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I. Introduction 

Gone is the era of non-compete agreements being the exclusive concern for CEOs, executives, or 

higher-ranked employees in general. Non-compete agreements (NCAs) are legal covenants 

preventing employees from entering into markets or professions in direct competition with their 

previous employer, and recent news articles have brought light to the fact that even interns fresh 

from college are increasingly being asked to sign NCAs1. These are said to harm young people’s 

job prospects even before the first step towards their future careers.  

One important fact about NCAs is that the degree to which they are enforceable differs by state. 

For instance, historical aspects of California’s legal system have long made it almost impossible 

for firms to enforce such agreements there (Fallick et al. 2005). The state’s distinct approach 

towards NCAs is a unique discussion topic among economists who investigate high employee 

mobility as a source of agglomeration economies (or external economies of scale) in Silicon 

Valley’s computer industry. While existing papers have discussed how California’s ban on 

NCAs deprived Silicon Valley employers of a powerful tool to prevent costly mobility and led to 

the region’s growth (Gilson 1998, Hyde 2003, Fallick et al. 2005), little to no research has been 

done to explain the relationship between varying degrees of NCA enforceability in many 

different states and the structure of pay. I hypothesize that the inability to enforce NCAs will 

alter the mix of compensation types because stock and bonus reduce turnover in a different way 

from regular salaries. Stock is a form of compensation that is usually not vested immediately and 

ties workers more strongly to firm, whereas salaries are more easily imitated and if pay rises 

industry-wide, then higher pay alone does not help retention or performance. Bonus, on the other 

hand, is productivity-based and encourages workers to exert efforts. From the employer’s 

perspective, if the goal of using stocks and bonuses is to motivate workers to work as hard as 

they can, one would expect the use of these compensation forms to increase when NCAs are 

enforceable. By contrast, if stocks and bonuses are mostly needed as retention devices, one may 

expect their use to decrease if NCAs are enforceable and available at almost no charge to firms. 

The focus of this paper being technology sector is further motivated by the fact that: besides the 

usual base salary and bonus, technology firms are known for compensating workers with stock 

ownership, which helps employees feel invested in their companies. This ultimately leads to the 

first question this paper addresses: does pay composition (bonus/stock versus base salary) in the 

technology industry vary with levels of NCA enforceability in different states? 

Another issue I would like to address in this paper is to identify whether NCAs and other 

contract components are complements or substitutes. Kryscynski and Starr (2019) lay foundation 

to this approach by defining the two types of mobility constraints firms used: premium and 

punitive constraints. Premium constraints are positive sources of utility offered to workers such 

as performance rewards or amenities, while punitive constraints are penalties incurred should 

they opt to leave such as NCAs, bonus repayment provisions, or repayment penalties. A positive 

correlation between premium and punitive constraints then would serve as evidence of a 

complementary relationship between the two. A complementary relationship may exist for a 

number of reasons: first, with an enforceable NCA, a firm may be more willing to invest in 
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training employees, plus research and development, because they avoid the hold-up problem 

(i.e., that firms are unwilling to invest in workers who may leave their job for a competitor: see 

Williamson 1979). This encourages the employers to strive to protect their investment even 

more by giving bonuses as it is now a more valuable investment. In other words, punitive and 

premium constraints act as complements because the value of protecting the asset increases. 

Second, firms may need to offer perks to outweigh the costs of an employee bearing an NCA. 

NCAs also disincentivize effort: realizing that effort incentives are low, firms may offer perks 

and benefits to keep workers motivated. By contrast, premium and punitive constraints may be 

substitutes. Balasubramanian et al. (2019) claimed that workers in an average-enforceability state 

receive lower cumulative earnings relative to equivalent workers in a non-enforcing state. This 

may be the case if, in order to retain employees, when firms cannot use punitive constraints, they 

will use premium ones instead. Inversely, if firms have the choice between NCAs and premium 

constraints to reduce mobility, and NCAs are much "cheaper" (available due to strict 

enforceability, unlike costly bonuses), then employers will just use NCAs in lieu of bonus or 

stock compensation.  

After examining pay structure among tech employees, I show that premium constraints are 

substitutes for NCAs with respect to employee retention. I observe lower total monetary earnings 

in states that more effectively enforce non-compete clauses, which translates to NCAs potentially 

being a factor that contributes to firm’s applying monopsony power and keeping pay low. In this 

paper, the effect is discovered to be more profound for women than it is for men. Applying this 

theory to the case of California, if employers learn that they cannot prevent high velocity 

employee movement and knowledge spillovers by using NCAs, they may adopt a different 

strategy: using premium constraints as substitutes for punitive constraints. This novel 

contribution to the literature helps us understand the dynamics between two different types of 

mobility constraints and the degree to which firms use one type of constraint when the other is 

more (or less) available. Furthermore, I find some evidence that not only does total compensation 

reduce, but the percentage of incentive pay also decreases as a result of being subject to a stricter 

NCA enforcement regime. This finding raises the question of whether productivity-based 

compensation is effectively fulfilling its role to increase earnings for tech employees who, 

having signed NCAs, have less bargaining power in subsequent negotiations, and probably 

already on the path of flattening their earnings profiles for the rest of future careers. 

II. Literature Review 

The incentives that firms have to offer are said to include both financial compensation and 

nonfinancial practices (Chadwick and Dabu 2009). Reiche (2008) acknowledges that, while 

monetary incentives are crucial for retention, they are easily imitated by other firms and thus 

insufficient to dissuade employees from competing job offers. Implicit to classic literature on 

retention practices seems to be the idea that considering a holistic scope of human resource (HR) 

methods will create synergy. Much research has been devoted to studying HR practices’ 

interplay as complements and how they support each other (Chadwick 2010, Wei 2006, Baird 

and Meshoulam 1988). In addition, Khair and Saeed (2011) empirically demonstrated that 

internally consistent and complementary HR methods are more able to enhance organizational 

performance than a sum of individual ones. As the saying goes: “the whole is greater than the 

sum of its parts”, a more salient outcome is produced when practices complement one another 

(Delery and Doty 1996). The implied prescription, it seems, is to adopt as many mobility 

constraints as possible, conditional on the benefits outweighing the costs of these constraints. 
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Kryscynski and Starr (2019), however, contend that this simple “more is better” prescription is 

potentially misleading and show that it would only retain a non-productive workforce. 

Furthermore, implementing a system comprised of various constraints can impose real costs on 

firms. Considering that retaining human resources should be at a cost below the economic value 

that they add to the firm (Coff 1997), it is worth also considering substitution of one constraint 

for another.  

Literature surrounding the effect of non-competes on wages is small, according to the 2016 

report “Non-compete Contracts: Economic Effects and Policy Implications” by the Office of 

Economic Policy at U.S. Department of the Treasury. Furthermore, previous studies on NCAs 

have mostly focused on how their enforceability affects the size of compensation bundles as a 

whole (Kryscynski and Starr 2019, Balasubramanian et al. 2019, Garmaise 2011), as opposed to 

comparing each component’s role in the overall package. One important finding in a previous 

study (Balasubramanian et al. 2019) is that, compared to peers in low NCA enforceability states, 

workers in states with high enforceability are compensated with reduced wages in their current 

job as well as throughout the rest of their career. However, the paper does not delve into exactly 

how each of the various components (i.e. stock, bonus or base salary) in the payment package 

reacts given this overall reduction. Is it the case that all of these three elements shrink as a result 

of this contraction, or did any actually manage to increase its representation? What 

Balasubramanian et al. (2019) demonstrated is that NCAs can hold down pay because firms do 

not have an incentive to raise earnings. In this paper, however, I attempt to show firms do not use 

premium constraints to complement punitive constraints, even though theory favoring 

complementarity predicts they further incentivize workers to achieve optimal effort levels. 

Although higher salaries may act as a premium constraint to some extent, there may not be any 

clear impact on effort, and if pay rises industry-wide, higher pay alone does not help retention or 

performance. Stocks and bonuses do, in different ways, because they incentivize workers to exert 

effort, making them another type of substitute for NCAs. 

Even when research has been done to investigate the relationship between NCAs and 

compensation structure, little effort has been made to understand this topic in the technology 

industry specifically. For instance, Lavetti et al. (2019), studying physician compensation, 

established that the share of total earnings that is tied to individual productivity is more than 

twice as high for physicians with NCAs. Their theoretical model underlying the role of incentive 

pay in promoting earnings despite a reduction in bargaining power caused by NCAs, has only 

been applied to the empirical test focusing on primary care physicians alone. Although the NCA-

related questions they initially seek to answer apply more generally to firms that provide high-

skilled services, many areas of profession besides doctors are left un-explored, of which the 

technology industry is a prime example. 

III. Theory 

If wages are higher in locations with stricter NCA law, it would appear that NCAs have solved 

the investment hold-up problem, incentivizing firms to promote productivity by investing in 

technology advancements, acquiring valuable information and most importantly, providing 

employee training. Due to bargaining, the firm is not the full residual claimant of the additional 

returns generated by its investment, and the hold-up problem occurs if firms’ investment in 

capital is potentially held-up by the worker (Acemoglu 2011). Without binding contracts (as is in 

the case of California), a firm could be disincentivized to train due to the “hold-up” threat: 
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knowing that once investments in human resources have been made, employees can threaten to 

use their earned skills in a way that is not optimal for the firm which initially employed them. 

This could mean demanding renegotiation or job-hopping to another company and leaking 

information. This theory partly explains the grim view presented in Hyde (2003) of Silicon 

Valley as a place providing “inadequate incentives for training”. Better-trained workers are 

equipped to perform more productively, while being more motivated, and are eager to take on 

duties (Ali et al. 2017). As such, firms’ investments are quite valuable. Investment then 

encourages firms to want to protect their assets even more by being generous with monetary 

compensations and similar utility-creating constraints. It may also be the case that firms are 

using premium constraints to incentivize efforts diminished by punitive constraints. Imposing 

punishments for leaving in the form of NCAs, or similar non-solicitation agreements’, may 

discourage workers from exerting full effort (Garmaise 2011). If that is the case, then the firm is 

essentially holding on to a less-than-fully productive workforce (Kryscynski and Starr 2019), so 

to counteract that negative impact and prevent it from hurting their pursuit of rents, firms can 

offer performance-based monetary incentives. Higher wages then can be considered as payment 

for the worker who sacrificed their mobility. On the flip side, when a firm signals economic 

commitment to workers by offering premium benefits, the value of protecting its human capital 

also increases. Employees who receive learning incentives and feel invested in their companies 

via stock can also be motivated and absorb training more quickly if firms choose to provide 

them. To garner rents from training, firms must find ways to limit the imitability and mobility of 

their resulting human capital (Chadwick and Dabu 2009). As a result, firms would want to adopt 

NCAs to guard against loss of value due to employees’ departure. Rubin and Shedd (1981) have 

also advocated that NCAs should be enforceable to help protect employers’ investment when 

they provide general knowledge that is too expensive for workers to pay for.  

The previous paragraph has summed up the hypothesis that NCAs/punitive constraints and 

premium constraints are complementary because the value of protecting the asset increases. 

However, I actually found evidence of a substitution relationship instead. Balasubramanian et al. 

(2019) also observed that compensation is lower in states that enforce NCAs in both their current 

and subsequent jobs, coupled with increased employment durations or “job spells”. This suggests 

that effective NCA law locks workers into their jobs, preventing them from earning the 

maximum possible wage and working where they want. This points towards punitive and 

premium constraints being substitutes from the employer’s perspective. One can think of the 

NCA in this situation somewhat similar to the National Football League’s exclusive franchise tag 

on a player that is crucial to the team’s success. Usually reserved for players of great potential, a 

franchise tag allows a team's manager to strategically retain valuable free-agent players for a year 

without exceeding the League's salary cap. Without the tag, the team may have no other way to 

hold onto their best player once he hits the market due to all the competing offers. For a really 

good player, the franchise salary could be less than what they would command on the open 

market. Most importantly, the threat of being forced to sign the franchise tender usually tilts the 

leverage in favor of the team, causing some players to accept contracts for less money than they 

would attract otherwise. Back to the case of California, if firms cannot use legal means for 

retention, they will instead use premium constraints since high turnover is costly in general. 

Moreover, in this high-velocity labor market, employees should exhibit maximum incentives to 

produce innovative information, or value worthy of firm’s protection since they know that they 

may be on the job market themselves in the near future (Hyde 2003). Inversely, if firms’ goal is 

to reduce mobility and they can choose between NCAs and financial rewards, since NCAs are 
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"cheaper" (available at almost no cost to firms given strict enforceability), then employers will 

just use NCAs as substitutes for other constraints. Given that writing bonus checks and awarding 

stocks can be quite expensive to firms, they may also believe that the potential benefit from 

incentivizing the extra efforts diminished by NCAs does not outweigh the cost. One may raise 

the question of why being asked to sign NCAs does not cause workers to bargain for higher 

wages in consideration of future employment restrictions. In response to this, Marx (2011) 

argues that firms are still strategically able to keep pay down by managing the process of getting 

workers to sign these contracts, waiting for workers’ bargaining position to weaken (most of the 

time, firms do not present the contract until after applicants have accepted the position). It may as 

well be the case that only later when the worker considers exiting a firm, does he or she become 

aware of the existence or implications of the NCA. Starr et al. (2017) finds that about a third of 

workers do not even know if they are bound by a non-compete, and that only 30% of employees 

have another offer at the time they were asked to sign. It is almost impossible to expect workers 

to reach the best possible deal given incomplete information, lack of alternative options, and lack 

of negotiation. Finally, even if firms may initially use higher wages to coax new employees into 

signing an NCA before locking them in (i.e. the net effect on wages could be positive in earlier 

years), finding significant and negative coefficients in my results here means the net effect is 

negative in later years and remains negative on average. Besides training, protecting trade secrets 

and “screening” (preferentially hiring workers with low likelihood of departure), a 2016 report 

by the Office of Economic Policy at U.S. Department of the Treasury claimed that another 

possible rationale behind firms’ use of NCAs is “lack of salience”. This applies when employers 

exploit the fact that employees do not pay attention to non-competes and do not realize how 

much bargaining power or chances of future employment they are foregoing. If lack of salience 

is the dominant explanation, we would expect no initial wage premium and slower wage growth, 

as workers are prevented from taking advantage of outside opportunities or using these 

opportunities as leverage for wage growth at their current firm (on the other hand, if screening is 

the dominant explanation, we may expect stricter enforcement to cause an initial wage premium 

but slower subsequent wage growth nonetheless). 

IV. Data 

The purpose of this study is to investigate the relationship between salary structure and NCA 

enforceability, so we need a cross-sectional dataset which contains salary structure information 

and merge it with a second set that contains indicators for inter-state variation in enforcement 

scores. Previous research on the topic of pay composition has been challenged with the 

difficulties to pinpoint the makeup of pay, given lack of data. This paper attempts to offer a 

source for the former dataset from the public Levels.fyi website, which maps tech career levels 

and tabulates compensation breakdown. This online survey contains micro-level information on 

compensation and career projections for tech workers. Besides having data from every state in 

the U.S., it also has participants from overseas, but for the purpose of this paper and since 

variation in laws that govern NCAs is only known at state level, we will limited our analysis to 

U.S. locations. The second set used for analysis is the NCA index scores by state which stems 

from a legal database constructed in Bishara (2011) that quantifies the relative strength of NCA 

enforceability across states. This serves as the source of variation in the restrictiveness of NCAs. 

Both components used in the analysis are to be presented with greater details later in this section. 

A. Compensation data 
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This dataset describes the compensation of workers in the technology industry, broken out into 

different components of pay: base salary, stock grant value and bonus. Stock grants can be 

regarded as a powerful motivator in employee retention by granting workers shares of stock that 

are vested (or become unconditionally owned) after a fixed number of years. Generally, the goal 

of equity compensation can be to align workers’ incentives with the company's. If the worker 

leaves prior to vesting, he loses his stock in the firm. Levels.fyi, an Information Services 

company established in 2017 which created this data source, displays a worker’s stock 

compensation as divided by the number of years it takes for the grant to fully vest. For most 

companies here, the equity reported is either pure grant or Restricted Stock Units that represent 

equity value in terms of a dollar amount and do not require a purchase like stock options (options 

to buy a part of the company via common stock, which also have a vesting schedule and their 

annual stock value can be measured from the latest valuation of the company). In an effort to 

bring transparency to the workplace, the website also offers a visual tool where you can see 

reports on crowdsourced salary information, input by individual users with the date and time of 

submission recorded. The two co-founders shared how the website was established and used 

during a talk published on June 15, 2019, “Here’s How Big Tech Companies Like Google and 

Facebook Set Salaries for Software Engineers” on CNBC. Essentially, it allows people to drill 

down into specific data points, including the submitter’s work specialty and location. The dataset 

pulled from this website and currently being used for this report was last updated on January 2, 

2020. After data cleaning (to remove observations with incomplete information and standardize), 

keeping only locations in the U.S., we arrived at 9,522 observations from 2017 to the beginning 

of 2020. Given the large concentration in Silicon Valley’s computer industry, Californians also 

represent a majority of the data.  

To submit your compensation, you can either upload an offer letter/pay document, or enter 

numbers in manually, which is then validated by verified data. To manually complete a 

submission, contributors must input company name, location (City, State), years of experience, 

years at company, level, title, area of focus/specialty, and total compensation yearly (as found on 

W2). You can also further break down the submitted value by base salary, stock, and bonus. As 

you enter numbers for all three components (base salary, stock, and bonus), if the sum does not 

match up to the total compensation, the system will give you an error message. These numbers 

exclude any not-discussed fringe benefits like pensions, 401Ks or health insurance. Other 

optional items include gender, and further details like if you have a PhD or Master’s degree. We 

do not know whether workers have NCAs and it is worth reemphasizing that this paper does not 

discuss the effect of NCAs on an individual level. The key independent variable here is the 

degree to which NCAs are enforceable at a given state and thus different at a state level. Total 

yearly compensation is required for all submitted entries and capped between 10,000 and 5 

million U.S. dollars. I have also calculated non-base salary, a continuous variable that is the sum 

of bonus and stock. “Bonus” here refers to target amount for a year and is money, which is 

different from stock. Table 1 presents descriptive statistics for our aforementioned financial 

components of compensation. Despite claims to have been validated, since the data is 

crowdsourced, it could raise some concerns, including a self-selecting population: the people 

most likely to submit their compensation details are those that make a lot of money. Nonetheless, 

if selection bias into inputting the data is not related to NCA enforceability then the relationship 

we are exploring should not be affected. Additionally, I did find a wide range of compensations 

submitted, and our final sample represents about 600 job titles and over a thousand companies of 

different sizes. The founders of the website also stand behind how they remove outliers and 
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unreliable data points, saying it matches up closely with similar compensation datasets that 

Radford or Connery Consulting sell2. These are HR consulting firms that survey and benchmark 

base salaries, incentives, equity awards and more to design recruitment practice and help hire 

talents.  

B. Enforcement index 

The data source for the measure of NCA enforceability that we will use in our analysis is built 

upon Norman Bishara’s quantification of various dimensions of NCA enforceability for each 

state: State Statute of General Applicability, Employer's Protectable Interest, Plaintiff Burden of 

Proof, Modification or Blue Pencil, Enforceable if Employer Terminates, Change In 

Terms/Continued Employment Sufficient Consideration for NCA, and Start of Employment 

Sufficient Consideration for NCA (see Bishara 2011 for a review). This dataset has been used by 

economists researching the topic of NCA and was used by Lavetti et al. (2019) to show that state 

enforceability is strongly predictive of NCA use. This led them to conclude that firms are less 

willing to impose an NCA in a state where it is unlikely to be enforced. The higher the index 

score, the higher the chance of a court upholding an NCA in a given state, where 0 refers to 

absolutely no likelihood of upholding an NCA. For example, given that most overall scores are 

above 100 and the maximum is 470, California has a very low score (31), meaning the law is 

almost unenforceable there (see Appendix Table A1 for scores by state). This index captures 

NCA enforceability along a spectrum of weak to strong enforceability.  

I standardized the enforceability index to have a minimum of 0 and a maximum of 1, according 

to the formula in Equation (1) below. By using this min-max scalar, the data is scaled to a fixed 

range, increasing interpretability. We know that the actual minimum and maximum scores of all 

the 50 states are 0 and 470. A min-max scaling is mathematically done by subtracting the 

minimum value from the value, then divided by the overall range. For example, let λ be a given 

state’s score using Bishara’s system. In order to standardize these numbers, we will use a 

formula as follows, where 𝜆𝑠 represents the standardized score: 

(1)     𝜆𝑠 =
𝜆−0

470−0
 = 

𝜆

470
 

 C. Descriptive plots of merged data 

Figures 1, 2, and 3 are binned scatterplots of different types of compensations against 

standardized NCA scores of each state. These binned scatterplots are used to help with 

visualization, instead of a normal densely-plotted scatter diagram. They are created by grouping 

the x-axis variable into equal sized bins and then marking points whose coordinates correspond 

to the means of the x and y variables within each bin. A regression line is also drawn across each 

graph. A pattern of substitution between each type of compensation and NCAs would generate a 

downward sloping line and an upward sloping line in the case of complements. 

From the graphs, we can see early indications of NCA’s restrictiveness potentially being 

substituted for monetary constraints. This trend appears to persist more strongly in the context of 

total yearly wages (slope=-87.3) than it does with non-base (slope=-48.6) and base salaries 

(slope=-37.4). Yet, everything so far may just indicate that dominant states like California 

(standard score=0.07) pay more and perhaps have more skilled workers so next, I will formally 

test whether this relationship is statistically significant using econometrics methods. 
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V. Empirical Strategy 

In this section, I describe the key variables as well as regressions performed. To determine the 

effect of the enforceability index on both the size and proportion of each financial payment type 

to the total sum, I used a model that accounts for fixed effects for each company, job title and 

other factors. Thanks to the nature of the data, I was able to pinpoint exactly the names of firms 

instead of just their characteristics, and thus able to bring in firm fixed effect (this strategy is 

sometimes called the method of Abowd, Kramarz, and Margolis or “AKM”; see Abowd, 

Kramarz, and Margolis 1999). First, I take the natural log of all the payment types to avoid 

undue influence of outliers, and to interpret output in percentage terms (zero values of stock and 

bonus are handled by adding one dollar to each observation before taking the log). I also 

calculated the percentage of each component compared to total yearly compensation. The 

standard errors are clustered by state to account for serial correlation among the error terms 

within each state, while assuming that there is no significant time effect from middle 2017 to 

2018 to 2019 (which is when the data is gathered). Allowing for correlation of residuals within a 

state across people, this clustering is particularly important given that the NCA index is 

measured at the state level.  I will estimate our model in the simplest form first (Equation (2)), 

then add in more fixed effects later: 

(2) Yijcps = α + β1SCOREs + β2YEARSOFEXPi + β3YEARSATCOMPANYi +  β4FEMALEi + εijcps 

SCORE is the continuous NCA variable and β1 is the coefficient of interest, measuring the effect 

of enforcement score. Yijcps represents a salary-related characteristic of interest for individual i 

given job title j, specialty p, at company c and in state s. Nine variations of this model differ from 

each other by their dependent variable Yijcps: log of total compensation, log of base salary, log of 

stock grant value, log of bonus, log of non-base compensation (i.e. stock-plus-bonus combined), 

and percentage of individual component to the total payment. Yijcps depends on experience of the 

worker (YEARSOFEXP), tenure at company (YEARSATCOMPANY) and gender of worker 

(FEMALE is a dummy variable that equals 1 if the person is a woman). Given the simple model, 

one may point out the problem of covariance between regressors and the unobservables, εijcps. 

According to Lavetti et al. (2019), frictional job search or matching can lead to the error term 

being correlated with our regressors. This leads to the decomposition of the unobservables:  

(3)                                                            εijcps=µi + φc + uic 

Where µi encompasses unobserved worker effect that accounts for people’s differences in 

earnings capacity (like ability). φc is an unobserved firm effect, and uic is the residual. An 

example of correlation between tenure and φc would be if employees are less likely to leave once 

they acquire a job at high earning firm. Thus, it is very important to include company fixed effect 

to assuage endogeneity bias due to firms’ unobservables like managerial ability. Without this 

fixed effect, our results could conflate the differential allocation of firms across states that have 

varying enforcement regimes. An example would be if firms try to locate in states that enforce 

NCAs very strictly. If that is the case, regressing outcomes on enforceability would just inform 

whether those particular firms pay more, or use more bonus and equity. It is still informative, but 

there may be other differences about those firms. In Lavetti et al. (2019), without observing the 

exact name of firm/practice, the paper relied on empirical methods and failed to reject the null 

hypothesis that unobserved firm characteristics are uncorrelated with earnings growth or NCA 

use. This ultimately leads us to the first expansion of our model: 
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(4) Yijcps = α + β1SCOREs + β2YEARSOFEXPi + β3YEARSATCOMPANYi +  β4FEMALEi + wc + 

εijcps 

where wc represents fixed effects for company. Next, I will also include job specialty (or area of 

focus) and title fixed effects. This will allow the model to estimate effects within-specialty and 

within-title, as title and area of focus do matter for earnings and compensation structure (even 

though doing so may significantly deplete the power of the regression). For example, someone 

with an executive title may have more of their earnings in equity (and probably has more access 

to stock shares as well), compared to a junior web designer. Similarly, a tech employee whose 

focus is business operations or business intelligence may also be more interested in building their 

wealth from stock grants than someone whose focus is algorithms. Our model then expands to:  

(5) Yijcps = α + β1SCOREs + β2YEARSOFEXPi + β3YEARSATCOMPANYi +  β4FEMALEi + wc + 

vp  + zj + εijcps 

The variables vp and zj are fixed effects for area of focus and title, in that order. At this point, 

there is still a dangerous confounder yet to discuss: geography. This is because we are unable to 

control for state, and outcomes could vary at the state level, regardless of whether we are within 

company or within job title. In theory, even if we have controlled for everything, our regression 

results may just stand testimony to the fact that different parts of the country are, indeed, 

different. This motivates me to create a new variable called division based on how the United 

States Census Bureau allocates states into nine divisions (so that about 5 or 6 states are grouped 

into one division on average, see more details on these divisions in Appendix Table A2). Using 

this new variable, I added a division fixed effect term to compare geographically similar 

neighbors (gd): 

(6) Yijcps = α + β1SCOREs + β2YEARSOFEXPi + β3YEARSATCOMPANYi +  β4FEMALEi + wc + 

vp  + zj + gd + εijcps 

Then, the regression would be comparing observations from one to nearby states, which may be 

a more honest comparison. If there is still a significant effect, that would bolster the empirical 

strategy given that the estimates are also within-firm, within-job title and within-specialty with 

other controls. I should note that we are not controlling for state dummies so cross-state 

differences that are correlated with NCA enforceability can drive regression coefficients. Lavetti 

et al. (2019), during discussion of this correlation, have used empirical evidence to show that the 

extent to which this maybe a concern is limited: the enforceability of NCA laws is, on average, 

uncorrelated with the political preferences of states. Hausman and Lavetti (2019) also find that 

NCA laws are uncorrelated with unemployment rates, population levels, views about the size of 

government, to name but a few.  

A potential concern of selection on quality could arise if workers respond to changes in state 

NCA laws when it comes to geographic locations, meaning that the heterogeneity in earnings 

effects of NCAs is likely to be driven by geographic sorting. Unobserved person-specific traits 

such as ability can cause talented workers to move to California, famed for its refusal to 

recognize these agreements. My first argument is that California and its Silicon Valley are the 

dream workplace coveted by all, and the demand for technical labor there is still in such deficit 

that there are much void to be filled by any level of ability. Assuming the lowest level to enter 

this high-skilled sector is that you need at least bachelor degree or some experience, many 

college degree holders in computer science flock to the West in huge movement and yet it is still 
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not enough. Extending projections of California’s workforce skills through 2030, Johnson et al. 

(2015) find that the state will fall about 1.1 million college graduates short of economic demand, 

if current trends persist. Even the arrival of highly educated workers from elsewhere is unlikely 

to be large enough to fill this gap. California has many high-tech innovation centers, granted, but 

the state is, and will continue to be the birthplace for many start-ups with job openings for both 

seasoned workers and young graduates alike. True to its name, the tech boom here does not lack 

opportunities: the market is not saturated but keeps expanding still with new tech jobs year-over-

year, and supply in California is predicted to not outlast demand. It is also the state with most net 

tech employment job gains in 2018, according to the Computing Technology Industry 

Association’s 2019 report.  

Nonetheless, even though we have already accounted for division fixed effect, I address the 

matter further by running our regression on a subsample without California. It would be very 

strong evidence if the relationship still holds assuming that there is no potential correlation 

between the use of NCAs and worker quality among the remaining states outside of California. 

This assumption of no systematic differences in quality based on the use of NCAs outside 

California seems fair, since no other state possesses both an outstanding fame for its level of 

computer human resources and an extreme level of NCA enforcement. I tested whether this is 

true, using Bloomberg 2019 U.S. Innovation index3 as proxy for quality, and used The 

Computing Technology Industry Association 2019 research report - “The definitive guide to the 

U.S. tech industry and tech workforce”, to calculate tech gross state product (GSP) per employed 

person as proxy for productivity. I did not find any significant result as to indicate a relationship 

between rankings of NCA scores and innovation, nor for productivity (see Table A3 for this 

result). Behind California, Seattle in Washington is usually known as the other top destination 

for tech jobs4 but the reasons cited as to why this is happening do not involve whether or not 

NCAs are prohibited in Washington. Instead, affordable housing is often considered the biggest 

draw. The key is: while California ranks next to last in terms of NCA enforcement, Washington 

ranks quite high at 13, suggesting little evidence of people considering NCA a factor when 

moving (or at least it is not so compelling as to outweigh other reasons such as cost of living). 

Looking at the most recent data, The Computing Technology Industry Association’s 2019 

reported: Florida (despite topping the list of NCA enforceability score) actually appears in 

second after California in terms of net tech employment job gains and fourth in tech employment 

overall. As a last step, since some states in America are considered more expensive to live in 

than others and this could potentially affect the results, I attempted to add in an additional 

independent variable that will account for the differences in each state’s cost of living. The 

source for this information comes from data released by the U.S Bureau of Economic Analysis 

(BEA) which compares the relative cost of living in different parts of the country. Their most 

recent report on Real Personal Income for States and Metropolitan Areas came out last year 

using 2017 data. To compare costs of living, the BEA utilized Regional Price Parities (RPPs), 

which measure the differences in price levels across states and metropolitan areas for a given 

year and are expressed as a percentage of the overall national price level. All items RPPs cover 

all consumption goods and services, including housing rents. RPP sets the national average cost 

of goods and services at 100, and a particular region's RPP will show how the cost of living in 

that region compares with the average. For example, if New York’s RPP is 115.8 , this means the 

state is about 15.8% more expensive to live in than the national average.  
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VI. Results  

First we estimate the 4 equations (2), (4), (5), (6) using the full sample. Given the 

aforementioned set of 9 dependent variables, we are running here a total of 36 models. Table 2 

highlights only the coefficient of interest on NCA score. A table of these regressions’ sample 

sizes can be found in Appendix Table A4.  

The effects of NCA enforcement remain consistently negative for Log of Total Compensation, 

Base Salary and Bonus. The coefficients’ magnitudes and standard errors tend to get smaller as 

we control for more fixed effects. Overall, the majority of our coefficients using log dependent 

variables indicate a negative relationship between NCA score and the amount of compensation. 

This points towards premium and punitive constraints being substitutes. If that is the case, NCA 

enforceability (a punitive constraint) causes use of fewer premium constraints. Consistent with 

Balasubramanian et al. (2019) and Johnson et al. (2020)’s findings, we observe lower wages in 

states that more effectively enforce NCAs. If NCAs restrict subsequent worker mobility, it will 

reduce their pay. On top of rarely being negotiated, NCAs can prevent workers from earning 

what they could in a competitive market (Starr 2019). Furman and Krueger (2016) also cited 

NCAs as a factor contributing to monopsony power, which dampens labor turnover and reduces 

overall economic dynamism. 

There is also mild to moderate evidence to claim that, not only does total compensation shrink 

overall due to substitution, the proportion of pay comprised by bonus also decreases. This is 

further confirmed as one looks back at the log regressions and sees that on average, given the 

same experience, gender, firm, title and job specialty, switching from a state with zero 

enforcement (North Dakota) to highest enforcement (Florida) will reduce a tech worker’s annual 

compensation by about 17%, base salary by 15%, stock by 30% and bonus by 20%. This 

translates to bonus decreasing at a faster rate than the total sum does (20%>17%). If this is 

indeed the case, then we can show mathematically that percentage of the component (bonus) 

compared to the sum must decrease as a result of being subject to a stricter enforcement regime. 

One can think of it as the exact opposite idea of when the total market for a product or service 

grows, then a company that is growing its market share, i.e. its percentage of a market's total 

sales, will definitely be growing its revenues at a faster rate than the average of all companies. 

Given a negative coefficient on percentage of bonus to the sum, even if total annual pay stays 

exactly the same, the proportion of that compensation that is incentive-based is decreasing, 

meaning that firms do not feel like they need to further incentivize workers to exert effort. 

Comparing to other high-skilled workers, Lavetti et al. (2019) applied their theoretical model on 

physician compensation to advocate for the role of incentive pay in counteracting the potential 

decline in bargaining power associated with NCAs. Nevertheless, our results here suggest that 

productivity-based incentives or bonuses have fallen short of achieving such a goal for 

technology workers by dwindling away at a rate even quicker than total earnings itself. We do 

not have much consistent evidence with either the base salary or the equity component to make 

any definitive claim, however. Adding division fixed effects did not alter by much the direction 

and magnitude of the results which we did find of significant value in previous parts. That 

bolsters our empirical strategy since it is not just that different parts of the country are different. 

Even when I just compare one state to its nearby neighbors, there is still an effect while also 

taking into account the fact that we are talking about only one firm with the firm fixed effect. 
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As mentioned before, by recognizing that California started out on the NCA spectrum with such 

an extreme score value while at the same time attracting the majority of tech workers could 

induce bias, I examine the model using data without Californians. I use equation (6) (a fully 

saturated model with all of the controls mentioned above). The dependent variables of interest 

are still the logs of the different monetary compensations and the percentages of each component 

to the total annual salary. Table 3 shows these results using data outside of California. The 

sample size has reduced, yet we still find evidence of significant coefficients. This indicates 

strongly that there exists a meaningful relationship between the constraints we are studying 

(premium and punitive constraints). Furthermore, the degree of estimated effects is even bigger 

than when California was included. Considering that California also has an extremely low 

enforcement score, I infer that the state attracted a wide mix of talent levels, most likely 

including a lot of the newly minted graduates that are at the bottom of the pay scale. In the 

compensation regressions for workers outside of California, both total salary and base pay still 

exhibit a significant substitution relationship with our measure of punitive constraints (while 

including division effects). For tech employees outside California, moving from a state with zero 

NCA enforcement to the most enforceable state can cost them about 33% of total earnings and 

24% in base salary. Compared to the previous table, the magnitude of effects here is quite large, 

even without leverage from Californian workers. Besides the diminished sample size, this can 

also happen due to the fact that, while California may host many high earning workers, it is also 

home to a lot more of those that earn relatively lower than average of the remaining states. Note 

as well how contribution of non-base pay to the total sum is significantly reduced when NCAs 

are more enforceable for states excluding California. It is also dwindling at a rate faster than that 

of stock’s percentage (whose coefficient is also somewhat significant). The only other 

component that makes up non-base pay is bonus and given that percentage of stock is not 

decreasing as fast as stock-plus-bonus combined, the percentage of bonus, therefore, must have 

decreased as well. Thus, although the negative coefficient on SCORE in the percentage of bonus 

regression does not attach statistical significance, it is unlikely this incentive-based compensation 

was effectively bundled with NCAs to counteract its impacts of reducing workers’ bargaining 

power in the technology sector. A ban on NCAs then could result in firms increasing pay and 

making bonuses a larger share of pay. As shown in Table 4, when we allow control for the 

differences in states’ relative cost of living (or how expensive it is to live in each state), the 

coefficient on SCORE is still negative for all 9 regressions except for the one using percentage of 

base salary to total compensation as a dependent variable. However, this means that increased 

NCA enforceability affects percentage of non-base salary to total compensation negatively. Even 

though the estimated size of effect is smaller than before, the SCORE coefficient is significant at 

the 5% level where log of total compensation, log of base salary and percentage of non-base 

salary were used. The size of reduction estimated for percentage of bonus, stock, and stock-plus-

bonus combined is 3%, 5%, and 8% respectively. 

Lastly, I attempt to examine whether there is heterogeneity in my results by gender. This is 

motivated by the fact that women are still underrepresented in tech and they had been, by 

tradition, more geographically constrained than men (Childers et al. 2019), making them more 

susceptible to negative effects of NCAs. There is only one woman in our sample who stays in the 

industry for more than 30 years, whereas 31 men accumulate anywhere from 30 to over 50 years 

of experience (the woman’s mean Total Annual Compensation is also smaller than the mean of 

those 31 men). Considering this, a binned line plot (Figure 4) was drawn, focusing only on the 

first 30 years of each gender. An interesting avenue of research then is to look at the split 
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between 2 genders and see if the effect of NCA policy on pay composition remains the same. 

Table 5 presents such results, reporting coefficient on SCORE as we run regressions including 

only one gender at a time, combined with including and excluding California. On average, 

descriptive statistics show that non-Californian women are the lowest earning group out of the 4, 

then men out of California third, and men in California take home the most salary. Most of our 

previous assertions towards substitution for log of Total and Base Salary and percentage of 

productivity-based incentives still hold as before, with the weakest evidence in the non-

Californian females group (although this could just be an econometric artifact due to small cell 

size). In general, high enforceability levels of NCAs affect overall pay negatively. Females 

outside California are also the ones who sustain the most impact to earnings if they were to work 

in a more enforcing state. There is obviously a difference in effects between men and women in 

that women tend to endure more negative impact, which did not come much as a surprise as the 

coefficient on FEMALE in our previous regressions using Equation (6) has strong statistical 

significance attached (for example, the FEMALE coefficients for Equation (6) in the full sample 

using log of Total and log of Base salary are both negative and significant at the 5% level). This 

gender gap is bigger when one considers only the workforce outside California. There is also a 

trend of men seemingly incorporating more equity into their compensation than do women. 

VII. Conclusions 

“(Workers) can’t reach their true potential without freedom to negotiate for a higher wage with a 

new company, or to find another job after they’ve been laid off,” said ex-Vice President Joe 

Biden in a statement as cited in the Reuters News5. The Obama administration had previously 

called on U.S. states to ban agreements which prohibit workers from moving to employers’ 

rivals. To bind employees, there are different human resource practices that can increase the 

immobility of human capital by raising workers’ costs of changing employers (Chadwick and 

Dabu 2009). While there are financial methods such as offering high salaries that are the 

opportunity costs employees will forfeit if they depart, NCAs are examples of nonfinancial ones 

that punish leaving workers and impose on them real costs such as time, energy, money and may 

be even reputation (Kryscynski and Starr 2019). Focusing purely on the technology industry, I 

have found evidence to establish a pattern of substitution between a worker’s earnings and his 

residing state’s policy on NCAs. Using Kryscynski and Starr (2019)’s terminologies on labor 

retention, if there are already aggressive contracts (or punitive constraints) that assert employers’ 

ownership of intellectual property and results of training, then firms can utilize that legal system 

to replace financial benefits (or premium constraints). This means companies have less 

incentives to offer high salaries or a greater share of the gains when the firm succeeds, knowing 

workers’ bargaining power has been reduced. As a result, a ban on NCA would lead to a more 

competitive labor market and faster wage growth. This matter can potentially affect people who 

are as early in their careers as new graduates, thus making it important that students should also 

be informed of NCA’s potential impacts to make good careers decisions. 

The substitution relationship that I have found is especially more evident with total and base pay 

than with non-base values, while also more strongly applied for women than it is for men. An 

interesting avenue for future research would be to examine whether there is also heterogeneity by 

experience. For example, one can assess whether the effect of NCA policy on pay composition is 

any different for people that have only been in the industry for a short time compared to more 

seasoned workers. Given how firms may pay new hires a lot up front to get them to agree on 

signing enforceable NCAs before locking them in, and that firms also want to avoid 
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committing to a high salary rates for the new person, we can test to see how much bigger 

bonuses are for new workers than for workers who have been at the company for a while, in low 

versus high enforcing states.  

Applying this paper’s discussions to the case of Silicon Valley’s high-velocity market where 

enforcement of NCAs is virtually impossible, an employer that needs motivations to invest in 

employee training can incorporate elements that provide incentives for employees to stay such as 

financial ones. Besides high rates of employment mobility, some of the region’s many 

characteristics also feature flexible compensation, including stocks. Using thorough breakdown 

of compensation data collected in an online public source, I assessed the effect of varying 

degrees of NCA enforceability at different states on representation of each pay component in the 

overall pay structure. My results show that there is moderate evidence to claim that the 

percentage of incentive-based pay in the compensation make-up is diminished as NCAs are more 

enforceable. From the firm’s perspective, there is less incentive to use these as retention device 

when there is already effective legal means. This means productivity-based payments given to 

workers have failed to counteract the potential decline in bargaining power associated with 

NCAs, a phenomenon that was discussed as one of Lavetti et al. (2019)’s hypotheses during their 

study on share-based compensation.  
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IX. Tables and Figures 

 

Table 1. Summary Statistics 

Variable Mean Minimum Maximum Standard deviation 

Base Salary 153,909                  5,000 1,050,000 55,154 

Bonus 24,098              0 1,000,000 37,172 

Stock Grant Value 63,865             0 4,822,000 131,528 

Total Yearly 

Compensation 

239,848                 10,000 5,000,000 180,227 

 

Table 2. Estimates of Standardized Score’s Coefficients Using Full Sample Size 

Dependent Variable Model Specifications 

 (2) (4) (5) (6) 

Log of Total Compensation 

 

-0.374** 

(0.145) 

-0.188*** 

(0.066) 

-0.172*** 

(0.057) 

-0.101*** 

(0.035) 

Log of Base Salary 

 

-0.243*** 

(0.058) 

-0.154*** 

(0.042) 

-0.152*** 

(0.037) 

-0.117*** 

(0.028) 

Log of Bonus 

 

-0.993*** 

(0.221) 

-0.246*** 

(0.052) 

-0.202*** 

(0.062) 

-0.277* 

(0.146) 

Log of Stock 

 

-2.408 

(1.85) 

-0.356 

(0.254) 

-0.309 

(0.222) 

0.017 

(0.132) 

Log of Non-Base Salary 

 

-1.119 

(0.857) 

-0.265 

(0.164) 

-0.254 

(0.164) 

-0.028 

(0.086) 

Percentage of Base to Total 

Compensation 

0.084 

(0.059) 

0.015 

(0.018) 

0.008 

(0.016) 

-0.013 

(0.008) 

Percentage of Bonus to Total 

Compensation 

0.005 

(0.005) 

-0.006*** 

(0.002) 

-0.003* 

(0.001) 

-0.005* 

(0.003) 

Percentage of Stock to Total 

Compensation 

-0.089 

(0.055) 

-0.009 

(0.018) 

-0.006 

(0.015) 

0.018** 

(0.007) 

Percentage of Non-Base to 

Total Compensation 

-0.084 

(0.059) 

-0.015 

(0.018) 

-0.008 

(0.016) 

0.013 

(0.008) 

Company Fixed Effect No Yes Yes Yes 

Job Title Fixed Effect 

Specialty Fixed Effect 

No 

No 

No 

No 

Yes 

Yes 

Yes 

Yes 

Division Fixed Effect No No No Yes 

Note: Standard errors in parentheses and clustered by state. * p<0.1, ** p<0.05, *** p<0.01   

This table reports results on 36 models and only highlights NCA Score’s coefficients. 

 



Non-Compete Agreements 

70 
 

P
er

ce
n

ta
g

e 

o
f 

N
o
n

-

B
as

e 
S

al
ar

y
 

-0
.0

8
6

5
*
*

*
 

(0
.0

2
8

9
) 

0
.0

0
6

6
7

*
*

*
 

(0
.0

0
0

6
3
1

) 

-0
.0

0
1

1
7
*
 

(0
.0

0
0

6
4
1

) 

0
.0

0
2

0
9
 

(0
.0

0
2

8
7

) 

0
.2

9
7

*
*

*
 

(0
.0

2
1

3
) 

3
6

1
1
 

0
.6

0
3
 

P
er

ce
n

ta
g

e 

o
f 

S
to

ck
 

-0
.0

5
9

2
*
 

(0
.0

3
2

6
) 

0
.0

0
6

1
2

*
*

*
 

(0
.0

0
0

9
2
0

) 

0
.0

0
2

0
7

*
*
 

(0
.0

0
0

8
8
3

) 

-0
.0

0
8

1
0
 

(0
.0

0
4

9
0

) 

0
.1

7
5

*
*

*
 

(0
.0

2
5

7
) 

3
6

1
1
 

0
.5

3
9
 

P
er

ce
n

ta
g

e 

o
f 

B
o

n
u

s 

-0
.0

2
7

4
 

(0
.0

1
7

3
) 

0
.0

0
0

5
5

6
 

(0
.0

0
0

3
3
2

) 

-0
.0

0
3

2
5
*

*
*
 

(0
.0

0
0

7
9
5

) 

0
.0

1
0

2
*
 

(0
.0

0
5

4
1

) 

0
.1

2
2

*
*

*
 

(0
.0

1
4

0
) 

3
6

1
1
 

0
.2

4
7
 

P
er

ce
n
ta

g
e 

o
f 

B
as

e 

S
al

ar
y
 

0
.0

8
6
5
*
*
*
 

(0
.0

2
8
9
) 

-0
.0

0
6
6
7
*
*
*
 

(0
.0

0
0
6
3
1

) 

0
.0

0
1
1
7
*
 

(0
.0

0
0
6
4
1

) 

-0
.0

0
2
0
9
 

(0
.0

0
2
8
7
) 

0
.7

0
3
*
*
*
 

(0
.0

2
1
3
) 

3
6
1
1
 

0
.6

0
3
 

L
o
g
 o

f 

N
o
n

-B
as

e 

S
al

ar
y
 

-1
.1

9
0
 

(0
.7

1
7
) 

0
.0

5
6
9
*
*
*
 

(0
.0

0
5
2
9
) 

0
.0

0
4
8
5
 

(0
.0

1
5
6
) 

-0
.0

8
9
7
*
 

(0
.0

5
1
9
) 

1
0
.7

8
*
*
*
 

(0
.5

4
9
) 

3
6
1
1
 

0
.6

1
3
 

L
o
g
 o

f 

S
to

ck
 

-2
.2

2
9
*
 

(1
.2

5
1
) 

0
.0

7
1
9
*
*
*
 

(0
.0

1
0
4
) 

0
.0

2
9
1
 

(0
.0

2
7
2
) 

-0
.2

3
6
 

(0
.1

5
7
) 

9
.5

1
4
*
*
*
 

(0
.9

8
1
) 

3
6
1
1
 

0
.7

0
0
 

L
o
g
 o

f 

B
o
n
u
s 

-0
.5

1
8
 

(0
.7

4
2
) 

0
.0

0
3
9
7
 

(0
.0

1
7
7
) 

-0
.1

2
8
*
*
*
 

(0
.0

3
9
2
) 

0
.3

1
2
 

(0
.1

9
1
) 

8
.6

2
8
*
*
*
 

(0
.6

5
8
) 

3
6
1
1
 

0
.4

0
9
 

L
o
g
 o

f 

B
as

e 
S

al
ar

y
 

-0
.2

4
3
*
*
 

(0
.1

1
9
) 

0
.0

2
0
8
*
*
*
 

(0
.0

0
1
4
4
) 

0
.0

0
6
4
5
*
*
*
 

(0
.0

0
1
5
8
) 

-0
.0

2
8

5
*
*
*
 

(0
.0

0
9
6
3
) 

1
1
.8

7
*
*
*
 

(0
.0

9
1
0
) 

3
6
1

1
 

0
.5

8
3
 

L
o
g
 o

f 
T

o
ta

l 

C
o
m

p
en

sa
ti

o
n

 

-0
.3

3
2
*
*
 

(0
.1

3
7
) 

0
.0

3
2
7
*
*
*
 

(0
.0

0
1
0
9
) 

0
.0

0
4
7
8
*
*
 

(0
.0

0
1
8
7
) 

-0
.0

3
5
2
*
 

(0
.0

2
0
2
) 

1
2
.2

0
*
*
*
 

(0
.1

0
3
) 

4
0
6
7
 

0
.6

5
0
 

 

S
C

O
R

E
 

Y
E

A
R

S
 

O
F

E
X

P
 

Y
E

A
R

S
A

T

C
O

M
P

A
N

Y
 

F
E

M
A

L
E

 

C
o
n
st

an
t 

N
 

A
d
j.

 R
2
 

 T
ab

le
 3

. 
R

eg
re

ss
io

n
 R

es
u

lt
s 

E
x

cl
u
d
in

g
 C

al
if

o
rn

ia
  

N
o
te

: 
S

ta
n
d
ar

d
 e

rr
o
rs

 i
n
 p

ar
en

th
es

es
 a

n
d
 c

lu
st

er
ed

 b
y
 s

ta
te

. 
*
 p

<
0
.1

, 
*
*
 p

<
0

.0
5
, 
*
*
*
 p

<
0
.0

1
 

In
cl

u
d
e 

co
m

p
an

y
, 
jo

b
 t

it
le

, 
ar

ea
 o

f 
fo

cu
s 

an
d
 d

iv
is

io
n
 e

ff
ec

ts
. 

 



Issues in Political Economy, 2020 
 

71 
 

P
er

ce
n

ta
g

e 

o
f 

N
o
n

-

B
as

e 
S

al
ar

y
 

-0
.0

7
6

0
*
*
 

(0
.0

2
8

1
) 

0
.0

0
6

6
7

*
*

*
 

(0
.0

0
0

6
3
6

) 

-0
.0

0
1

1
4
*
 

(0
.0

0
0

6
3
2

) 

0
.0

0
1

9
6
 

(0
.0

0
2

8
9

) 

0
.0

0
1

5
2

*
*
 

(0
.0

0
0

5
7
3

) 

0
.1

2
8

*
 

(0
.0

7
2

2
) 

3
6

1
1
 

0
.6

0
4
 

P
er

ce
n

ta
g

e 

o
f 

S
to

ck
 

-0
.0

4
9

9
 

(0
.0

3
1

2
) 

0
.0

0
6

1
1

*
*

*
 

(0
.0

0
0

9
2
5

) 

0
.0

0
2

1
0

*
*
 

(0
.0

0
0

8
5
9

) 

-0
.0

0
8

2
1
 

(0
.0

0
4

9
7

) 

0
.0

0
1

3
3

*
*
 

(0
.0

0
0

6
3
0

) 

0
.0

2
6

9
 

(0
.0

8
0

7
) 

3
6

1
1
 

0
.5

4
0
 

P
er

ce
n

ta
g

e 

o
f 

B
o

n
u

s 

-0
.0

2
6

1
 

(0
.0

1
7

5
) 

0
.0

0
0

5
5

5
 

(0
.0

0
0

3
3
1

) 

-0
.0

0
3

2
4
*

*
*
 

(0
.0

0
0

7
9
8

) 

0
.0

1
0

2
*
 

(0
.0

0
5

4
0

) 

0
.0

0
0

1
8

4
 

(0
.0

0
0

2
1
2

) 

0
.1

0
1

*
*

*
 

(0
.0

2
6

8
) 

3
6

1
1
 

0
.2

4
7
 

P
er

ce
n
ta

g
e 

o
f 

B
as

e 

S
al

ar
y
 

0
.0

7
6
0
*
*
 

(0
.0

2
8
1
) 

-0
.0

0
6
6
7
*
*
*
 

(0
.0

0
0
6
3
6

) 

0
.0

0
1
1
4
*
 

(0
.0

0
0
6
3
2

) 

-0
.0

0
1
9
6
 

(0
.0

0
2
8
9
) 

-0
.0

0
1
5
2
*
*
 

(0
.0

0
0
5
7
3

) 

0
.8

7
2
*
*
*
 

(0
.0

7
2
2
) 

3
6
1
1
 

0
.6

0
4
 

L
o
g
 o

f 

N
o
n

-B
as

e 

S
al

ar
y
 

-1
.1

9
6
*
 

(0
.6

9
9
) 

0
.0

5
6
9
*
*
*
 

(0
.0

0
5
2
8
) 

0
.0

0
4
8
4
 

(0
.0

1
5
6
) 

-0
.0

8
9
7
*
 

(0
.0

5
1
6
) 

-0
.0

0
0
8
3
5
 

(0
.0

1
1
7
) 

1
0
.8

7
*
*
*
 

(1
.2

4
9
) 

3
6
1
1
 

0
.6

1
3
 

L
o
g
 o

f 

S
to

ck
 

-2
.0

3
5
 

(1
.2

9
0
) 

0
.0

7
1
8
*
*
*
 

(0
.0

1
0
4
) 

0
.0

2
9
6
 

(0
.0

2
7
6
) 

-0
.2

3
8
 

(0
.1

5
8
) 

0
.0

2
8
0
 

(0
.0

1
8
5
) 

6
.4

0
3
*
*
 

(2
.4

2
9
) 

3
6
1
1
 

0
.7

0
1
 

L
o
g
 o

f 

B
o
n
u
s 

-0
.6

3
8
 

(0
.7

4
1
) 

0
.0

0
4
0
2
 

(0
.0

1
7
7
) 

-0
.1

2
8
*
*
*
 

(0
.0

3
8
9
) 

0
.3

1
4
 

(0
.1

9
2
) 

-0
.0

1
7
4
 

(0
.0

1
1
2
) 

1
0
.5

6
*
*
*
 

(1
.1

1
9
) 

3
6
1
1
 

0
.4

0
9
 

L
o
g
 o

f 

B
as

e 
S

al
ar

y
 

-0
.1

9
8
*
*
 

(0
.0

9
5
3
) 

0
.0

2
0
7
*
*
*
 

(0
.0

0
1
4
2
) 

0
.0

0
6
5
9
*
*
*
 

(0
.0

0
1
4
5
) 

-0
.0

2
9

1
*
*
*
 

(0
.0

0
9
4
2
) 

0
.0

0
6
5
4
*
*
*
 

(0
.0

0
1
5
4
) 

1
1
.1

4
*
*
*
 

(0
.1

7
6
) 

3
6
1

1
 

0
.5

8
7
 

L
o
g
 o

f 
T

o
ta

l 

C
o
m

p
en

sa
ti

o
n

 

-0
.2

7
3
*
*
 

(0
.1

0
6
) 

0
.0

3
2
7
*
*
*
 

(0
.0

0
1
0
8
) 

0
.0

0
4
8
7
*
*
*
 

(0
.0

0
1
7
8
) 

-0
.0

3
5
9
*
 

(0
.0

2
0
2
) 

0
.0

0
9
8
3
*
*
*
 

(0
.0

0
1
9
7
) 

1
1
.1

1
*
*
*
 

(0
.2

3
2
) 

4
0
6
7
 

0
.6

5
3
 

 

S
C

O
R

E
 

Y
E

A
R

S
 

O
F

E
X

P
 

Y
E

A
R

S
A

T

C
O

M
P

A
N

Y
 

F
E

M
A

L
E

 

R
P

P
 

C
o
n
st

an
t 

N
 

A
d
j.

 R
2
 

 

T
ab

le
 4

. 
R

eg
re

ss
io

n
 R

es
u

lt
s 

A
d
d
in

g
 C

o
n
tr

o
l 

fo
r 

C
o
st

 o
f 

L
iv

in
g

 

N
o
te

: 
S

ta
n
d
ar

d
 e

rr
o
rs

 i
n
 p

ar
en

th
es

es
 a

n
d
 c

lu
st

er
ed

 b
y
 s

ta
te

. 
*
 p

<
0
.1

, 
*
*
 p

<
0

.0
5
, 
*
*
*
 p

<
0
.0

1
 

In
cl

u
d
e 

co
m

p
an

y
, 
jo

b
 t

it
le

, 
ar

ea
 o

f 
fo

cu
s 

an
d
 d

iv
is

io
n
 e

ff
ec

ts
. 
C

al
if

o
rn

ia
 E

x
cl

u
d
ed

. 

 



Non-Compete Agreements 

72 
 

Table 5. Heterogeneity by Gender 

Dependent Variable Equation (6) Model 

 Female, full 

sample 

Male, full 

sample 

Female, no 

California 

Male, no 

California 

Log of Total Compensation 

 

-0.170*** 

(0.037) 

-0.090** 

(0.036) 

-0.856 

(0.638) 

-0.323** 

(0.133) 

Log of Base Salary 

 

-0.166*** 

(0.024) 

-0.108*** 

(0.029) 

-0.858** 

(0.305) 

-0.270** 

(0.117) 

Log of Bonus 

 

0.708 

(0.418) 

-0.367* 

(0.186) 

-10.471* 

(5.955) 

-0.746 

(0.861) 

Log of Stock 

 

-1.158*** 

(0.235) 

0.141 

(0.156) 

-7.202 

(6.830) 

-1.643 

(1.107) 

Log of Non-Base Salary 

 

-0.546** 

(0.221) 

0.022 

(0.110) 

-11.269* 

(5.873) 

-0.837 

(0.732) 

Percentage of Base to Total 

Compensation 

0.010 

(0.009) 

-0.016* 

(0.008) 

0.446** 

(0.204) 

0.064** 

(0.031) 

Percentage of Bonus to Total 

Compensation 

0.027*** 

(0.005) 

-0.008** 

(0.003) 

-.0146* 

(0.069) 

-0.036** 

(0.017) 

Percentage of Stock to Total 

Compensation 

-0.038*** 

(0.007) 

0.024*** 

(0.007) 

-0.300 

(0.198) 

-0.028 

(0.034) 

Percentage of Non-Base to 

Total Compensation 

-0.010 

(0.009) 

0.016* 

(0.008) 

-0.446** 

(0.204) 

-0.064** 

(0.031) 

Company Fixed Effect Yes Yes Yes Yes 

Job Title Fixed Effect 

Specialty Fixed Effect 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Division Fixed Effect Yes Yes Yes Yes 

Note: Standard errors in parentheses and clustered by state. * p<0.1, ** p<0.05, *** p<0.01   

This table reports results on 36 models and only highlights NCA Score’s coefficients. 
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Standardized Scores 

Figure 1. Total Yearly Compensation against NCA Scores 

 

 

 

 

                                                         

 

 

 

Standardized Scores 

Figure 2. Base Salary against NCA Scores 
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Standardized Scores 

Figure 3. Non-Base Compensation (Bonus and Stock) against NCA Scores 

 

Figure 4. Total Yearly Compensation by Gender during the First 30 Years 
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X. Appendix 

Table A1. Bishara’s Enforcement Scores 

State Name Averaged Total Score 

Alabama 373 
Alaska 241 
Arizona 316 
Arkansas 230 
California 31 
Colorado 360 
Connecticut 435 
Delaware 360 
District of Columbia 310 
Florida 470 
Georgia 285 
Hawaii 358 
Idaho 429 
Illinois 430 
Indiana 370 
Iowa 425 
Kansas 455 
Kentucky 415 
Louisiana 380 
Maine 370 
Maryland 379 
Massachusetts 375 
Michigan 379 
Minnesota 340 
Mississippi 360 
Missouri 425 
Montana 259 
Nebraska 281 
Nevada 342 
New Hampshire 361 
New Jersey 425 
New Mexico 409 
New York 295 
North Carolina 335 
North Dakota 0 
Ohio 355 
Oklahoma 248 
Oregon 361 
Pennsylvania 365 
Rhode Island 314 
South Carolina 310 
South Dakota 410 
Tennessee 373 
Texas 350 
Utah 428 
Vermont 379 
Virginia 310 
Washington 380 
West Virginia 281 
Wisconsin 300 
Wyoming 360 
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Table A2. Nine divisions defined by the United States Census Bureau 

Division States 

1 Connecticut, Maine, Massachusetts, New Hampshire, Rhode Island, and Vermont 

2 New Jersey, New York, and Pennsylvania 

3 Illinois, Indiana, Michigan, Ohio, and Wisconsin 

4 Iowa, Kansas, Minnesota, Missouri, Nebraska, North Dakota, and South Dakota 

5 Delaware, Florida, Georgia, Maryland, North Carolina, South Carolina, Virginia, 

District of Columbia, and West Virginia 

6 Alabama, Kentucky, Mississippi, and Tennessee 

7 Arkansas, Louisiana, Oklahoma, and Texas 

8 Arizona, Colorado, Idaho, Montana, Nevada, New Mexico, Utah, and Wyoming 

9 Alaska, California, Hawaii, Oregon, and Washington 

 

Table A3. Tests for Potential Correlation with States’ NCA Enforcement Scores 

 Coefficient Standard Error 

Innovation Ranking -0.016 0.024 

Productivity in Tech Ranking -0.006 0.024 

Note: * p<0.1, ** p<0.05, *** p<0.01 
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Table A4. Sample Sizes of Regressions Used in Table 2 

Dependent Variable Model Specifications 

 (2) (4) (5) (6) 

Log of Total Compensation 

 

9,522 8,687 7,980 7,980 

Log of Base Salary 

 

8,412 7,708 7,063 

 

7,063 

 

Log of Bonus 

 

8,412 7,708 7,063 

 

7,063 

 

Log of Stock 

 

8,412 7,708 7,063 

 

7,063 

 

Log of Non-Base Salary 

 

8,412 7,708 7,063 

 

7,063 

 

Percentage of Base to Total 

Compensation 

8,412 7,708 7,063 

 

7,063 

 

Percentage of Bonus to Total 

Compensation 

8,412 7,708 7,063 

 

7,063 

 

Percentage of Stock to Total 

Compensation 

8,412 7,708 7,063 

 

7,063 

 

Percentage of Non-Base to 

Total Compensation 

8,412 7,708 7,063 

 

7,063 

 

Company Fixed Effect No Yes Yes Yes 

Job Title Fixed Effect 

Specialty Fixed Effect 

No 

No 

No 

No 

Yes 

Yes 

Yes 

Yes 

Division Fixed Effect No No No Yes 
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