the likelihood ratio tests on the existence of match effects in 

firm performance measures. The tests reject the null hypothesis of no match effects in firm 

performance. Panel B of Table 8 reports the regression results of Equation (10). Following 

Bertrand and Schoar (2003) and Graham et al. (2012), we interpret the estimated coefficients as 

correlations rather than causal relationships. The results show that the coefficients on the match 

effects based on performance measures are positive and statistically significant, providing further 

support that firms compensate managers for match-specific productivity. 

6. Conclusion 

Although the quality of the match between firms and managers plays a central role in 

understanding the executive labor market, there is little direct empirical investigation into match 

quality between firms and managers. In this study, we take a first step toward addressing the 

empirical challenge of measuring match quality between firms and managers. 

The innovation of our research methodology is to use a three way mixed-effects model to 

quantify firm-manager match effects in executive compensation, which has been applied to capture 

match effects in the field of labor economics. Using this approach, we find that unobservable 

match heterogeneity explains a considerable proportion of the variation in executive compensation. 

The results also demonstrate that the lack of consideration of match effects is associated with an 

overstatement of the importance of manager effects in explaining executive compensation. 

Firms reward managers for productivity generated by the efficient match between firms 

and managers. As such, we propose using the extent to which match effects explain executive pay 

as a measure of firm-manager match quality. We validate the proposed match quality measure by 

showing that it captures systematic complementarities between particular managers and particular 
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firms, and that it is positively and significantly associated with firm operating performance. We 

also find significant negative stock market reactions to the news of sudden deaths of CEOs with 

high match effects, a result contradicting the prediction of managerial rent extraction. Finally, we 

illustrate the usefulness of the measure by showing that match quality is an economically 

significant factor in CEO turnover decisions, an aspect of the executive labor market that features 

matching consideration prominent! y. 

Despite the appealing features of the three way mixed-effects model, we caveat that this 

method only identifies time-invariant match effects, but not match effects that change over time. 

Nevertheless, the availability of a valid match quality measure could expand our knowledge of 

matching consideration in the executive labor market. We believe that the empirical approach 

developed in this study has potential applications in the areas of economics, finance, and 

accounting research where the separation of manager, firm, and match effects is desirable and 

meaningful. 
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Variable 

Advertising 

Adj_EBIT 

Adj_Return 

Age 

Capita/Exp 

Cash 

CEO 

DIV 

Dividend 

Duality 

EduTech 

First Year 

GAI 

Ln(Total 
compensation) 

Ln(Total wealth) 

Ln(Assets) 

Ln(Tenure) 

Leverage 

Match Effect 

Match Effect_ CEO 

CEO Effect 

Appendix 1. Variable Definitions 

Advertising expense (Compustat data item XAD) scaled by sales (Compustat 
data item SALE). 
Industry-median adjusted EBIT. EBIT is defined as earnings before interest, 
taxes, and minority (Compustat data item EBIT), scaled by total assets at the 
beginning of period (Compustat data item AT). Industries are defined based 2-
digit SIC codes. 
Industry-median adjusted annualized stock returns. Industries are defined 
based 2-digit SIC codes. 
CEO age. 
Capital expenditure (Compustat data item CAPX) scaled by the total assets at 
the beginning of period (Compustat data item AT). 
Cash and short-term investments (Compustat data item CHE) scaled by non­
cash total assets (Compustat data item AT minus Compustat data item CHE). 
An indicator variable that equals one if the manager is the CEO of the firm for 
all or most of the fiscal year, and zero otherwise. 
One minus the sum of the squares of each segment's sales over total sales at 
the firm level for each fiscal year. 
An indicator variable that equals one if dividend payout (Compustat data item 
DVC) is positive, and zero otherwise. 
An indicator variable that equals one if the CEO of a company is also the board 
chair, and zero otherwise. 
5 for CEOs who earned a doctoral degree, 4 for a master's degree in science, 3 
for a bachelor's degree in science, 2 for a master's degree outside of science, 
and 1 for a bachelor's degree outside of science. 
An indicator variable that equals one for the year that the manager joined a 
firm. 
General Ability Index ( GAi) for CE Os of S& 15 00 firms from 1992 through 
2007, as developed in Custodio et al. (2013). 
Natural log of total compensation. For fiscal years ending before December 15 
2006, total compensation is measured by ExecuComp data item TDCl. For 
fiscal years ending after December 15 2006, total compensation is calculated 
as the sum of salary, bonus, non-equity incentive, the Black-Scholes value of 
option, the grant date fair value of stock grants (restricted stock and stock 
awarded under Long-term incentive plan), and the other compensation. Total 
compensation is measured in $thousands. 
Natural log of total wealth. Total wealth is the sum of the value of the stock 
and option portfolio held by the executive. 
Natural log of total assets (Compustat Data item AT). Assets is measured in 
$millions. 
Natural log of manager tenure. Tenure is measured as the difference between 
the year the manager joined the firm and the year of the observation. 
Total debt (Compustat data item DLTT plus data item DLC) divided by total 
assets (Compustat data item AT). 
Time-invariant firm-manager match effects in compensation estimated from 
Equation (3). 
Time-invariant firm-CEO match effects in compensation estimated from 
Equation (3). 
Time-invariant CEO effects in compensation estimated from Equation (3). 
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MTB 

R&D 

ROA 

ROE 

SG&A 

Retire 
Return 
()(Return) 

Talent 

Turnover 

Forced Turnover 

Market value of equity plus the book value of debt (Compustat data item 
PRCC _F x CSHO + AT- CEQ) divided by total assets (Compustat data item 
AT). 
R&D expense (Compustat data item XRD) scaled by sales (Compustat data 
item SALE). 

Net income (Compustat data item IB) scaled by total assets at the beginning of 
period (Compustat data item AT). 

Net income (Compustat data item IB) scaled by book value of equity at the 
beginning of period (Compustat Data item CEQ). 
Selling, general and administrative expense (Compustat data item XSGA) 
scaled by sales (Compustat data item SALE). 
An indicator variable for CEOs between 64 and 66 years of age. 
Annualized monthly stock returns. 
Standard deviation of monthly stock returns over the past 60 months. 
The productive efficiency score of the manager by weighting the management 
team score with the executive's share of pay received for the whole 
management team. The efficiency score of the management team is developed 
in Demerjian et al. (2012). 
An indicator variable equals to one for all firm-years where there is a CEO 
turnover and zero otherwise, 
An indicator variable equals to one for all firm-years where there is a forced 
CEO turnover and zero otherwise. 
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Appendix 2. The Estimation of The Mixed Effect Model 

The estimation of the mixed effect model follows a two-step approach. First, we calculate 

the within-match estimators of/Jin Equation (3) by estimating the following Equation: 

(i) 

where viJ is an indicator variable for each unique combination of manager i and firm}. XiJrdenotes 

the intercept term, observable characteristics, and year effects in Equation (3). The OLS estimator 

fl from Equation (i) is the within-match estimator, which is equivalent to the estimator from the 

"spell fixed effects" approach in Graham et al. (2012). 

Second, we estimate the following Equation to decompose y iJt-x 'iJtfl ( e.g., the firm-by-

manager effect viJ and the error term t:iJ1) into firm, manager, and match random effects. 

Y--1- X 'iit/J =0i+!Jl.+¢..+eiit 
lJ ~ J lJ ~ 

(ii) 

where 0i - N[0, ~], !JIJ- N[0, oi], and ¢iJ - N[0, ~]. Following Woodcock (2011) and Jackson 

(2013), we normalize the population means of firm effects, manager effects, and match effects to 

zero. We estimate the variance of these random effects by employing the Restricted Maximum 

Likelihood (REML) approach. The REML approach estimates&~,&!, and&~ simultaneously in a 

way that minimizes the variance of eiJt. Then, we recover the best linear unbiased predictors 

(BLUPs) of firm, manager, and, match random effects by solving the Henderson equations. 7 The 

REML approach is discussed in detail in Abowd et al. (2006). 

7 The BLUPs are calculated by solving the Henderson equation system (e.g., Henderson et al. 1959). Let the total 
number of observations be lf, the number of managers be N, the number of firms be J, and the number of firm­
manager matches (pairs) be M. Stacking all the observations, we can write the linear model (6) in matrix form as: 

y-x' fJ=D 0+F w+G¢+e, where 0-N[O, ifgIN], !f-N[0, ~b], and¢-N[0, ~IM]. Dis theN'by Nmatrixofmanager 
indicator variables. Fis lf by J matrix of firm indicator variables, and G is lf by M matrix of manager-CEO pair 

2 
0 /N O 0 

indicator variables. Define the matrix of variance components as H = 0 0 and the matrix of 

0 0 
2 

variance of error terms as R= o /N*. The BLUPs are the solutions to the Henderson equation system: 

[[~J R'[o F G] + H' l l} [~]n'~x'fi) 
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Table 1. Structure of the Connectedness Sample 

This table provides information about the structure of the connectedness sample. The sample period starts 
in 1992 and ends in 2015. In the connectedness sample, all the managers have worked for the firms that 
have hired at least one mover manager. The connectedness sample includes 32,420 managers and 2,385 
firms. 

Panel A: Number of firms for which managers have worked 

Number of firms for which Number of 
Percentage 

Cumulative 
a manager has worked managers 2ercentage 
1 29,238 90.19% 90.19% 
2 2,804 8.65% 98.83% 
3 324 1.00% 99.83% 
4 48 0.15% 99.98% 
5 4 0.01% 99.99% 
6 2 0.01% 100.00% 
Total number of managers 32,420 

Panel B: Number of managers who have worked for the same firm 

Number of managers who have Number of 
Percentage 

Cumulative 
worked for the same firm firms 2ercentage 
1-5 135 5.66% 5.66% 
6-10 680 28.51% 34.17% 
11-15 563 23.61% 57.78% 
16-25 750 31.45% 89.22% 
>25 257 10.78% 100.00% 
Total number of firms 2,385 
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Table 2. Summary Statistics 

This table provides summary statistics of the main variables in the connectedness sample. The sample 
period starts in 1992 and ends in 2015. The definitions for the variables are available in Appendix 1. 

Variable N Mean Median STD P25 P75 
Total compensation1 ($Thousands) 153,833 2,393.12 1,261.25 3,192.15 623.28 2,686.42 
Assets1-1 ($Millions) 153,833 10,982.83 1,985.70 28,516.04 614.34 7,364.29 
MTB1-1 153,833 1.92 1.47 1.28 1.14 2.15 
Return1 153,833 0.15 0.10 0.47 -0.13 0.34 
(J(Return)1 153,833 0.41 0.36 0.20 0.26 0.49 
ROA1 153,833 0.05 0.04 0.10 0.01 0.09 
Tenure1 153,833 11.41 10.01 7.33 6.59 14.70 
Dualityt 153,833 0.45 0.00 0.50 0.00 1.00 
CEOt 153,833 0.18 0.00 0.38 0.00 0.00 
FirstYear1 153,833 0.03 0.00 0.18 0.00 0.00 
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Table 3. Determinants of the Level of Total Executive Compensation 

Panel A of Table 3 reports the regression results for the determinants of total executive compensation, using 
the connectedness sample. 

Ln(Total compensation);;1 = µo + /31Ln(Assets);1-1 + /32MTB;1-1 + /33Return;1 + /3~eturn;1-1 + /JsROA;1 + 
/J~OA;1-1 + /31a{_Return);1 + /3sDuality11+ /JsLn(Tenure);1+ /39CEO;1 + /310FirstYear;1 + Year Fixed 
Effects + 0; + 1/f; + qJif + E:;;1 

The sample period starts in 1992 and ends in 2015. Column (1) is a pooled OLS regression without firm or 
manager fixed effects. Column (2) is an OLS regression with firm and manager fixed effects. Column (3) 
is a two way mixed-effects regression model with firm and manager random effects. Column (4) is a three 
way mixed-effects regression model with firm, manager, and match random effects. The definitions for all 
the variables are available in Appendix 1. The standard errors are clustered by firms. We report t-statistics 
in parentheses.***,**, and* denote significance at the 1, 5, and 10 percent levels, respectively. In the last 
row, we report the likelihood ratio test based on the log-likelihoods of specifications with and without match 
effects. Panel B reports the summary statistics of observable and unobservable components that determine 
Ln(Total compensation);;1 and presents the decomposition of the variance of Ln(Total compensation);;1, 
using the estimation results from columns (2) - (4) of Panel A. The observable time-variant characteristics 
component includes Ln(Assets);1-1, MTB;1-1, Return11, Return;1-1, ROA11, ROA;1-1, qReturn);1, Duality11, 
Ln(Tenure);1, CEO;1, and FirstYear;1. The percentage of the variance of total compensation attributable to 
particular components equals the covariance between each component and Ln(Total compensation);;1 scaled 
by the variance of Ln(Total compensation);;1. 
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Panel A: Regression Results 

Firm and Firm and Firm, manager 
Pooled OLS manager fixed manager mixed and match mixed 

effects effects effects 
(1) (2) (3) (4) 

Ln(Assets);1-1 0.363*** 0.226*** 0.221 *** 0.221 *** 
(59.85) (16.74) (15.86) (15.86) 

MTB;1-1 0.170*** 0.098*** 0.098*** 0.098*** 
(19.80) (12.00) (11.68) (11.68) 

Return11 0.222*** 0.173*** 0.172*** 0.172*** 
(22.44) (18.86) (18.55) (18.55) 

Return;1-1 0.068*** 0.087*** 0.085*** 0.085*** 
(7.25) (11.37) (11.01) (11.01) 

ROA;1 0.381 *** 0.361 *** 0.368*** 0.368*** 
(5.74) (5.61) (5.66) (5.66) 

ROA;1-1 0.350*** 0.251*** 0.257*** 0.257*** 
(5.94) (4.63) (4.70) (4.70) 

(J(Return);1 0.620*** 0.086* 0.092* 0.092* 
(12.80) (1.81) (1.87) (1.87) 

Duality;1 0.085*** 0.005 0.004 0.004 
(5.77) (0.46) (0.38) (0.38) 

Ln(Tenure);1 0.105*** 0.144*** 0.149*** 0.149*** 
(11.52) (17.12) (16.35) (16.35) 

CE0;1 0.956*** 0.423*** 0.414*** 0.414*** 
(109.21) (33.39) (31.08) (31.08) 

FirstYear;1 0.513*** 0.365*** 0.356*** 0.356*** 
(21.41) (14.83) (14.18) (14.18) 

Year Effects Yes Yes Yes Yes 
Firm Effects No Yes Yes Yes 
Manager Effects No Yes Yes Yes 
Match Effects No No No Yes 

# Observations 153,833 153,833 153,833 153,833 
R2 0.533 0.831 NIA NIA 

Ho: No match effects (p_-value) 2,166(< 0.000) 
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Panel B: Relative Importance of Different Components in Determining Compensation 

Firm and Firm and 
Firm, 

manager manager 
manager 

and match 
fixed mixed 

mixed 
effects effects 

effects 
1 2 3 

Ln(Total compensation) 1.05 1.05 1.05 
Observable time-variant characteristics (x~) 0.45 0.44 0.44 
Firm Effects 0.80 0.41 0.42 

S.D. Manager Effects 0.93 0.38 0.16 
Match Effects NIA NIA 0.23 
Year Effects 0.35 0.35 0.35 
Residuals 0.43 0.46 0.45 

%ofthe Observable time-variant characteristics (x~) 29.4% 28.9% 28.9% 
variance of Firm Effects 8.9% 20.5% 21.0% 

total Manager Effects 35.4% 18.7% 7.6% 
compensation Match Effects NIA NIA 11.5% 
attributable to Year Effects 9.5% 9.6% 9.6% 

particular 
Residuals 16.9% 22.4% 21.5% com2onents 
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Table 4. The Relation between Compensation Match Effects and Firm-Manager Complementarities 

This table reports the relation between compensation match effects and two firm-manager 
complementarities: (1) between firm size and managerial talent and (2) between diversification degree and 
CEO general management skills. The sample period starts in 1992 and ends in 2015. 

Match Effect;; I Match Effect_ CEOif = /Jo + /31Ln(Assets)1 + /32Talent; + /33Ln(Assets)1 xTalent; + 
f]JJIV; + /JsGAI; + /36DIV; x GA!;+ E:;; 

Match Effect denotes for manager compensation match effects and Match Effect_ CEO denotes for CEO 
compensation match effects estimated from Equation (3). Ln(Assets)1 xTalent; is the interaction term 
between size and talent averaged over the job tenure for each manager, DIV; x GA!; is the interaction term 
between DIV and GAI averaged over the job tenure for each CEO. The definitions of all the variables are 
available in Appendix 1. We report t-statistics in parentheses.***,**, and* denote significance at the 1, 
5, and 10 percent levels, respectively. 

Match Effect;; Match Effect CEOif 

(1) (2) (3) 

Ln(Assets)1 -0.012*** -0.031** 
(-3.15) (-2.08) 

Talent; 0.392*** -0.061 
(2.89) (-0.58) 

Ln(Assets); x Talent; 0.334*** 0.314** 
(4.43) (2.18) 

DIV; 0.056*** 0.059*** 
(6.28) (6.05) 

GA!; 0.044*** 0.047*** 
(6.26) (6.42) 

DIV; xGAJ; 0.005** 0.005** 
(2.49) (2.44) 

# Observations 28,746 2,880 2,880 
R2 0.005 0.042 0.046 
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Table 5. Compensation Match Effects and Firm Performance 

This table reports the results from the OLS regression of firm performance on CEO compensation match 
effects and other control variables. The sample period starts in 1992 and ends in 2015. 

ROA;1 I ROE;1 = /Jo + /31Match Effect_ CEOif + /3-d,n(Assets);1-1 + /33MTB;1-1 + /3J,everage;1 + 

/Jsa(Return);1 + Year FEs + E:;;1 
Match Effect_ CEO denotes for CEO compensation match effects estimated from Equation (3). The 
definitions of all the variables are available in Appendix 1. We report t-statistics in parentheses.***,**, 
and* denote significance at the 1, 5, and 10 percent levels, respectively. 

ROA1 ROE1 
(1) (2) 

Match Effect_ CEO if 0.010** 0.046*** 
(2.03) (2.63) 

Ln(Assets);1 0.001 0.019*** 
(0.74) (5.27) 

MTB;1 0.019*** 0.034*** 
(7.13) (7.24) 

Leverage11 -0.086*** 0.055 
(-6.18) (1.48) 

(J(Return);1 -0.156*** -0.236*** 
(-19.14) (-7.33) 

YearFEs Yes Yes 

# Observations 26,685 26,685 
Adjusted R2 0.214 0.0428 
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Table 6. Compensation Match Effects and Cumulative Abnormal Returns around CEO Sudden 
Deaths 

This table reports empirical results on cumulative abnormal returns (CARs) around the announcement date 
for firms with a CEO sudden deaths over the period from 1992 to 2012. We partition the sample of CEO 
sudden deaths into two groups based on whether the CEO' s compensation match effect is above the median 
or not. Panel A presents CEO characteristics for two groups: high and low match effects. Panels B presents 
CARs over three different horizons ([-1, 1], [-2, 2], and [-2, 5]) around the announcement of CEO sudden 
deaths for two groups: high and low match effects. CARs are the sum of market-model adjusted abnormal 
returns. Panels C presents results from regressions of CARs around the announcement of CEO sudden 
deaths on CEO compensation match effects and other control variables. 

CARif = µo + /31Match Effect_ CEOif + f3£EO Effect;+ fJJ,n(Tenure)i; + f3J,n(Assets)1 

+ /J<Adj_ Return;+ /31Adj_ EBIT; + /310 Ln(Age); + c;; 

We measure both firm and CEO characteristics at the year of CEO death. Robust standard errors are used 
to calculate test statistics for means. * * *, * *, and * denote significance at the 1, 5, and 10 percent levels, 
respectively. 

Panel A: CEO Characteristics 

Full sample High match Low match 
{N=71} {N=35} {N=36} High-Low 

CEO characteristics Mean Mean Mean Mean t-stat 
Match Effect_ CEO 0.22 0.42 0.02 0.40*** 6.57 
Age 59.02 59.12 58.97 0.15 0.64 
Tenure 8.50 10.17 6.64 3.53* 1.76 

Panel B: Cumulative Abnormal Returns around CEO Sudden Deaths 

Full sample High match Low match 
High- Low 

(N=71} (N=35} {N=36} 
Window Mean t-stat Mean t-stat Mean t-stat Mean t-stat 
[-1, + l] -1.02* -1.81 -1.94** -2.01 0.13 0.22 -2.07** -1.97 
[-2, +2] -1.23* -1.80 -2.40*** -2.98 0.10 0.16 -2.50** -2.18 
[-2, +5] -1.52* -1.93 -2.42*** -2.68 0.64 0.98 -3.06** -2.43 
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Panel C: Multivariate Regression Results 

CAR[-1, l);z CAR[-2, +2);z CAR[-2, +5);z 
(1) (2) (3) 

Match Effect_ CEO if -0.540* -2.199* -5.315*** 
(-1.73) (-1.77) (-2.84) 

CEO Effect; -0.703 -1.176 -2.618 
(-1.39) (-1.21) (-1.60) 

Ln(Tenure)if -0.095* -0.119** -0.181 * 
(-1.79) (-2.13) (-1.89) 

Ln(Assets)1 0.387 0.624 0.567 
(0.76) (1.25) (1.27) 

Adj_ Return; -0.774 -0.664 -0.652 
(-0.29) (-0.29) (-0.30) 

Adj_EBIT; -2.302** -6.204 -3.701 
(-2.23) (-1.56) (-1.44) 

Ln(Age); 0.032 0.083 0.067 
(0.25) (0.67) (0.61) 

# Observations 71 71 71 
R2 0.075 0.092 0.149 
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Table 7. Compensation Match Effects and CEO Turnover 

This table reports empirical results about the relation between compensation match effects and CEO 
turnover. Panel A reports summary statistics of the Turnover, Forced Turnover, and Control subsamples 
during the period from 1992 to 2015. The Turnover subsample includes the firm-year observations where 
CEO changed. The Forced Turnover subsample includes firm-year observations where the CEO turnover 
is classified as forced based on Peters and Wagner (2014). The Control subsample includes the firm-year 
observations where no CEO turnover occurs. Panel B presents results from the probit regression of CEO 
turnover /forced turnover on CEO compensation match effects and other control variables. 

Turn;;t I Forced;;t = µo + /31Match Effect_ CEO if+ f3£EO Effect;+ fJJ,n(Tenure )it-1 + 
/Jd,n(Assets);t-1 + /JsMTB;t-1 + /J<Adj_ Return;t-1 + /31Adj_ EBI1';1-1 + /Jsa(Return);t-1 + /39Duality;t-1 + 
/310 Ln(Age )it-1 + /311Retire;t-1 + Year FEs + Industry FEs + c;;t 

Match Effect_ CEO denotes for CEO compensation match effects estimated from Equation (3). For each 
independent variable, we report the coefficient estimate, z-statistics (in parentheses), and the marginal effect. 
The definitions of all the variables are available in Appendix 1. * * *, * *, and * denote significance at the 1, 
5, and 10 percent levels, respectively. 

Panel A: Summary Statistics 

Turnover Forced Turnover Control 
(N=l,363} (N=349} (N=l5,026} 

Mean STD Mean STD Mean STD 
Match Effect_ CEO if 0.09 0.19 0.09 0.19 0.11 0.18 
CEO Effect; 0.05 0.10 0.05 0.10 0.06 0.10 
Tenure;t-1 16.19 8.56 14.55 7.56 15.27 8.14 
Assets;t-1 14,290.67 34,217.49 15,402.25 40,469.04 13,381.89 33,713.34 
MTB;t-1 1.74 1.28 1.52 0.83 1.82 1.17 
Adj_ Return;t-1 -0.03 0.36 -0.15 0.41 0.04 0.37 
Adj_ EBI1';1-1 0.00 0.09 -0.02 0.10 0.01 0.08 
(J(Return);t-1 0.42 0.21 0.49 0.23 0.42 0.21 
Duality;t-1 0.32 0.47 0.20 0.40 0.31 0.46 
Age;t-1 59.34 7.13 54.07 6.05 55.39 6.83 
Retire;t-1 0.14 0.35 0.01 0.11 0.05 0.22 

46 

Electronic copy available at: https://ssrn.com/abstract=3067808 

FTC_AR_00001435 



Panel B: Probit Regression Results 

Turn;1 Forcedu 
Coefficients Marginal effects Coefficients Marginal effects 

Match Effect_ CEO if -0.420*** -0.064*** -0.615** -0.033** 
(-4.43) (-4.46) (-2.17) (-2.17) 

CEO Effect;; 0.126 0.019 0.524 0.030 
(0.85) (0.85) (1.01) (1.01) 

Ln(Tenure );1-1 -0.001 -0.000 -0.132*** -0.007*** 
(-0.03) (-0.03) (-3.20) (-3.19) 

Ln(Assets);1-1 0.046*** 0.007*** 0.039* 0.002* 
(4.90) (4.90) (1.75) (1.75) 

MTB;1-1 0.008 0.001 -0.097** -0.005** 
(0.52) (0.52) (-2.40) (-2.40) 

Adj_ Return;1-1 -0.302*** -0.043*** -0.655*** -0.037*** 
(-7.32) (-7.39) (-7.87) (-8.04) 

Adj_ EBI1';1-1 -0.324* -0.046* -0.845** -0.048** 
(-1.76) (-1.76) (-2.24) (-2.25) 

(J(Return);1-1 0.273*** 0.039*** 0.796*** 0.045*** 
(3.52) (3 .51) (5.94) (6.04) 

Duality;1-1 0.187*** 0.026*** 0.130** 0.007** 
(4.22) (4.22) (2.36) (2.36) 

Ln(Age);1-1 0.039*** 0.005*** -0.008* -0.000* 
(12.58) (13.31) (-1.93) (-1.93) 

Retire;1-1 0.338*** 0.048*** -0.572** -0.032** 
(6.01) ( 6.12) (-2.44) (-2.45) 

YearFEs Yes Yes Yes Yes 
Industry FEs Yes Yes Yes Yes 

N (Tum or Forced) 1,363 349 
N (Control) 15,026 15,026 
# observations 16,389 15,375 
Pseudo R2 0.078 0.111 
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Table 8. The Relation between Compensation Match Effects and Match Effects in Firm 
Performance 

This table presents the relation between compensation match effects and match effect in firm performance. 
The sample period starts in 1992 and ends in 2015. Panel A reports chi-square statistics and p-value of the 
likelihood ratio test based on the log-likelihoods of specifications with and without match effects to test the 
existence of match effects in performance measures, including ROA and ROE. Panel B presents the results 
from the following regressions. 

Match Effect_ CEOif =a.+ f]Match(Performance)if + E:;J 

In each regression, we regress compensation match effects on match effects in one particular performance 
measure. Match Effect_ CEO denotes for CEO compensation match effects estimated from Equation (3). 
Match(P e rformance) represents match effects in one particular performance measure. We report t-statistics 
in parentheses. ***,**,and* denote significance at the 1, 5, and 10 percent levels, respectively. 

Panel A: Likelihood Ratio Tests on Match Effects in Firm Performance Measures 

Likelihood ratio tests 
Performance measure Chi-square stat. p-value 

ROA 
ROE 

490.10 <0.000 
25.39 <0.000 

Panel B: Univariate Regression Results 

Match Effect CEO;z 
(1) (2) 

Match(ROA)if 0.294*** 
(4.91) 

Match(ROE)if 0.227*** 

# Observations 
R2 

28,561 
0.002 
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Summary 

E 
T 

Overuse of non-disclosure agreements (NOAs) is a pervasive problem in the United 
States. Companies apply these silencing tools to prevent their workers from sharing 
critical information with one another and the public. This in turn threatens economic 
growth, limits competition, and inhibits workplace equity. Workers need reliable 
information about corporate practices to assess job quality, ensure personal safety, 
and obtain pay commensurate with their worth. The public needs information about 
corporate practices to decide how to use their investment and purchasing power. Yet 
existing laws give companies enormous latitude to designate information as 
confidential, allowing them to impose NOAs and other contract clauses and internal 
policies that prevent workers from sharing information with those who need to know. 

It is time for government to rein in corporate secrecy. The #MeToo movement 
revealed how NOAs enable and perpetuate misconduct at work, prompting public 
outrage and support for legislative action. New empirical evidence has exposed just 
how widely NOAs are being used in the corporate world: researchers estimate that 
between 33% and 57% of U.S. workers are constrained by an NOA or similar 
mechanism.7

•
2 At recent hearings and public events, regulators have signaled their 

concern about the anti-competitive effects of restrictive employment agreements.3 

Policymakers should seize this moment of support to pursue a comprehensive 
legislative and multi-agency agenda limiting inappropriate use of NOAs. A strong 
action plan should include proactive enforcement of existing laws governing NOAs; 
new legislation prohibiting the most harmfu I uses of NOAs; and interagency 
collaboration to educate the public, collect data, and support research on impacts of 
corporate secrecy practices. Together, these efforts to limit NOA abuse will promote 
market accountability, workplace equity, and fair com petition. 

Challenge and Opportunity 

NOAs are contracts in which parties agree not to disclose any information designated 
confidential by the agreement. In some cases, NOAs may be used appropriately to 
protect valuable trade secrets or other intellectual property. But employers often draft 
these agreements broadly to conceal many other types of information, sometimes in 
ways that overstep existing legal bounds. For instance, the Weinstein Company 
required employees to sign NOAs that prohibit disclosure of "any confidential, private, 
and/or non-public information obtained by Employee during Employee's 
employment with the Company concerning the personal, social, or business activities 
of the Company, the Co-Chairmen, or the executives, principals, officers, directors, 
agents, employees of, or contracting parties (including, but not limited to artists) with, 

7 Starr, E.P.; Prescott, J.J.; Bishara, N.D. (2020). Non compete Agreements in the US Labor Force. The Journal of Law 
and Economics, 64(7). 
2 Balasubramnian, N.; Starr, E.; Yamaguchi, S. (2027). Bundling Employment Restrictions and Value Capture from 
Employees. Available at http://dx.doi.org/70.2739/ssrn.3874403. 
3 Federal Trade Commission. (2027). Makino Competition Work: Promoting Competition in Labor Markets. 
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the Company."4 Some companies require employees to sign non-disparagement 
agreements. These particularly broad NOAs prohibit employees from disclosing any 
information that might, as a non-disparagement agreement for employees of Task 
Rabbit reads, "disparage the Company, and the Company's officers, directors, 
employees, investors and agents, in any manner likely to be harmful to them or their 
business, business reputation or personal reputation."5 NOAs and non-disparagement 
agreements often purport to apply indefinitely, preventing workers from sharing 
information long after they have left employment. 

NOAs are imposed on workers at various points during the employment relationship. 
They are regularly included as part of a bundle of mandatory HR forms that new hires 
must sign as a condition of employment. They can also be imposed and enforced 
through confidentiality policies contained in personnel manuals or codes of conduct 
that prevent employees from sharing information about the company with outsiders 
and sometimes even with co-workers. They are also routinely included in standardized 
as well as negotiated severance agreements that workers sign when ending their 
employment. Lastly, they are also often included in settlement agreements that 
resolve workplace disputes and in agreements that force employees to arbitrate 
disputes in secret. By preventing workers from disclosing information on everything 
from workplace harassment and abuse to compensation practices and safety 
conditions, NOAs stifle competition, limit the free flow of ideas,6 and allow toxic 
workplace conditions to fester.7

•
8

•
9 

Prevalence of N DAs 

Though researchers estimate that between 33% and 57% of U.S. workers are 
constrained by an NOA or similar mechanism,70

•
77 it is difficult to precisely determine 

how many employees are silenced by NOAs because NOAs are designed to conceal 
information. In fact, NOAs often provide that the mere existence of the agreement is 
itself a secret. Lawyers regularly encourage firms12 to use broad NOAs as a condition 
of employment-not only to protect trade secrets, but also to discourage employees 
from revealing bad employment experiences.73 Prevalence of NOAs also varies by 
sectors. For instance, 73% of workers in "computer or mathematical jobs" report 
having an NOA with their employer.74•75 

4 Sockin, J.; Sojourner, A.; Starr, E. (2027). Non-Disclosure Agreements and Externalities from Silence. Available at 
https:Upapers.ssrn .com/sol3/pa pers.cfm7a bstra ct id =3900285. 
5 Ibid. 
6 Lobel, 0. (2075). The New Cognitive Property: Human Capital Law and the Reach of Intellectual Property. Texas Law 
Review, 93(4): 789-854. 
7 Lo be I, O. (2 078) .. ti.Q,{:_:; .. 0.r.sc:.!:::'.~.,.t.f . .::Y..Car.U.v.L.l:Jf-1.r:.~'.:',JNr:,.0..t .. i:l.0.'.~,..L',.h;~.c.:.bJ.,.l!J.'.~. Harvard Business Review, January 30. 
8 Hemel, D. (2077).J:JQY.V.N.Rn.di2.i;:,[Q.$J!rn.Am~Jlf.D.~DJ$.J?LQt.~f;,t.$.~i.w.siJP.rn.d!;lJQf.$ .. Vax, October 9. 
9 Birnbaum, E. (2020). A wall of silence holding back racial proaress in tech: NDAs. Protocol, July 7. 
70 Starr, E.P.; et al. (2020). 
77 Balasubramnian, N.; et al. (2027). 
72 Gren sing- Po ph a I, L. (2 079) .. HQY.V..tQJ?.LQt,~_i;:J.Y.R.WLEmP.J.QY.~f..S.LslDJLQJJ.0.J.s\229.R.Qf.. SH RM, October 25. 
73 Sockin, J.; Sojourner, A.; Starr, E. (2027). Non-Disclosure Agreements and Externalities from Silence. Available at 
h tt ps:// pa pe rs.ss rn .com/so 13/pape rs.cfm 7a bstra ctj d =39 00285 .. 
74 Balasubramnian, N.; et al. (2027). 
75 Balasubramnian, N.; et al. (2027). 
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How NDAs Hurt Workers, the Public, and the Economy 

The overuse of broad NDAs can have harmful economic and social effects. Depending 
on how they are drafted and enforced, NDAs may undermine law enforcement and 
regulatory compliance, distort labor and investment markets, constrain fair 
competition, allow toxic workplace conditions such as harassment and discrimination 
to persist, and undercut efforts to make workplaces more diverse and equitable. 

Interference with Law Enforcement and Regulatory Compliance 

Social, psychological, and economic disincentives already discourage employees from 
blowing the whistle on harmful and illegal corporate behavior.76 NDAs add another 
barrier preventing this critical information from reaching regulators and the public. 
NDAs have been used by companies to cover up illegal behavior. They have been used 
to silence whistleblowers who disclose information about products that threaten 
public health and safety.77 They have even been used to prevent employees from 
disclosing illegal conduct to government regulators despite countervailing law. A 
complaint filed by the California Department of Fair Employment and Housing 
(DFEH) against gaming company Activision Blizzard alleges that, contrary to law, the 
company pressured employees to sign contracts waiving their right to speak to 
investigators and requiring them to notify the company before disclosing information 
to DFEH.78 Some companies have required employees to agree to secrecy about 
corporate pay practices and diversity statistics, thereby depriving regulators of vital 
information about companies' compliance with pay equity and anti-discrimination 
laws.79 The dangers of overly aggressive NDAs have become especially clear during the 
COVID-79 pandemic, when it is vital for the public to know if companies are 
disregarding essential health and safety guidelines designed to reduce virus spread. 

Market Distortion 

NDAs deprive individuals of information they need to assess competing job offers and 
make informed decisions about where to work. They also degrade the reliability of 
employer reviews that workers post to on line job platforms. This is because workers 
subject to broad NDAs are more likely to censor themselves and withhold negative 
information. New research shows that on Glassdoor, workers in states with more 
stringent limits on NDAs are 76% more likely to give a one-star review, write 8% more 
about the "cons" of working at the firm, and discuss harassment at work 22% more 
often.20 That same research also shows that states with more stringent limits on N DAs 
increase reporting of sexual harassment and safety violations to federal agencies. 
NDAs hence remove an important check on corporate behavior, since companies 

76 Feldman, Y.; Lobel, 0. (2070). The Incentives Matrix: A Study of the Comparative Effectiveness of Monetary Rewards 
as Compliance Systems. Texas Law Review, 88(6). 
77 Short, J.L. (7999). Killing the Messenger: The Use of Nondisclosure Agreements to Silence Whistleblowers. University 
of Pittsburgh Law Review, 60(4): 7207-7234. 
78 Amended Complaint & Demand for Jury Trial, Department of Fair Employment and Housing v. Activision, No. 
27STCV26577 {L.A. Cty. Super. Ct., August 23, 2027). Available at 
https://www.d ocu mentclou d.org/d ocu m ents/27 048497 -a ctivision-a mended-com pla int-82327. 
79 Bowman Williams, J. (2079). Diversity as a Trade Secret. Georgetown Law Journal, 707(6): 7685-7732. 
20 Sockin, J.; et al. (2027). 
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have been shown to improve their practices in response to negative job reviews and 
investigations into their practices.21 NDAs thus enable bad employers to hide their 
flaws and make it difficult for good employers to distinguish themselves in the market. 

Accurate information about workplace conditions is also valuable to investors, who 
have increasingly come to recognize that the ways companies treat their workers 
impact corporate financial performance.22 A nonprofit investment group recently 
called on the Securities and Exchange Commission to develop a standardized set of 
workplace-practice metrics as part of a comprehensive framework for evaluating 
socially responsible corporate governance.23 NDAs can hide information about 
workplace conditions that investors value. 

Constraints on Fair Competition 

Broad NDAs can impede fair competition. Research has demonstrated that non­
compete agreements-which prohibit departing workers from joining competitors­
impede worker mobility, economic growth, and new firm entry. Broad NDAs pose 
some of the same competitive risks as non-competes because they limit workers' 
ability to share and apply knowledge gained through on-the-job experience. This in 
turn diminishes workers' human capital and makes them less competitive in the labor 
market.24 Indeed, employers in states that ban non-competes have illegally 
attempted to use broad NDAs as an alternative mechanism to impede employee 
mobility.25 

Harassment and Discrimination 

NDAs conceal harassment, discrimination, and abuse in the workplace. As the 
#MeToo movement showed, perpetrators of harassment and discrimination are often 
repeat offenders.26

•
27 NDAs may prevent victims of harassment and discrimination 

from warning co-workers and prospective employees about a company's toxic 
workplace environment, leaving others at risk. NDAs may also prohibit or inhibit 
employees from disclosing information to government agencies, shielding offenders 
from outside investigation. By limiting what employees can share, NDAs allow 
harmful and abusive behavior to persist. 

27 Dube, S.; Zu, C. (2027). The Disciplinary Effect of Social Media: Evidence from Firms' Responses to Glassdoor Reviews. 
Journal of Accounting Research, 59(5): 7783-7825. See also Johnson, Matthew S. "Regulation by shaming: Deterrence 
effects of publicizing violations of workplace safety and health laws." American economic review 770, no. 6 (2020): 
7866-7904. 
22 Mahoney, C. (2027) .. Companies.that.Have.the Most.Workers.Earning a.Living Wage.Have.Higher Return.on.Assets. 
Just Capital, February 27. 
23 Whittaker, M. (2027). CEO JUST Capital, Letter filed in response to SEC request for comments on ESG disclosures. 
Available at https:/Lwww.sec.aov/comments/climate-disclosure/clll2-89225l7-245778.pdf. June 74. 
24 See TLS Management & Marketing Services v. Rodriguez-Toledo, 966 F.3d 46 (1st Cir. 2020). The Court of Appeals 
found that "overly broad nondisclosure agreements, while not specifically prohibiting an employee from entering 
into competition with the former employer, raise the same policy concerns about restraining competition as 
non compete clauses where ... they have the effect of preventing the defendant from competing with the plaintiff." 
25 Brown v. TCS Management Co., LLC, 57 Cal.App.5th 303 (2020). 
26 Ayres, I. (2078). Targeting Repeat Offender NDAs. Stanford Law Review Online, 77. 
27 Lobel, 0. (2076). The P1·:soner's :';i:e:·n,,·,a ::1 ,<\::i:,c: f·:o/s Coroo:-atc: Cuiture. Fortune, July 28. 
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Restrictions on employee disclosure of harassment and discrimination undermine the 
goal of achieving diverse and equitable workplaces. Workers of color, women, and 
LGBTQ+ workers are disproportionately likely to suffer harassment and discrimination 
in the workplace. Such adverse experiences can have significant psychological and 
professional consequences, including driving workers out of certain jobs and even out 
of certain industries.28

•
29 NDAs exacerbate these harms by suppressing information 

about systemic workplace inequities and by denying workers a forum to expose and 
discuss harassment and discrimination. 

Corporate-secrecy practices shrouding employee compensation similarly undermine 
efforts of diverse employees to achieve pay equity. Contrary to law, some NDAs and 
confidentiality policies prohibit employees from discussing their compensation, 
which makes it challenging for those employees to negotiate fair salary terms 
commensurate with their value.30 Studies have found that states that adopted anti­
secrecy pay laws increased gender wage equality relative to states that did not.37

•
32 

National Leadership Is Needed 

As described above, overly broad NDAs and the organizational secrecy practices they 
support pose serious risks to our economy and our society. Yet absent government 
intervention, these challenges will persist. Individual firms have incentives to maintain 
their reputations using corporate-secrecy tactics despite the social costs of such 
behavior. Many of those who value the information concealed by NDAs lack the 
capacity and power to pressure companies to change. Policymakers have an 
imperative to use the levers of government to curb NOA abuse. 

A minority of states, including ..... C..9.J.if9J.O.i.c;:J., .. ..J.J.U.n.9j_;;, ..... N.~w. ... .J~.r.$.~Y, N~w. ... .Y9.r.k and 
Washington, passed legislation in the wake of #Me Too regulating some uses of N DAs. 
But these laws comprise an inconsistent and incomplete regulatory patchwork. State 
laws differ in scope of coverage and impose different compliance standards, making 
it difficult for employees and companies to determine what employee disclosures are 
legally protected where. Moreover, the harms caused by NDAs do not stop at state 
lines. In fact, uneven regulation of NDAs further distorts markets by making it easier 
for companies to conceal information and restrict competition in some states than in 
others. Multi-state firms can use choice of law and choice of forum provisions to 
exploit inter-state legislative discrepancies, i.e., to apply the most lenient state-level 
secrecy laws to the entirety of a multi-state workforce. 

28 Williams, J.; Short, J.; Brooks, M.; Hardcastle, H.; Ellis, T.; Saran, R. What's Reasonable Now7 Sexual Harassment Law 
after the Norm Cascade. Michigan State Law Review 2079(7): 739-224 (2079). 
29 Pina, A.; Gannon, T.A. (2070). An Overview of the Literature on Antecedents, Perceptions and Behavioural 
Consequences of Sexual Harassment. Journal of Sexual Aggression, 78(2): 209-232. 

30 Lobel, 0. (2020). Knowledge Pays: Reversing Information Flows and the Future of Pay Equity. Columbia Law 
Review, 720(3): 547-672. 
37 Fetisova-Canas, 0. (2074). Effects of Anti-Secrecy Pay Laws on the Gender Wage Gap. University of Maryland, May. 
32 Kim, M. (2075). Pay Secrecy and the Gender Wage Gap in the United States. Industrial Relations, 54(4): 648-667. 
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The upshot is clear. National leadership is the only way to support market 
accountability, workplace equity, and fair competition by reining in non-disclosure 
agreements. 

Plan of Action 

Multiple policy interventions could curtail NOA misuse. Select options are presented 
below. 

Better Enforce Existing Laws 

Existing laws restrict some of the harmful uses of NOAs. But laws must be enforced to 
be effective. Research shows that some employers include unlawful non-compete 
clauses in their employment contracts, capitalizing on workers' ignorance of the law 
and fears of being sued. Employers may similarly use NOAs in ways that violate 
existing law.33

•
34 Ensuring that employers are following laws that protect certain 

disclosures and forms of communication is a common-sense place to start when it 
comes to curbing NOA abuse.35 

The Federal Trade Commission (FTC) has an important role to play in enforcement. 
The FTC has broad authority to punish companies engaging in unfair or deceptive 
practices that harm consumers or competitors, as NOA misuse often does.36 Unfair 
practices include practices that offend public policy as established by state statutes 
and common law,37 which already restrict use of overly broad NOAs as well as NOA 
misuse to silence disclosures of employer wrongdoing. Stronger enforcement by the 
FTC would give these laws some needed teeth and would help establish norms 
governing responsible NOA use. The FTC could also work with companies to develop 
standards and best practices around NOA use and to encourage companies to 
engage in robust self-regulation and police one another.38 

Stronger enforcement of existing laws could also come from the various federal 
agencies that help oversee labor and employment in the United States. For example, 
the National Labor Relations Act protects workers who make common cause in 
seeking to discuss the terms and conditions of their employment. Regional offices of 
the National Labor Relations Board (NLRB) have the authority to investigate 
employers' use of policies that discourage this type of communication, and to file 
unfair labor practice charges against employers acting unlawfully. The NLRB can and 
should exercise this authority more forcefully. Similarly, the Occupational Safety and 
Health Administration (OSHA) could better use its power to enforce whistleblower 
laws protecting employees who report unlawful behavior. The Equal Employment 

33 Starr, E.; Prescott, J.J.; Bishara, N. (2020). The behavioral effects of (unenforceable) contracts. The Journal of Law, 
Economics, and Organization, 36(3): 633-687. 
34 Prescott, J.J.; Starr, E. (2027). Subjective Beliefs about Contract Enforceability. Available at 
https://papers.ssrn.com/sol3/papers.cfm7abstract id=3873638. 
35 Orange, M. (2027) .. Apple told.the.SEC.it.doesn't silence.employees.regarding_workplace.harassment.or 
.d.i.s.i;;r.i.mi.oia.ti.QD.,.N.e.w..w.b.i~:tle.12].QW~!Jlt:'°,;;\ . .iD.Kn.l:',.j}.\~XY:i' .. lr.U.l.;j,J_,:_u:.r.tlL Business Insider, November 23. 
36 Section 5 of the Federal Trade Commission Act. 
37 Federal Trade Commission v. Wyndham Worldwide Corporation, 799 F.3d 236 (3d Cir. 2075). 
38 Majoras, D.P. (2005). Self-Regulatory Oraanizations and the FTC. 
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