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Abstract 

We examine the role of human capital in employees’ decisions to leave their parent firms and 
form spinouts. Using a large sample of individuals who formed spinouts in manufacturing 
industries between 1992 and 2005, and their co-workers who did not, we find that after 
controlling for age, education level, gender and alien status, individuals with higher human 
capital (measured as their earnings or experience) are more likely to form spinouts. We then 
examine the impact of industry opportunities and constraints on the propensity of high human 
capital individuals to form spinouts. Counterintuitively, we find that both industry constraints 
(measured as industry capital intensity) and opportunities (industry R&D intensity) reduce the 
propensity of higher human capital individuals to form spinouts. We interpret these results as 
being consistent with the argument that high human capital founders are more likely to choose 
larger, more capital-intensive projects than low human capital individuals, and thus face greater 
constraints. On the other side, R&D intensive industries appear to present abundant 
entrepreneurial opportunities, allowing low human capital individuals to identify their own 
opportunities thus decreasing the relative advantage of high human capital individuals. 
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INTRODUCTION 

It has been argued that spinouts — new firms founded by employees of established firms 

— performs better than other types of new ventures (Agarwal et al. 2004; Klepper 2007; 

Chatterji, 2008; Klepper 2009).
1
 The success of spinouts is often attributed to the human capital

that their founders developed at their employers before they established the spinouts.
2
  Measured

in many different ways, human capital has been considered as a critical resource for the success 

of entrepreneurial firms (Keeley and Roure, 1990; Florin et al, 2003; Sexton and Upton, 1985; 

Unger et al, 2011).  Moreover, the critical business experience and knowledge gained by spinout 

founders at their parent firms has been found to be important in determining spinout formation 

and success. For example, Bhide (2003) found that over 70% of new ventures categorized as the 

100 fastest growing private companies had founders who said the ideas for the venture came 

from experiences and ideas that they gained while working at other companies. 

1
 In entrepreneurship studies, the term “spinouts” and “spinoffs” are often used interchangeably 

(Klepper, 2009; Berchicci et al, 2011). In corporate finance, however, a spinoff is defined as a 

way in which a firm divests a division through the distribution of shares in this division to 

existing shareholders (Gertner et al. 2002).  To avoid any confusion, we use the term “spinouts” 

throughout the paper.  

2
 Hereinafter, such employers will be referred to as “parent firms” and the specific establishment 

that the founders worked at as the “parent firm establishment”. 
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 However, past studies suggest that high human capital individuals don’t necessarily leave 

their parent firms (more often than low human capital individuals) to form spinouts.  On the one 

hand, if potential entrepreneurs have good business ideas, they can possibly earn more by 

starting a new company than staying with their parent firms and implementing their ideas with 

those firms (Anton and Yao, 1995).  On the other hand, parent firms may offer higher wages and 

better career opportunities to high human capital individuals, so they might be motivated to stay 

(Stern, 2004).  Reflecting these conflicting theoretical arguments, empirical evidence on whether 

high human capital individuals are more likely to be entrepreneurs or not has been mixed (Amit, 

Glosten and Muller, 1990; Amit, Muller and Cockburn, 1995; Evans and Leighton, 1989; 

Hamilton, 2000; Groysberg et al, 2007; Campbell et al, 2012). 

 More importantly, the relative propensity of high human capital individuals to form 

spinouts should critically depend on the industry conditions they operate in.  Past studies have 

identified industry conditions which increase the likelihood that new firms have greater 

opportunities, such as the availability of risk capital (Cohen et al., 1987), limited importance of 

scale economies or first mover advantages (Shane and Venkataraman, 2000), and low reliance on 

complementary assets (Teece, 1986).  What is less clear, however, is whether high human capital 

founders benefit more from these opportunities and constraints than low human capital 

individuals.  For example, abundant entry opportunities in an industry might allow low human 

capital individuals to identify their own opportunities and thereby reduce the ‘creative hurdle’ for 

them to overcome. This, in turn, will decrease the relative advantage of high human capital 

individuals with regard to spinout formation. Similarly, the presence of constraints may affect 

high human capital and low human capital individuals differently depending on the type of new 

ventures started by them. More broadly, it appears that in order to develop a complete picture of 
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spinout formation, we need to examine some of the industry conditions that may affect spinouts 

and investigate how these conditions differentially affect high human capital individuals’ 

decision to form spinouts.  However, to our knowledge, the relationship between such industry 

conditions and the human capital of founders has received limited attention.     

 In this study, we investigate the link between spinout formation and human capital, and 

the effect of industry conditions on the decision of employees to form spinouts using US Census 

Bureau micro-data. In particular, we make three contributions to the literature on spinout 

formation and the associated role of human capital. First, we study a broad cross-section of 

spinouts, specifically those formed in all manufacturing industries between 1992 and 2005, along 

with their founders and their co-workers.  Past studies of spinouts have typically focused on a 

single industry (Unger et al, 2011), such as the disc drive industry (Agarwal et al, 2004) and 

lasers (Klepper and Sleeper, 2005).  While single-industry studies can allow researchers to obtain 

detailed information on human capital, it is harder to generalize results from such studies.  By 

focusing on a large set of industries, we seek to provide a broad characterization of the 

phenomenon, and thus fill a gap in the literature.
3
 Our second and more important contribution is 

to identify industry conditions where high human capital individuals are more likely to form 

spinouts.  Given the dominance of single industry studies in the literature, this topic has not 

received much attention. Finally, while employer-employee matching data has been used for 

analysis of spinouts in countries such as Denmark and Brazil (Muendler et al., 2012; Dahl and 

Reichstein, n.d.), to our knowledge, this study is the first attempt to use US data for a 

                                                             
3
 It is also important to note that this broad characterization also comes at a cost: our study lacks 

the rich details of a single-industry study.  
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comprehensive analysis that links industry characteristics and human capital of spinout founders.  

This is important since the U.S. is arguably one of the most entrepreneurially active countries in 

the world. Together, these contributions, we hope, expand the scope of our understanding of 

spinout formation process. 

 Our data cover individuals in 23 states of the U.S who formed spinouts between 1992 and 

2005, matched to their coworkers at parent establishments two quarters prior to spinout 

formation.
4
 In total, our data cover over 2.2 million individual-quarter observations with 

information on their human capital characteristics (age, experience, education, etc.) as well as the 

industry characteristics of their parent establishments.  Though the data cover a broad set of 

industries from SIC1 to SIC9, we focus on manufacturing (SIC2 and 3) due to the availability of 

more-detailed industry-level data.   

 We find that, after controlling for age, education level, gender and alien status, 

individuals with higher human capital, measured using their earnings and experience at the 

parent establishment are more likely to leave their parent firms to form spinouts.  We then focus 

on three industry characteristics – capital intensity (constraint), human capital intensity 

(opportunity) and R&D intensity (opportunity) – and examine whether they differentially affect 

high human capital individuals. We find that high human capital individuals are less likely to 

form spinouts in industries with high capital intensity and high R&D intensity, while industry 

human capital intensity does not appear to be correlated with the propensity of high human 

capital individuals to form spinouts.  Thus, our results suggest that (some types of) constraints 

                                                             
4
 Spinouts are identified using employee-movement data, and are broadly defined as “clusters” of 

3 to 20 employees moving from an existing firm to form a “new firm”.   
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and opportunities may reduce the relative propensity of higher human capital individuals to form 

spinouts. These results are consistent with the hypothesis that high human capital founders are 

more likely to choose larger projects (than low human capital individuals), and thus face greater 

capital constraints.  R&D intensive industries, on the other hand, present numerous 

entrepreneurial opportunities for all individuals, which may permit lower human capital 

individuals to identify and explore their own opportunities, thereby decreasing the relative 

propensity of high human capital individuals to form spinouts.  

Contrary to our expectation, we find no effect of industry human capital intensity on high 

human capital individuals’ propensity to form spinouts.  We interpret this as the likely result of 

two opposing forces that cancel each other.  While human capital intensive industries present 

entrepreneurial opportunities to high human capital individuals, such industries might also 

require scale, scope, and complementary assets to commercialize ideas.  These requirements may 

create advantages for incumbent over spinouts, thus discouraging high human capital individuals 

to form spinouts. 

The rest of the paper is organized as follows. The next section develops the basic 

hypotheses of our paper. This is followed by a description of the data, empirics and variables. 

The subsequent section presents the results. The final section discusses and concludes.  

HUMAN CAPITAL, INDUSTRY CONDITIONS AND SPINOUT FORMATION 

Human Capital and Spinout Formation 

 Individual human capital refers to all knowledge resident in the individual. At its broadest, 

human capital can be defined as the result of any investment in “activities that influence future 

real income [of people] through the imbedding of resources in people” (Becker, 1962; italics 

added). For purposes of new venture formation and management, some relevant individual 
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human capital includes on-the-job training, problem-solving and opportunity-identification 

abilities, environmental and managerial knowledge, and networks.  

Whether individuals with high human capital are more likely to engage in entrepreneurial 

activities is a subject of active debate. Overall, the evidence on whether low or high human 

capital individuals have higher propensities to form new firms (whether spinouts or otherwise) 

seems mixed. On one hand, the parent firms of potential entrepreneurs may be able to offer a 

higher wage or a better career opportunity than new firms and therefore may be able to attract 

and retain individuals with higher human capital (Stern, 2004). This is consistent with studies 

that find that those who transitioned to self-employment had relatively lower wages (Amit, 

Glosten and Muller, 1990; Amit, Muller and Cockburn, 1995; Evans and Leighton, 1989) or find 

little evidence for wage differences between would-be entrepreneurs and non-entrepreneurs 

(Hamilton, 2000). On the other hand, Groysberg et al (2007) finds that higher performing 

individuals become entrepreneurs at higher rates. Similarly, in a study of the legal services 

industry, Campbell et al. (2012) find that when higher-earning employees leave a firm, they are 

more likely to go to a new firm than to an incumbent firm. 

 Relative to other new firms, some arguments suggest that spinouts should have higher 

human capital. Founders of spinouts can develop their own human capital while they are 

employed at their parent firms and transfer it to their own firms (Klepper and Sleeper 2005). 

Through their employment, these founders can also obtain managerial experience (Dencker et al. 

2009), technical knowledge (Agarwal et al. 2004), and familiarity with the regulatory 

environment (Chatterji 2009). Furthermore, their experience at an existing firm may also help 

them develop personal networks that could be used to obtain financing (Easley and Roberts 

2006) and other resources for the new firm. That spinouts may have higher human capital is also 
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consistent with Klepper (2007) who argues that disagreements with the parent firm were the 

main reason for the creation of many spinouts in the Detroit automobile industry.  

 In line with these two conflicting views regarding the relationship between the level of 

human capital of individuals and the propensity for spinout formation, we state a set of 

competing hypotheses. 

H1a. High human capital individuals are more likely to leave and form spinouts than low human 

capital individuals. 

H1b. High human capital individuals are less likely to leave and form spinouts than low human 

capital individuals. 

Industry Condition and Spinout Formation: The Effect of Human Capital  

 It is well known that industry conditions affect the level of entry in an industry. Since the 

decision to form spinouts is essentially one of entry into the market, we should expect industry 

conditions to affect those decisions. Moreover, since high human capital individuals may start 

new ventures that are different from those started by those with lower levels of human capital, 

the effect of these conditions may not be uniform throughout the human capital distribution. In 

this section, we discuss how certain industry conditions can affect high and low human capital 

individuals differently. Throughout, when we refer to high and low human capital individuals, 

we are restricting the comparison of human capital to within an industry. Appendix 1 formalizes 

our intuition discussed in these paragraphs into a simple mathematical model.  

Capital Intensity 

  Past studies suggest that incumbents may have advantages of scale, scope, tax, or 

information that allow them to commercialize a discovery made by employees more profitably 

than a new firm started by employees (Klepper, 2001; Helfat and Lieberman, 2002). 
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Complementary assets of incumbent firms such as production, sales channel, and/or marketing 

capabilities may also be crucial to bring innovations to the market quickly and successfully 

(Teece, 1986). Along similar lines, findings in Hubbard (1998) suggest a disadvantage for 

spinouts that not only must rely more on external financing but also suffer from having a shorter 

credit history than incumbents. Incumbents on the other hand, can rely to a greater extent on 

funds generated from their operations, which puts them at an advantage when buying capital 

equipment (Schoonhoven et al, 1990). These arguments suggest that when the industry is capital 

intensive, potential spinout founders may find forming spinouts to be disadvantageous relative to 

staying with their parent establishments.  

However, such a disadvantage should affect high human capital individuals more 

severely than low human capital individuals. This is because, for several reasons, individuals 

with higher human capital are more likely to choose larger, more capital-intensive projects. First, 

such individuals are likely to choose inherent better ideas that have a higher chance of being 

successful and growing into a larger firm (which is capital intensive). Second, individuals with 

higher human capital are more likely to have better managerial skills, which will allow them to 

manage larger operations more efficiently. Third, higher human capital individuals are more 

likely to be technologically skilled, which often implies the use of capital-intensive equipment 

and processes (over the use of labor-intensive processes). Therefore, the presence of capital 

constraints will be more binding on those that start larger ventures, or on those with higher 

human capital. Thus we hypothesize:  

H2. The propensity of high human capital individuals to form spinouts (relative to low human 

capital individuals) declines with industry capital intensity. 

Human Capital Intensity 
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 Human capital intensity can be broadly defined as the importance of human capital in an 

industry, or more specifically, as the importance of tacit knowledge and ideas imbedded in the 

people in determining firm performance in that industry. Individuals with higher human capital 

are more likely to start spinouts in such industries. First, the higher importance of human capital 

in determining firm success provides an inherent advantage to those that possess such capital. 

Second, since elements of human capital such as knowledge, ideas and skills are tacit and 

imbedded in people, it is relatively easy for individuals to bring their human capital to their new 

ventures.  Furthermore, employees often regard their job at incumbents as an apprenticeship to 

start their own firms (Franco and Filson 2006); human capital-intensive industries may provide 

learning opportunities for such potential spinout founders, especially for those who have high 

human capital. Such industries are also more likely to present greater difficulties for incumbents 

to contract with their employees to reveal their ideas (Anton and Yao 1995). Finally, it is likely 

that these industries offer better options (outside existing firms) for potential new firm founders. 

If so, arguments in studies such as Cabral and Wang (2008), Klepper and Thompson (2007) and 

Klepper (2007) (that incumbents often fail to recognize good ideas their employees generate) 

imply that individuals with high human capital may find that forming spinouts to be a better 

alternative than staying with their parent firms.
5
  Thus, we hypothesize:  

                                                             
5
 An opposing argument can be made as follows. To the extent that such knowledge and ideas 

need scale, scope, and complementary assets to be commercialized, established firms have an 

advantage. Furthermore, established firms can attract more talent than new firms because they 

can offer better pay, job security, prestige, and opportunities to pursue what the researchers want 
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H3. The propensity of high human capital individuals to form spinouts (relative to low human 

capital individuals) increases with industry human capital intensity. 

Technological Intensity 

 Studies have argued that incumbents have a disadvantage when it comes to competence-

destroying innovations (Tushman and Anderson, 1986; Henderson and Clark, 1990). Rapidly 

changing technologies reduce the relevance of any prior knowledge of incumbents. Such 

environments seem to exacerbate the problem of “organizational inertia” (Balasubramanian and 

Lee, 2008), which puts incumbents at a disadvantage. Further, theoretical models in Wiggins 

(1995) and Anton and Yao (1995) suggest that innovations commercialized by spinouts are more 

likely to open new submarkets or break new paths. Since opportunities for such innovations are 

likely to be higher in technologically intensive industries, their conjectures imply that spinouts 

may show greater success than incumbents, and hence are more likely to occur in such industries. 

However, the increased presence of such opportunities applies to both high and low human 

capital individuals. Unlike in industries with fewer opportunities, low human capital individuals 

might be more easily able to identify ‘good’ opportunities, thus decreasing the relative advantage 

of high human capital individuals. Thus, we hypothesize:   

H4. The propensity of high human capital individuals to form spinouts (relative to low human 

capital individuals) declines with industry technological intensity. 

Figure 1 presents a visual summary of Hypotheses H2 and H4 (note that the hypothesized effect 

of H3 is similar to that of H2).  

                                                                                                                                                                                                    

(Stern 2004). These arguments suggest that in human capital intensive industries, the propensity 

to form spinout is low.   
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DATA, EMPIRICS AND VARIABLES 

The primary data for the study come from the “Longitudinal Employer Household 

Dynamics” (LEHD), a composite matched employer-employee dataset comprising multiple 

state-level databases maintained by the U.S. Census Bureau. This dataset, created under the 

LEHD program, is maintained by the U.S. Census Bureau with contribution from the various 

individual participating states. The two relevant databases within the LEHD are (a) the 

“Employment History File” (EHF), which provides the employment history of all individuals 

that work in establishments in states that participate in this program and (b) the “Employer 

Characteristics File” (ECF) which contains information on all employers (i.e. establishments) in 

states that participate in this program.
6
 These databases, maintained separately for each 

participating state, contain quarterly information on employment and payroll for the 

establishment, and wage information for the individual. In particular, for each individual, for 

each quarter, the database provides the payroll they obtained from each firm they worked for 

(identified by the “State Employer Identification Number” or the SEIN).
7
 The LEHD does not 

contain information on revenues or on any other expenditure. 1991 is the first year the LEHD 

data are available for at least 3 states.
8
 The geographical coverage of the data increases over time 

as more states begin to participate in this program.  

                                                             
6
 As of 2005, there were 23 states participating in this program.  

7
  Note that individuals can simultaneously work for more than one firm in any given quarter.  

8
 Census confidentiality requirements prohibit disclosure of state-specific information. Public 

disclosure of LEHD information requires that any disclosed data cover at least 3 states. 
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Identification of spinouts  

The identification of spinouts was based on employee-movement data from the LEHD. 

We began by identifying clusters of employees moving from one establishment (‘the predecessor 

establishment’) to another (‘the successor establishment’) within the same state during a 2-

quarter period.
9
 Of these clusters, we restricted our attention to clusters that had between 3 and 

20 employees as potential spinouts.  

From these clusters, we excluded clusters where the predecessor establishment was too 

small relative to cluster size (specifically, we imposed a condition that the cluster size be at most 

50% of employment at the predecessor establishment) and clusters where the successor 

establishment was too large relative to cluster size (specifically, we imposed a condition that the 

cluster size be at least 80% of employment at the successor establishment).
10

 These conditions 

were aimed at reducing the likelihood of simple ownership changes being identified as spinouts. 

We also excluded clusters where the successor establishment was more than one year old at the 

                                                             
9
 In particular, we adopted the following algorithm to identify this list. From the LEHD, for each 

individual, for each quarter, we identified the list of all SEINs that that individual obtained a 

positive pay from.  For each individual, for each quarter (“the successor quarter”), we then 

compared the list of SEINs with the list of SEINs from two quarters ago (“the predecessor 

quarter”). Any individual with an SEIN in the successor quarter that is not in the list of SEINs 

from the predecessor quarter was classified as a potential candidate for founding a spinoff. 

Individuals who shared the same predecessor establishment (in the predecessor quarter) and the 

same successor establishment (in the successor quarter) were combined into a “cluster”.  

10
 Cluster size was defined as the number of individuals in the cluster. 
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time of the employees moving to the establishment. In principle then, these clusters represent 

groups of employees moving from an existing firm to join a new venture. Since the LEHD is a 

state-level dataset, it is possible that a single establishment in a state that is classified as a new 

venture may actually belong to a firm that has establishments in multiple states (and hence, is not 

a spinout). Hence, the preliminary list of spinouts was then refined by using data from the LBD 

(another micro dataset at the Census Bureau) to exclude any such establishments. Establishments 

in the resulting list were treated as spinouts.
11

 We then eliminated any spinouts that did not have 

all the variables we were interested in. The resulting sample had about 29,100 spinouts.
12

  

For each of these spinouts, we then identified the “founders” as the initial cluster of 

employees who moved from the parent establishment. To create our sample, we appended to this 

list of spinout founders, all their co-workers at the parent establishment two quarters prior to the 

formation of the spinout. Finally, we limited our analysis to manufacturing given the availability 

of measures of industry characteristics. Together, this resulted in about 2.5 million individual-

quarter observations.   

Dependent Variable The dependent variable in all our regressions is a dummy variable that is 1 

if the individual founded a spinout and 0 if they did not. 

                                                             
11

 Note that spinoffs defined here include both employee startups (i.e. involuntary spinoffs or 

entrepreneurial spinoffs) and corporate-sponsored spinoffs (i.e. voluntary spinoffs or parent 

spinoffs).  We do not have data on how these new ventures are financed, so we cannot separate 

these two types. 

12
 In order to reduce the level of disclosure risk to the US Census Bureau, the number of 

observations has been rounded to the nearest 100.  
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 Independent Variables 

All our independent variables are measured at two quarters before the formation of the spinout. 

We use three primary human capital variables including earnings, industry experience and 

experience at the parent establishment. Given their skewed distributions, we use the logarithmic 

transformation of all human capital variables.  

Log earnings. Earnings are measured as the quarterly earnings of the employee.  

Log industry experience. This is measured as the number of quarters of experience in the SIC3 

industry of the parent establishment, depreciated at the rate of 15%.  

Log parent establishment experience. This is measured as the number of quarters that the 

employee received positive earnings at the parent establishment.  

Our next set of variables were employee-level controls, all measured at two quarters before 

spinout formation. 

Log age. This is the logarithm of the age of the employee in quarters. 

Log imputed education. This is the number of years of education imputed to the individual by the 

Census Bureau.  

Gender. This is a dummy variable indicating gender.  

Alien: This is a dummy variable indicating whether the individual is a US citizen or not. 

Our explanatory variables were industry characteristics and their interactions with human capital, 

all measured at two quarters before spinout formation 
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Log Industry Capital Intensity: This was defined as the (log of) ratio of total industry capital 

expenditure to total industry employment.
13

 These data were obtained from publicly available 

data on the Annual Survey of Manufactures. 

Log Industry R&D Intensity: This was defined as the log of one plus the ratio of total industry 

R&D expenditure to total industry sales. These data were obtained from Compustat.  

Industry Human Capital Intensity: This was defined as the average wage in the industry, and was 

based on the Annual Survey of Manufactures.  

Finally, the tacit nature of learning-by-doing has been found to lend incumbents with a 

significant performance advantage (Balasubramanian, 2011). So, we included interactions of 

individual human capital measures with Industry Learning Intensity as a control. These 

intensities were obtained from Balasubramanian and Lieberman (2010).   

Empirics 

 We begin our empirical analysis with the following specification: 

                                                                 

            [   ]                      (1) 

where:  

FEARN is the (log) individual’s earnings two quarters before the new venture formation, 

FINDEXP is the (log) individual’s industry experience (in the industry of the parent 

establishment) two quarters before the new venture formation, 

                                                             
13

 As an alternative, we used the ratio of industry-level perpetual inventory stocks to total 

industry employment as a measure of industry capital intensity, and found the two measures to 

be highly correlated (spearman’s rho>90%).  
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FAGE is the (log) individual’s age at two quarters before the new venture formation, 

FEDU is the (log) individual's years of education as imputed by the US Census Bureau, 

FALIEN is an indicator of whether the founder is an alien in the US, 

FGENDER is an indicator of the founder’s gender, 

ϑj  are industry fixed effects,  

δt are year fixed effects, 

γjt are joint SIC3-year fixed effects, and  

ρpt are joint parent establishment-year-quarter fixed effects. 

The square brackets around the fixed effects indicate that these fixed effects are entered one set 

at a time. Of these variables, due to Census Bureau disclosure restrictions, we do not present 

coefficients on FALIEN and FGENDER. However, the coefficients on these variables were 

always small and statistically insignificant.  

Since the dependent variable is a dummy variable, the preferred specification is a logit 

(or probit) regression.  However, with over 2 million observations, we were not able to obtain 

convergence (within a reasonable number of days of running the code) on many of our 

specifications, especially those that included high dimensional fixed effects.  Therefore, we 

present OLS results on these specifications. As robustness checks, we estimated both OLS and 

logit regressions for one of the specifications and obtained very similar results.  Further, we also 

estimated logit regressions using a random sample of coworker samples, and obtained very 

similar results to the corresponding OLS specifications.  

To test the role of industry characteristics, we augmented Equation 1 as follows: 

                                                            

                             [   ]           (2) 
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where:  

h is a measure of human capital, 

Kjt  is industry capital intensity, 

Rjt  is industry R&D intensity, 

Hj  is industry human capital intensity,  

λj is industry learning intensity, and  

h.C denotes the interaction of the human capital measure and industry characteristic C.  

Note that we have not included any of the industry characteristics directly since their direct 

effects will be subsumed within the fixed effects. As discussed earlier in this section, we use 

three different measures of individual human capital: earnings, industry experience and 

experience at the parent firm.  

 

RESULTS 

Table 1 presents the results of estimating Equation 1.  Model 1 includes separate industry and 

year effects. The coefficient on earnings is strongly positive, suggesting that individuals with 

higher human capital are more likely to form spinouts. However, none of our other measures of 

human capital are significant. Model 2 includes joint industry-year fixed effects, thus using only 

the variation within an industry-year to estimate the coefficients. The coefficient on earnings 

nearly doubles in magnitude (compared to Model 1) and is still positive and significant. However, 

the coefficient on parent firm experience also turns significantly positive though the magnitude is 

similar to that in Model 1. Model 3 includes joint parent establishment-year-quarter fixed effects. 

Thus, this provides a very narrow and conservative comparison, limited to individuals at a parent 

establishment in a given year and quarter. The results are similar to those in Models 1 and 2. 
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Earnings and experience at the parent firm are strongly positive. Parent industry experience is 

not significant in any of the models.  Age appears to be negatively and education positively 

related to the probability of founding a spinout but the coefficients are significant only in Model 

3. Finally, as a robustness check, Model 4 uses logit regressions similar to Model 1 (i.e., they 

include separate industry and year effects). These results are virtually the same as in Model 1 

suggesting that the choice of the regression method is not influencing our results. 

Table 2 examines the impact of industry characteristics. We present the results of three 

models, each with a different measure of human capital. Throughout, we include parent 

establishment-year-quarter fixed effects. The coefficient on the interaction with industry capital 

intensity is strongly negative in all three models. This strongly supports Hypothesis 2, and 

indicates that the relative propensity of high human capital individuals to form spinouts 

decreases as industry human capital increases. We do not find any support for Hypothesis 3; the 

coefficients on the interactions with industry human capital intensity are always insignificant. 

Finally, in line with Hypothesis 4, R&D intensity also has a strong negative impact on the 

relative propensity of high human capital individuals to form spinouts. Thus, our results also 

strongly support for Hypothesis 4. Finally, the coefficients on learning intensity are negative but 

statistically insignificant. 

Table 3 presents the same specifications as in Table 2 but includes less conservative joint 

industry-year fixed effects. The results are very similar to those in Table 2. We find strong 

support for Hypotheses 2 and 4 but there is no support for Hypothesis 3. Together, our results 

strongly suggest that both industry capital intensity and technological intensity reduce the 

relative propensity of high human capital individuals to form spinouts.  
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DISCUSSION AND CONCLUSION 

 Spinouts are a particularly interesting and important form of entrepreneurial ventures. 

They appear to perform better than other types of new firms, and have been the subject of many 

studies. However, the empirical results on who forms a spinout – high human capital individuals 

or low human capital individuals – are mixed. In this study, we seek to shed more light on this by 

focusing on a large sample of spinouts across several industries and by examining whether the 

industry context makes a difference to the propensity of forming a spinout.  

 Our first result suggests that, on average, the propensity to form spinouts increases with 

the level of individual human capital. Two of our three measures of human capital – earnings and 

experience at the parent firm – are positively and significantly correlated with the probability of 

founding spinout. Based on the results in Model 3 (Table 1), a 10% increase in individual 

earnings increases the probability of forming a spinout by about 4X10
-4

. This translates to an 

economically significant 8% increase over the mean probability of forming a spinout (in our 

sample, about 5X10
-3

). Thus, these results add to the empirical evidence on the relationship 

between individual human capital and entrepreneurship.  

Our next set of results is somewhat counterintuitive. Normally, one would expect 

constraints and opportunities to work in opposite directions. However, it appears that both 

constraints and opportunities reduce the relative advantage of high human capital individuals. 

Consistent with our hypotheses, we find that the propensity of high human capital individuals 

(relative to those with lower human capital) to form spinouts is lower in industries with higher 

capital and R&D intensity. While capital intensity lowers the propensity to lower spinouts for all 

individuals, it appears to have a higher effect on those with higher human capital. This is 

consistent with the argument that individuals with higher human capital are likely to start larger 
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spinouts that require greater amounts of capital, and are this more likely to face capital 

constraints. Combined with the (likely) greater value of their outside options, industry contexts 

with higher capital constraints reduce the relative propensity of high human capital individuals to 

form spinouts. The effect of technological intensity is in the same direction as that of capital 

intensity. It is generally accepted that technological active industries offer more opportunities for 

entrepreneurial ventures. However, lower human capital individuals appear to benefit (relatively) 

more from the presence of opportunities.  

Our regression results though economically and statistically significant do not allow us to 

disentangle the different mechanisms underlying the role of industry capital intensity and 

industry R&D intensity. Our hypotheses (and model) predict that in the former, the interaction 

coefficients will be negative because higher human capital individuals will be less likely to form 

spinouts. In the latter case, the negative interaction coefficient arises because lower human 

capital individuals will be more likely to form spinouts. Hence, we plotted two graphs of the 

probability of founding a spinout on (log) earnings, one comparing capital intensive with non- 

capital-intensive industries, and one comparing R&D intensive to non-R&D intensive 

industries.
14

 We do not present the graphs due to increased administrative constraints on the 

disclosure of graphs, and instead describe them briefly. In the first case, as predicted, for low 

levels of earnings, the probability of founding is not very different between capital intensive and 

non- capital-intensive industries. However, as the level of earnings increases, the probability of 

founding increases much more in industries that are not capital intensive.  Thus, capital 

constraints appear to differentially affect higher human capital individuals more than lower 

human capital individuals. In the second case, the graph for the non-R&D intensive industries 

                                                             
14

 These were defined as industries in the top and bottom quartile of the intensities.  
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has a higher slope (as predicted) but that is because it starts well below the line for R&D-

intensive industries, and eventually becomes higher. This is consistent with the argument that 

R&D intensity appears to help individuals with lower human capital.
15

  

Our results do not suggest a strong effect of industry human capital intensity on the 

probability of founding a spinout. While this requires further study with perhaps more fine-

grained measures, one possible explanation is that the advantage of incumbent firms in such 

industries might overwhelm potential opportunities for high human capital industries. Similarly, 

we do not find any effect of industry learning intensity though it should be noted that we only 

have time-invariant measures for this characteristic.   

As with all studies, this one comes with several limitations. First, our study lacks the rich 

detail in individual industry studies. However, we hope that the sacrifice we have made in detail 

is compensated for by the gains in the breadth of our findings. Next, our measures of individual 

education are limited to the (imputed) number of years of education. Clearly, that does not reflect 

the significant variation in the subject (and quality) of education received by individuals. Further, 

we focused on the three most important characteristics. Perhaps there are other characteristics 

that influence the propensity to form spinouts. Finally, this study focuses only on the formation 

of spinouts, and not on their subsequent performance. A more complete picture requires that we 

also examine the short-term and long-term performance of the spinouts. Addressing some of 

these limitations could be the topic of future studies.  

                                                             
15

 Recall that our comparisons of high and low human capital are restricted to the same industry. 

Thus, it is entirely possible that on an absolute scale, R&D intensive industries have higher 

levels of human capital than non-R&D intensive industries. 
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FIGURE 1: SPINOUT FORMATION AND HUMAN CAPITAL: INDUSTRY OPPORTUNITIES AND CONSTRAINTS 

 

Hypothesis H1a is true    Hypothesis H1b is true 
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TABLE 1: COMPARISON OF SPINOUT FOUNDERS AND THEIR CO-WORKERS 

Model 1 2 3 4 

 OLS OLS OLS Logit 

Founder Variables 
  

  

Log Earnings 0.00128*** 0.00221*** 0.00391*** 0.183*** 

 (0.00027) (0.00035) (0.00063) (0.028 ) 

Log Parent Industry Experience -0.000685 -0.000889 0.000184 -0.0242 

 (0.00101) (0.000684) (0.000707) (0.101 ) 

Log Experience at Parent Firm 0.000905 0.00103*** 0.000799** 0.0565 

 (0.00055) (0.00035) (0.000359) (0.0514)  

Log Age -0.00055 -0.000403 -0.00129*** -0.0569 

 (0.000447) (0.000368) (0.000398) (0.0487 ) 

Log Education -0.000362 0.00000959 0.000766** -0.033 

 (0.000322) (0.000301) (0.000324) (0.0373 ) 

     

SIC3 and Year Fixed Effects Y   Y 

SIC3-Year Fixed Effects  Y   

Parent Estab-Year-Quarter Fixed 

Effects 

  Y  

N 2,204,800 2,204,800 2,204,800 2,204,800 

R
2
 0.026 0.064 0.143  

F-statistic 3.482 6.806 7.099  

Log Likelihood    -73222 

Pseudo-R2    0.177 

*** p<0.01, ** p<0.05, * p<0.1. Coefficients on constant and fixed effects not presented. Standard errors 

clustered at the venture level.  All specifications include gender and alien variables. Coefficients on those 

are not presented. F-statistics of model-fit are significant at or below the 0.01% level. 
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TABLE 2: IMPACT OF INDUSTRY CHARACTERISTICS  

(OLS Regression with Parent Establishment-Year-Quarter fixed effects) 

Model 4 5 6 

Measure of Human Capital Log Earnings Log Parent 

Industry 

Experience 

Log 

Experience at 

Parent Firm 

    

Log Earnings 0.0293*** 0.00383*** 0.00376*** 

 (0.00399) (0.000626) (0.000623) 

Log Parent Industry Experience 0.000466 0.0289*** 0.000443 

 (0.000654) (0.00539) (0.000716) 

Log Experience at Parent Firm 0.000427 0.00109*** 0.0186*** 

 (0.000313) (0.000333) (0.00297) 

Log Age -0.00108*** -0.00129*** -0.00122*** 

 (0.000375) (0.000394) (0.000399) 

Log Education 0.000939*** 0.000809** 0.000878*** 

 (0.00033) (0.000326) (0.000327) 

HC Measure X Log industry capital  -0.00654*** -0.00714*** -0.00534*** 

intensity (0.00157) (0.0021) (0.00119) 

HC Measure X Industry human 

capital -0.0000957 -0.000242 0.0000044 

intensity (0.000162) (0.000181) (0.00011) 

HC Measure X Log industry R&D -0.0794*** -0.0641*** -0.0493*** 

intensity (0.0193) (0.0213) (0.0118) 

HC Measure X Industry learning -0.00291 -0.00106 -0.00172 

intensity (0.00213) (0.00286) (0.0014) 

N 2,204,800 2,204,800 2,204,800 

R
2
 0.145 0.144 0.144 

F-statistic 10.84 8.596 9.99 

*** p<0.01, ** p<0.05, * p<0.1. Coefficients on constant and fixed effects not 

presented. Standard errors clustered at the venture level. F-statistics of model-fit are 

significant at or below the 0.01% level. 

   



30 

 

 

TABLE 3: IMPACT OF INDUSTRY CHARACTERISTICS  

(OLS Regression with SIC3-Year fixed effects) 

Model 7 8 9 

Measure of Human Capital Log Earnings Log Parent 

Industry 

Experience 

Log 

Experience at 

Parent Firm 

    

Log Earnings 0.0203*** 0.00212*** 0.00205*** 

 (0.00281) (0.000344) (0.00034) 

Log Parent Industry Experience -0.00081 0.0252*** -0.000878 

 (0.000675) (0.00553) (0.000728) 

Log Experience at Parent Firm 0.000782** 0.00120*** 0.0173*** 

 (0.000334) (0.000348) (0.00289) 

Log Age -0.000289 -0.000367 -0.000288 

 (0.00036) (0.000368) (0.000368) 

Log Education 0.000141 0.0000516 0.000105 

 (0.000302) (0.000302) (0.000302) 

HC Measure X Log Industry capital  -0.00510*** -0.00764*** -0.00535*** 

intensity (0.00111) (0.00213) (0.0011) 

HC Measure X Industry human 

capital  0.0000181 -0.000121 0.0000485 

intensity (0.000096) (0.000189) (0.000092) 

HC Measure X Log Industry R&D  -0.0740*** -0.0795*** -0.0522*** 

intensity (0.0112) (0.0239) (0.0112) 

HC Measure X Industry learning  -0.00198 0.00523* 0.000554 

intensity (0.00122) (0.003) (0.00118) 

N 2,204,800 2,204,800 2,204,800 

R
2
 0.065 0.064 0.064 

F-statistic 10.15 7.296 8.55 

*** p<0.01, ** p<0.05, * p<0.1. Coefficients on constant and fixed effects not 

presented. Standard errors clustered at the venture level. F-statistics of model-fit are 

significant at or below the 0.01% level. 

 

 



APPENDIX 1

This appendix presents a stylized model of how industry constraints and opportunities may

affect the human capital distribution of who forms a spinout, or more generally, who engages

in entrepreneurial activities. It is intended to provide additional insights into the intuition

underlying the hypotheses tested in the paper.

Individuals

Individuals are assumed to vary along two dimensions known to them: their human capital

θ ∈ (1,∞) and their preference for entrepreneurial activity η ∈ (1,∞). We assume that these

two variables are from distributions with pdfs f(.) and g(.) respectively and are independently

drawn of each other. We also assume that f ′(.) and g′(.) are negative throughout their

support. In other words, we are broadly assuming that for any two levels of human capital,

θ > θ́, the ‘number’ of individuals with the lower level of human capital will be greater. A

similar assumption is made about entrepreneurial preferences. Finally, all individuals have

the same discount factor β.

For simplicity, we assume a linear utility function for individuals that depends on their

(expected) wealth and their engaging in entrepreneurial activity, i.e., the utility of engaging

in entrepreneurial activity, given a entrepreneurial preference η is given by u(w, η) = w + η

where w is the wealth generated from the entrepreneurial activity. If the individual does

not pursue any entrepreneurial activity, their utility is simply equal to the wealth from their

other activities including employment at their parent firm, say w∗(θ). In particular, we

assume that w∗(θ) = w∗(0) + wθα, w∗(0) > 0, α ∈ (0, 1).

31



New Venture Opportunities

New ventures are founded by individuals. The quality of the idea is uncertain at the

time of entry. Upon entry, individuals discover whether their new venture is ‘good idea’

or not. Higher human capital individuals are assumed to be more likely to face ‘good

ideas’. In particular, we assume that the probability of observing a ‘good idea’ is given by

φ(θ) = e1−θ(φ0 − 1) + 1 where 0 ≤ φ0 < 1, and is known to the individuals. Note that

φ(1) > 0 and φ(θ)→ 1 as θ →∞, and φ′(θ) > 0.

New Venture Operations

If entrepreneurs observe the new venture to be a ‘good idea’, they continue operations, and

remain as entrepreneurs for ever. Else, we assume that they exit immediately. If they

continue, we assume that the cost function of the venture depends on individual human

capital. In particular, we assume that new ventures have the following cost function. The

underlying intuition is that individuals with greater human capital are likely to be better at

managing their operations, which will then be reflected as lower costs.

c(q, θ) =
q2

2δθ
(1)

where δ > 1 and represents the importance of human capital in determining the costs.

Further, we assume that these new ventures are price takers and face a price p in their

output markets. Given this, the optimal size of a venture is increasing in human capital,

conditional on successful entry. Specifially, the optimal size is given by:

q∗(θ) = δθp (2)
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Starting new ventures require an initial entry cost s, which becomes sunk on entry.

Thus, the value of a successful new venture that are at the optimal size is given by:

v∗(θ) =
δ2θp2

2(1− β)
− s (3)

Capital Constraints

Individuals face capital constraints, which are modeled as follows. Instead of paying the

full sunk cost s, individuals can only pay a smaller sunk cost, s0. This is assumed to

give them a new venture with a size, conditional on being a ‘good idea’, equal to q = zqu,

z ∈ [z, 1), z > 0. We assume that z is constant for a given industry, i.e., all entrepreneurs face

the same constraints. The value of a successful new venture started with capital constraints

is then:

vc(θ) =
zδ2p2θ

1− β
(1− z

2
)− s0 (4)

We assume that s0 is big enough relative to s that no individual prefers the constrained

option over the unconstrained one.

Choice of Entrepreneurship

Based on the above assumptions, individuals will start a new venture if the expected utility

from starting the venture exceeds the utility from their outside option. Thus, an individual

with parameters (θ, η) becomes an entrepreneur if:

φ(θ)vc(θ)− (1− φ(θ))s0 + η ≥ w∗(θ) (5)
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This implies that for any given θ, there is a threshold level of entrepreneurial

preference η such that everyone with the same θ and a higher entrepreneurial preference will

engage in entrepreneurship. Substituting for vc(θ), and rearranging, we get the threshold

entrepreneurial preference as:

η∗(θ) = w∗(0) + wθα − φ(θ)
zδ2p2θ

1− β
(1− z

2
) + s0 (6)

Note that given our assumptions, there will always be some individuals that satisfy the

above condition.1 To reduce notational clutter, we define M(z, δ) =
z(1− z

2
)δ2p2

1−β . Except

where necessary, we simply use M instead of M(z, δ). Then, the threshold entrepreneurial

preference is given by:

η∗(θ) = w∗(0) + wθα − φ(θ)Mθ + s0 (7)

Therefore, ∂η∗

∂θ
is given by:

∂η∗

∂θ
= αwθα−1 − φ′(θ)Mθ −Mφ(θ) (8)

Substituting for φ(θ) and φ′(θ) and simplifying, we get:

∂η∗

∂θ
= αwθα−1 + (φ0 − 1)e1−θM(θ − 1)−M (9)

The above expression could be positive or negative depending on the parameters. To

derive our hypothesis, we assume the following: Assumption 1. αw < M(z, 1). Given

Assumption 1, φ0 < 1, and θ > 1, it follows that the right hand side of 9 is always negative

for all θ. This implies that the entrepreneurial preference threshold declines as the level of

individual human capital increases.

1However, it is possible that the right hand side of the above condition is negative for some θ, and hence,
all individuals with that θ engage in entrepreneurship.
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Probability of Founding and Industry Contexts

The probability of founding a new venture for any given θ is given by:

ρ(θ) =

∫ ∞
η∗(θ)

g(η) dη (10)

Our primary interest is in examining how the relationship between the probability of

founding and human capital varies across industry contexts. That is, we want to investigate

how ∂ρ
∂θ

varies with other industry variables such as z, δ, and φ0.

Using 10, we obtain:

∂ρ

∂θ
= −g(η∗)

∂η∗

∂θ
(11)

Since ∂η∗

∂θ
is always negative, it follows from above that ∂ρ

∂θ
is always positive. Thus,

the probability of founding is increasing in individual human capital.

Probability of Founding and Industry Contexts

Now we examine how the probability of founding varies with different industry contexts.

Probability of Founding and Capital Constraints (Hypothesis 2)

As the intensity of capital constraints increase, z decreases. That is, for a given

capital, entrepreneurs are constrained to start a smaller venture relative to optimal size.

Differentiating 11 w.r.t z, we get:

∂

∂z

∂ρ

∂θ
= −∂g(η∗)

∂z

∂η∗

∂θ
− g(η∗)

∂

∂z

∂η∗

∂θ
(12)
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Consider ∂g(η∗)
∂z

= ∂g(η∗)
∂η∗

∂η∗

∂z
.

The first term is negative since g(.) is decreasing in its argument. The second term is

∂η∗

∂z
= −θφ(θ)

∂M

∂z
(13)

Since ∂M
∂z

is positive, ∂η
∗

∂z
must be negative. Together, these imply that ∂g(η∗)

∂z
is positive.

This implies that ∂g(η∗)
∂z

∂η∗

∂θ
is negative.

Now, consider

∂

∂z

∂η∗

∂θ
= (φ0 − 1)e1−θ(θ − 1)

∂M

∂z
− ∂M

∂z
(14)

This is negative since phi0 < 1 and ∂M
∂z

> 0. Thus, this implies that ∂
∂z

∂ρ
∂θ

is positive.

This implies that as capital constraints decrease, ∂ρ
∂θ

increases. Therefore, as capital

constraints decrease, the relative propensity of high human capital individuals to start a new

venture increases.

Probability of Founding and Importance of Human Capital (Hypothesis 3)

As the importance of human capital in an industry increases, δ increases. Therefore,

∂

∂δ

∂ρ

∂θ
= −∂g(η∗)

∂δ

∂η∗

∂θ
− g(η∗)

∂

∂δ

∂η∗

∂θ
(15)

Using arguments similar to those in the above subsection on capital constraints, it can be

shown that ∂
∂δ

∂ρ
∂θ
> 0. Therefore, the relative propensity of high human capital individuals

to start a new venture increases.

36



Probability of Founding and Industry Opportunities (Hypothesis 4)

We model the extent of industry opportunities increasing as an increase in φ0. Therefore:

∂

∂φ0

∂ρ

∂θ
= −∂g(η∗)

∂φ0

∂η∗

∂θ
− g(η∗)

∂

∂φ0

∂η∗

∂θ
(16)

Using arguments similar to those in the above subsection on capital constraints, it can be

shown that ∂
∂φ0

∂ρ
∂θ
< 0. Therefore, as the extent of opportunities in an industry increase, the

relative propensity of high human capital individuals to start a new venture decreases.
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