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Abstract 

Serial entrepreneurs, who open more than one business, are found to have higher sales and productivity 
than novice entrepreneurs, who open only one business.  Using panel data from Denmark for 2001-2013, 
the serial entrepreneurs’ firms have 98% higher sales than the novices’, and serial entrepreneurs utilize 
more initial capital and labor, and thus are 49% more productive.  Some firms opened by serial 
entrepreneurs are sizable: at the 95th size percentile, the serial firms’ annual sales are $2m versus $1m for 
the novice; at the 99th percentile the comparable numbers are $5m and $3m.  There are subsets of serial 
entrepreneurs who perform especially well – those serial entrepreneurs who hold a portfolio of overlapping 
firms or who open as limited liability corporations (LLC) are top performers.  While others have pointed 
out that LLC firms are more successful, we can add that 41% of LLC entrepreneurs are serial entrepreneurs 
– deepening the need to understand the serial entrepreneur.  Finally, female serial entrepreneurs have sizable 
gains to serial entrepreneurship: the firms of both female and male serial entrepreneurs are twice as large 
as the firms of novice entrepreneurs of their gender. 

 

 

An earlier version of this paper was prepared for the conference on “The Labor Market and Human Resource 
Management Implications of Entrepreneurship” supported by the National Academy of Sciences in Washington, D.C. 
in October 2016, organized by Diane Burton, Rob Fairlie, and Don Siegel.  We are thankful for the thoughtful 
comments of the conference organizers, the editor and referees, and the seminar participants at the University of 
Toronto, the University of Maryland, and the Stanford University Business School.   
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The popular press often idolizes a few very visible serial entrepreneurs.  Two that come to mind are Elon 
Musk, founder of Tesla and SpaceX, and Steve Jobs, founder of Apple, Next, and Pixar.  The popular press 
and researchers also suggest that VCs look to fund tech serial entrepreneurs at higher rates than novices 
who have never opened a previous business.  Is there strong evidence that serial entrepreneurs perform 
better – or, are Musk and Jobs just a few visible outliers?  

The question is, are serial entrepreneurs remarkably more successful?  Some researchers have examined 
this issue, but not very many.  Those that have, have looked at why entrepreneurs become serial 
entrepreneurs, or at how long new firms stay in business, showing that serial firms stay in business longer 
than novice firms.  Other researchers, notably Chen (2013) and Toft-Kehler, Wennberg and Kim (2014),  
have studied the personal income earned as a serial entrepreneur, but not the determinants of the success of 
their firms.  

Note that one reason serial entrepreneurship is little studied is that it is very hard to obtain a long time-
series of longitudinal data on the small new firms that entrepreneurs open.  For this reason, the data here is 
from Denmark.  Denmark is now very widely studied, because their statistical agencies link all their data 
sets on all people and firms for the population of people and firms.  Entrepreneurship has been a particularly 
popular topic using Danish data, so there is much to draw on that we know about the characteristics of 
Danish entrepreneurs.  The institutions of setting up a new business, and the market conditions, are similar 
in Denmark to the U.S., but Denmark probably has a smaller high tech sector. 

The emphasis here is on the sales, employment, and productivity of new ventures opened by ordinary 
people.  Around the world, most new ventures are not tech ventures. Tech ventures surely have more upside 
successes than non-technology companies—and technology successes lead to greater employment and 
higher GDP—though Walmart is a good example of the upside success of a non-tech firm.  Most 
importantly, it is hard to say exactly what a high-tech firm is:  Amazon is succeeding in retail due to 
technology and Tesla is succeeding in manufacturing due to technology, and even Walmart is known for 
its technological innovations in supplier relationships.  However, most studies of entrepreneurship study all 
new firms, not the limited technology-based sector.   

The contribution of this paper is to assess how the firms run by serial entrepreneurs perform relative to 
those of novice entrepreneurs who open only one business.  While other researchers have studied features 
of serial firms’ performance – notably, the firms’ durations in business or the personal income from multiple 
firms – to our knowledge, none have studied actual sales performance.  As revealed in the rest of the paper, 
and summarized in the Conclusion, we find that the sales and productivity of serial entrepreneurs are much 
higher than those of novice entrepreneurs, and we investigate some aspects of who gains the most and why.   

I. Literature Review 
 

Are serial entrepreneurs better performers than novices?  As mentioned above, there is a limited literature 
on serial entrepreneurs, and researchers studying serial entrepreneurs have typically not had panel data on 
the performance of the firms (i.e., lacking sales and productivity data), but have only had data on the 
longevity of the firms or the personal income of the entrepreneur.   
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There is evidence that the firms opened by serial entrepreneurs stay open longer, because serial 
entrepreneurs are more talented to begin with and also learn on the job.3  For example, in retail firms in 
Texas, about half of the serial firms’ longevity is innate, and about half is learned over time (Lafontaine 
and Shaw, 2016). Venture capitalists have a preference for serial entrepreneurs, because they have learned 
from experience, good and bad, and have strong social networks.4 

Few papers focus on the sales of the firms run by serial entrepreneurs compared to those run by novice 
entrepreneurs. A key early paper is Westhead and Wright (1998), which finds that the firms of serial and 
novice entrepreneurs are not different in their sales performance using data from around 600 UK firms. 
However, the authors used one cross-section of firms, not a panel of firms, and so they were comparing 
firms that could be 50 years old to those that could be two years old.  Humphries (2018) has recent panel 
data on sales for firms in Sweden, and shows that entrepreneurs who incorporate their firms have much 
higher sales than sole proprietors, but he does not utilize the sales data in his structural models.   

Other papers have used data on the personal income of the founder instead of the sales of the firm.  Dillon 
and Stanton (2017) follow individuals’ careers, to show the self-employed learn about their own capabilities 
as business owners – so those who do poorly when running their first firm return to wage employment and 
those who succeed open a second firm.  Using U.S. data for 21 years with a mean annual count of 321 self-
employed, Chen (2013) finds a positive correlation between the high income in the first self-employed 
business and high income in the second business.5  Toft-Kehler, Wennberg, and Kim (2014) find evidence 
of learning displayed in a convex relationship between the current income of the serial entrepreneur and the 
number prior firms – multiple prior firms lead to higher current income, but at a declining rate. Their study 
uses Swedish data and focuses on a rather restricted set of new firms, namely, those established by novices 
and by the subset of serial entrepreneurs who are the sequential entrepreneurs that close their first firm prior 
to opening their second firm.  Humphries (2018) also models the life-cycle patterns of mobility in and out 
of entrepreneurship, building a structural human capital model of these patterns.   

Another strand of literature on serial entrepreneurship focuses on specific skills that serial entrepreneurs 
possess. Baron and Ensley (2006) find that serial entrepreneurs have more clearly defined business plans 
that were richer in content, and were more concerned with factors and conditions related to starting and 
running a new venture compare to novices. Dew, Read, Sarasvathy, and Wiltbank (2009) find that serial 
entrepreneurs use an “effectual” logic, while novices use a “predictive frame” and tend to “go by the 
textbook.” Ucbasaran, Westhead, and Wright (2009) find that serial entrepreneurs identify and exploit more 
opportunities with greater wealth creation potential.  Serial entrepreneurs are managers, and the broader 
management literature reinforces the view that top managers run their businesses differently by 

 
3 See Lafontaine and Shaw (2016) for evidence that the businesses opened by serial entrepreneurs last longer in retail 
trade. For broader evidence, see Amaral, Baptista, Lima (2011), Hyytinen and Ilmakunnas (2007), Parker (2013), 
Rocha, Carneiro, Amorim Varum (2015), and Wagner (2003), Westhead and Wright (1998).  Amaral, Baptista, and 
Lima (2011) expand upon the importance of past entrepreneurial experience by indicating that past experience as an 
entrepreneur is a primary indicator of future entrepreneurship for Portuguese entrepreneurs. 
4 Gompers, Kovner, Lerner, and Scharfstein (2010), Hsu (2007), and Zhang (2011) study venture-backed 
entrepreneurs. 
5 Chen (2013) also uses instrumental variables estimation to assess whether high income in the first business causes 
higher income in the second business.  However, the applied instruments may not meet the exclusion restriction, as 
they are based on initial performance measures of entrepreneurs and therefore are expected to be highly correlated 
with current performance measures. 



4 
 

 

implementing innovative management practices, such as the incentive pay or the teamwork, that best suit 
the strategy of their firms (Ichniowski and Shaw, 2003; Bartel, Ichniowski, and Shaw, 2007).   

There are two likely reasons why serial entrepreneurs may perform better: they may have traits that make 
them “innately” better than novices, or they may learn more than novices while running their businesses.  
What are the ideal traits of any successful entrepreneur, serial or novice?  The literature is large, but relevant 
here is that, on average, successful entrepreneurs are risk-takers (Blanchflower and Oswald, 1998; Levine 
and Rubinstein, 2017; Hvide and Panos, 2013) and are more capable, in terms of their own education and 
their parents’ education (Levine and Rubinstein, 2017; Hartog, et al., 2010) and thus may be able to learn 
faster.  Note again that entrepreneurs are managers, and successful managers have been shown to have 
distinct traits.  These traits include that managers lead their subordinates by setting direction, teaching, 
coaching, and being decisive and inspiring (Hoffman and Tadalis, 2018, Lazear, Shaw, and Stanton, 2015, 
Shaw and Schrifin, 2015).  

While business schools and venture capitalists clearly believe that entrepreneurship can be learned, there is 
little empirical work showing that learning is taking place while running a firm, or how much such learning 
can raise performance.6  Two papers that do focus on learning, about oneself or about how to run a new 
firm while running it, are Dillon and Stanton (2017) and Humphries (2018).  

A final summary question is, do founders have an impact on their firms – by possessing unique capabilities, 
such as clever ideas, or by making decisions regarding products or processes – when founding their firms 
such that they make their mark on the firm?  Research evidence shows founders often have a lasting impact 
on their businesses (Becker and Hvide, 2014, and the references therein), and therefore serial entrepreneurs 
could be those who have these special features that distinguish them from novices.   

II. Theoretical Framework  
 

The first goal of this paper is to determine whether the firms of serial entrepreneurs have higher sales or 
productivity, and to display how much higher.  The second goal is to address why serial performers are 
better performers, if they are.  We cannot build a causal model of what makes a serial entrepreneur better 
than a novice – there is no possible random treatment experiment the makes some people serial 
entrepreneurs and others not – but by looking at who succeeds as a serial entrepreneur we can infer some 
reasons for success.  The third goal is to see if some serial entrepreneurs, such as the more educated, perform 
better than do other serial entrepreneurs.   

 
6 Many show that learning relevant skills increases the probability of becoming an entrepreneur.  Lazear (2005) shows 
that a person is more likely to have started a firm if he has more “roles” in school, or in past work, from which he 
learns how to do the multi-faceted job of founding and running firms.  Phillips and Sorensen (2011) and Hvide (2009) 
also show that prior business experience inside firms, either engaging in multiple roles or in obtaining general 
managerial experience, matters.  Entrepreneurs also learn from family experience (Fairlie and Robb, 2007a, b), and 
from others in their community (Glaeser, Kerr, and Ponzello, 2006) and from others in their former firms (Nanda and 
Sorensen, 2010).  Entrepreneurship also goes up with age, with the probability of entrepreneurship peaking at about 
age 45 for high-growth new firms in the U.S. (Azoulay, Jones, Kim, and Miranda, 2018), suggesting people learn to 
manage before trying entrepreneurship. 
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To our knowledge, past research has not answered this evolving set of questions.  A reason for this omission 
in the literature is that researchers have not had panel data on the performance of entrepreneurs’ firms that 
is matched to the traits of the entrepreneurs.  Data on the performance of serial entrepreneurs’ firms – 
performance in terms of sales, productivity, and employment – had not been available because few countries 
keep these data for very small firms, and, in order to study serial entrepreneurs, a very long time series of 
years is needed to determine who is a serial entrepreneurs, based on which entrepreneurs open multiple 
firms over time.7 

Should serial entrepreneurs be more successful?  It is entirely possible that many novices are more 
successful than serial entrepreneurs.  A highly successful novice could choose to continue to operate his 
one business because it is successful, and thus never open another one.  And, most importantly, the 
entrepreneur whose first firm is successful may open a second firm even when the first firm’s success is 
due to luck that cannot be repeated, and thus results in a second firm that fails (this is discussed at greater 
length in the Empirical Framework section below).   

If we find that serial entrepreneurs are better than novices, the next step is answering why.  If serial 
entrepreneurs do run larger, more productive, firms, they can achieve this higher performance in several 
ways.  Most notably, their firms may be larger than those of novices on the day serial firms are opened, or 
their firms may grow more after they are opened. 

Why should the firms run by serial entrepreneurs be larger or more productive on the day they are opened? 
The literature cited above – on who is more likely to become an entrepreneur – suggests some typical 
variables that could predict success, but these variables might not have an impact on the differential success 
of serial entrepreneurs.  Some suggest that education or past paid employment experience would raise the 
performance of the entrepreneur, and thus that of the serial entrepreneur, relative to the novice.  On the 
other hand, there are many reasons why these variables might not have an impact.  Most notably, regarding 
the impact of education on serial success, the majority of the skills of the successful serial entrepreneur 
could be quite different than those of the successful student.  Both may require persistence, but the 
entrepreneur may need to possess creativity and imagination that the student needs less.  Dillon and Stanton 
(2017) point out that people need to try entrepreneurship to see if it suits them or if they can succeed, and 
thus variables like education predict little.  There are additional reasons, such as the access to capital, cited 
often in the literature on why people become entrepreneurs, and a simple economics production function 
would predict that those with higher physical capital and labor inputs should have higher sales.  We have 
personal measures that would indicate job market success – and these will be introduced.   

However, the Danish data used here also has other variables that can be represent underlying traits of serial 
entrepreneurs.  For each firm, we know whether the firm is registered as incorporated (called LLC), whether 
they hire employees when they open, and whether the serial entrepreneur runs his several firms 
simultaneously.  Each of these variables can be proxies for unobserved factors, like the entrepreneur’s risk 
taking, access to capital, or access to a network who gives good advice on how to open and run a new firm.  
More capital and labor can also lead directly to increased sales – these variables are proxies for indirect 

 
7 Despite the challenges associated with locating data for those smaller and micro enterprises not publicly traded, some 
firm performance metrics have been studied recently by amalgamating data from several different national sources, 
as achieved by Malacrino (2016) linking data sources for Norway. Humphries (2017) also shows that the self-
employed who have higher cognitive skills are more likely to run firms that have higher levels of capital in Sweden. 
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reasons as to why some people could be more successful serial entrepreneurs than others.  These 
possibilities will be tested.   

Why would firms grow their sales after they are open?  After they open, and their customer base is 
developing and their product is improving, and they may have further access to capital from which to grow.8  
The literature review above described more reasons why entrepreneurs should be learning on the job.  If 
serial entrepreneurs are better learners, their firms should grow faster than novices after they open their 
firms. We know that firms should grow after they open: Google and Amazon did not open as large firms. 
Whether serial entrepreneurs or novices learn faster or find customers faster is an empirical question. 

In sum, serial entrepreneurs may have more of the “good” traits identified above (like risk taking or access 
to capital), or they may have “different” traits than novices.  Serial entrepreneurs may be more successful 
for reasons given above.  Or, they may be less successful than the novice who continues to run a high-
performing firm, or less successful because serial entrepreneurs have gotten lucky with one firm and that is 
not repeatable with their second firm.  These possibilities are explored empirically, to the degree that they 
can be explored by matching multiple data sets for Denmark.   

III. Empirical Framework 
 

The regressions to be estimated, and hypotheses to be tested, and discussed first.  Then, deeper econometric 
issues are addressed. 

A. Primary Regressions 
The serial entrepreneur is one who opens multiple businesses, but how does his/her average business fare 
compared to the one business the novice opens?  Using the longitudinal data, the sales regression is:  

(1) 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽1 + 𝛽𝛽2𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽4𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑖𝑖𝑖𝑖 × 𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 +
 𝛶𝛶𝑍𝑍𝑖𝑖𝑖𝑖𝑖𝑖 +  𝛤𝛤𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖 +  𝛽𝛽5𝑙𝑙𝑙𝑙𝑙𝑙𝐾𝐾𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽6𝑙𝑙𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖  

where 𝑙𝑙𝑖𝑖𝑖𝑖𝑖𝑖 is the log of the average monthly sales for the firm “j” of entrepreneur “i” at time “t.” The time 
“t” follows a semi-annual time period (because small firms in Denmark only report sales semi-annually).  
The error term 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 is assumed to be i.i.d., with estimation of robust standard errors for the panel nature of 
the data.  Issues with these assumptions regarding the error term are discussed in the Econometric Issues 
subsection below. 

Serialij is a dummy variable that indicates that the current firm “j” is run by serial entrepreneur “i".  The 
variable 𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖  is the current years that the entrepreneur’s “jth” firm has been in business.  
Experience is measured in years, thereby taking values .5, 1.5, 2, 2.5, etc. for the semi-annual data.  Each 
firm in the panel data set has its own years of FirmExperience variable.  Though not shown in (1), in 
regressions FirmExperience will enter (1) quadratically to incorporate diminishing returns to experience.   

 
8 Foster, Haltiwanger, and Syverson (2016) focus on three small “commodity-like product industries” and show that 
for these industries, small new firms grow in sales as customers nearby discover that the new firms exist.   
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In equation (1), the 𝛽𝛽1 is the constant term for all firms and the coefficient β2 on 𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑖𝑖𝑖𝑖  is the incremental 
sales, 𝑙𝑙𝑖𝑖𝑖𝑖𝑖𝑖, that the serial entrepreneur has when he opens his doors at 𝑡𝑡 = 0.  Likewise, the coefficient 
𝛽𝛽3 on  𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 is the impact of experience for the novice entrepreneur since opening the firm. 
𝛽𝛽3 is also the base case for the serial entrepreneur, so that when dummy variable 𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑖𝑖𝑖𝑖  is interacted with 
𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 , the experience effect for the average firm of the Serial entrepreneur is the sum of the 
base case of the novice plus the additional Serial impact, equal to β3+β4.  

It is important to recognize that serial entrepreneurs will have more than one “jth” firm: in regression (1), 
each j firm has its own Serialij and its own 𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖.  Therefore, in estimating (1), we are forcing 
the 𝛽𝛽2 and the 𝛽𝛽4 to be the same across all the firms operated by the serial entrepreneur.  The intention of 
this parameter constraint is to estimate the total average impact of the serial entrepreneur, across all his 
firms, versus the novice entrepreneur.  Since the serial entrepreneur can have several firms, this is a clean 
way of presenting the average gains of the serial entrepreneur versus the novice entrepreneur, though the 
impact of relaxing this constraint is discussed in the empirical results section, when we let firms one and 
two have different impacts on sales.  In specifying (1), the novice entrepreneur has only one firm, so his  
𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 refers to the number of years that his one firm has been open.  Note that we refer to 
serial entrepreneurs as “he” because 84% are men.   

The controls 𝑍𝑍𝑖𝑖𝑖𝑖𝑖𝑖  are semi-yearly dummies and 88 industry dummies.  The X𝑖𝑖𝑖𝑖𝑖𝑖 includes the entrepreneur’s 
education, gender, age, and immigrant status. 

When the capital and labor inputs are introduced in the right-hand-side of (1), the regression becomes a 
productivity regression.  Note that, as a productivity regression, the regression is derived from a Cobb-
Douglas production function, requiring next that we take logs of capital and labor.  As a result, with capital 
and labor controls the coefficients on Serial and on FirmExperience are reflecting how total factor 
productivity is affected by shifts in the production function due to these variables.  Though not shown in 
(1), in regressions we also include Workforce Education, measuring the average educational level of the 
employees in the firm. We do this to control for workforce labor quality.   

There are two primary empirical hypotheses imbedded in equation (1).  The Theoretical Framework 
provides reasons why sales or productivity may be higher for serial entrepreneurs, as proposed in the 
following hypothesis.  

Hypothesis 1: The serial entrepreneur has higher sales performance on the day he opens his firm, so β2 > 
0.  Furthermore, after holding constant capital and labor inputs, the estimated coefficient β2 > 0 would show 
that the serial entrepreneur is also more productive.   

In testing Hypothesis 1, that β2 > 0, should there be control variables in the regression?  The first regression 
in the tables below is estimated with very limited controls, introducing just the 𝑍𝑍𝑖𝑖𝑖𝑖𝑖𝑖, semi-yearly dummies 
and 88 industry-specific dummies, so that we hold constant the production function of each industry.  
Therefore, the regression tests the simple mean differences, or the β2 > 0, for serial versus novice within 
detailed industries.  As additional variables are added, such as gender or capital, it augments or changes the 
interpretation of the Serial effect.   
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As introduced in the Theoretical Framework above, the key question is, why are serial entrepreneurs more 
successful than novices (if they are)?  First, serial entrepreneurs may simply have the personal traits that 
make some entrepreneurs better than others.  Past literature has shown that men, the better educated, and 
the experienced are more likely to become entrepreneurs, and in some cases, to have greater personal 
earnings from it.  Therefore, adding these X control variables in the regression should lower the estimated 
returns to serial entrepreneurship: the coefficient β2 on Serial should fall once these traits are held constant.  
If serial entrepreneurs are, for example, more educated, then holding constant education would reduce the 
estimated performance gains by serial entrepreneurs relative to the novices (i.e., the estimated β2 should 
fall). Thus, the addition of more control variables to regression (1) enables us to suggest why sales are 
higher for the serial entrepreneur. 

A second reason why serial entrepreneurs may be more successful is that they may have better access to 
capital and labor.  Therefore, we introduce Capital and Labor as the next set of controls, where Labor is the 
number of FTE employees and workforce education.  Again, adding these controls would then decrease the 
estimated β2 sales gains for the serial entrepreneurs, and thus tell us why serial entrepreneurs open bigger 
(i.e., higher sales) firms.  As described in Hypothesis 1, after introducing the controls for capital and labor, 
the Sales regression (1) is therefore estimating the productivity regression comparing serial entrepreneurs 
to novices.   

One form of capital that the serial entrepreneur may possess is intangible capital.  If the firms run by serial 
entrepreneurs are more productive than those run by novices, this could suggest that serial entrepreneurs 
(or their firms) have forms of intangible capital, like better access to networks of people, for funding, or 
ideas, or access to customers.  They may be employing different management practices – a key intangible 
capital is that management practices for running the firm matter (Bloom and VanReenen, 2007; Ichniowski 
Shaw, and Prennushi, 1997).  And, many studies show that entrepreneurs who open their firms in their 40s 
rather than their 20s are more successful, because older entrepreneurs have greater managerial skills 
(Azoulay, et.al., 2018).   

A third reason why serial entrepreneurs may have more successful firms than novices is that the serial 
entrepreneurs just got lucky: they accidentally hit upon a good idea, that was timed well, and that had no 
competitors.  If the serial entrepreneur got lucky with his first firm, and had high sales, he may decide to 
open a second firm.  However, luck is not repeatable: if he only got lucky with his first firm, but has no 
genuine skills, his second firm will fail.  Therefore, in section V.C below we look at the serial entrepreneur’s 
success running his second firm relative to his first firm, to see if his entrepreneurship skills are genuine, 
and thus if this serial entrepreneur is really a better entrepreneur than is a novice.  In addition to assessing 
luck, introducing differential returns to each firm enables us to see if the serial entrepreneur learns between 
firms, by opening a second firm that is larger than his first firm.   

Fourth, the serial entrepreneur may be a strong learner, about how to run a new firm.  The next hypothesis 
is that serial firms grow faster after they open, as motivated in the Theoretical Framework emphasizing that 
all entrepreneurs learn, and that if serial entrepreneurs are higher performers, they may learn at the faster 
rate of (β4 +β3 ) >  β3. 

Hypothesis 2: All entrepreneurs learn on the job, so β3 > 0, but the serial entrepreneur has a faster learning 
curve, or β4 > 0.   
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In testing Hypothesis 2, the aim is to estimate the “learning curve,” which is the degree to which the 
entrepreneur increases the productivity or sales within each firm after he opens the firm.  However, the 
estimated β3 and β4 may be biased upward when the quality of the entrepreneur or his firm is omitted from 
(1), and higher quality entrepreneurs run bigger firms.  This is a classic econometric issue of heterogeneity 
versus duration dependence: there is unobserved heterogeneity in the quality of the firms that will bias up 
the coefficients that we want to interpret as the effect on sales of longer durations in business.  

Consider an example of the omitted variable bias in (1) that arises when the true quality of the firm is 
omitted from run and higher quality firms stay in business longer.  If a talented entrepreneur runs a firm 
with annual sales of $1million that firm is very likely to stay in business a long time, thus having longer 
𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆 compared to a less talented entrepreneur with a smaller firm having annual sales of 
$100,000.  Hypothesis 2 is aimed at testing that greater 𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆 causes Sales to rise as 
entrepreneurs learn to be better entrepreneurs while running a business.  But omitted variable bias  
contaminates this causal analysis: high quality firms that have high sales are more likely to stay in business 
a long time, resulting in β3 > 0 because high Sales causes 𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆 to be high, not the other way 
around as stated in Hypothesis 2.  

To address the omitted variable bias in estimating β3 and β4, we estimate a “firm fixed effects” model. The 
regression to be estimated is then regression (1), but with the addition of firm fixed effects 𝜆𝜆𝑖𝑖 which are the 
entrepreneur’s firms’ unobserved quality.  Note that the subscript “j” represents the only firm of the novice 
entrepreneur, and each of the serial entrepreneur’s firms.  The 𝜆𝜆𝑖𝑖 is an intercept (or constant term) in the 
regression for each firm, so that the starting sales of each firm is held fixed in the regression, and the growth 
of sales within the firm then emanates from that point.  The result is that the slope coefficients, or the β3 
and β4, are not biased by the omitted quality of each firm, because the 𝜆𝜆𝑖𝑖 is the firm’s quality as reflected 
in its opening day sales.  In the fixed effects regression, the β3 and β4 coefficients on 𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆 are 
now the within-firm growth of Sales or Productivity (if capital and labor are in the regression).9  When there 
are firm fixed effects, the X𝑖𝑖𝑖𝑖𝑖𝑖 personal background variables for each entrepreneur drop out of the estimated 
fixed effects regression, as the X𝑖𝑖𝑖𝑖𝑖𝑖  not vary over time within firms.  

The third hypothesis of this paper is that serial entrepreneurs grow their employment at faster rates than 
novices do.  Policy makers hope that entrepreneurs are creating many new jobs.  The employment growth 
in these small firms founded here will be modest, but worth examining.  

Hypothesis 3: The serial entrepreneur opens firms with more employees, and grows employment within 
his firms faster, than novice entrepreneurs, so that 𝛼𝛼2 > 0 and 𝛼𝛼4 >0 in  

(2)    𝑙𝑙𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛼𝛼1 + 𝛼𝛼2𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑖𝑖𝑖𝑖 + 𝛼𝛼3𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛼𝛼4𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑖𝑖𝑖𝑖 × 𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖  +
 𝛴𝛴𝑍𝑍𝑖𝑖𝑖𝑖𝑖𝑖 +  𝛷𝛷𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖 +  𝛼𝛼5𝑙𝑙𝑙𝑙𝑙𝑙𝐾𝐾𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜁𝜁𝑖𝑖𝑖𝑖𝑖𝑖  

 
9 For those not trained in this econometric literature, a “firm fixed effect” is the dummy variable 𝜆𝜆𝑖𝑖 that takes a value 
of 1 for each observation over time for the firm j.  If there are 128,537 firms (as in Table 2 below), the regression 
cannot estimate that many dummy variables.  Therefore, in the Stata software code AREG a categorical variable is 
specified, which is to be included in the regression as if it were specified by dummy variable. The principle used is to 
take differences from each firm’s mean for each variable, so the regression differences out the fixed effects and they 
are not estimated. 
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where 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 is total employment, i.e., the number of employees and the owner.  In LLC firms, the owner is 
also considered an employee.  The hypothesis is that 𝛼𝛼2 > 0 and that 𝛼𝛼4 > 0.  The estimation of (4) has the 
same issues as the estimation of the sales regressions – issues discussed throughout this paper regarding 
Sales are relevant to Employment as well.   

B. Heterogeneity in the Returns to Serial Entrepreneurship 
 

Are all serial entrepreneurs equally successful?  That seems implausible.  It is likely that the same factors 
that cause serial entrepreneurs to be better than novices should make some types of serial entrepreneurs 
better than other types of serial entrepreneurs.  For example, the well-educated may be better serial 
performers than are the less educated.  Another trait is gender: men are more likely to become entrepreneurs, 
so are men also more likely to be successful as serial entrepreneurs?  Men are known to be risk takers, 
which contributes to the likelihood of being an entrepreneur, but this might not contribute as much to the 
likelihood of their serial success.   

Therefore, the third hypothesis is that not all serial entrepreneurs are alike:  

Hypothesis 4: The success of the serial entrepreneur, relative to the novice, may be greater for some 
subgroups of the population, such as those who differ by industry, education, gender, or by other traits that 
determine how entrepreneurs operate their firms.  

Therefore, estimate:  

(3)  𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽1𝑘𝑘 + 𝛽𝛽2𝑘𝑘𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝑘𝑘𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽4𝑘𝑘𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑖𝑖𝑖𝑖 × 𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖  +
 𝛶𝛶𝑘𝑘𝑍𝑍𝑖𝑖𝑖𝑖𝑖𝑖 +  𝛤𝛤𝑘𝑘𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖 +  𝛽𝛽5𝑘𝑘𝑙𝑙𝑙𝑙𝑙𝑙𝐾𝐾𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽6𝑘𝑘𝑙𝑙𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘   

where the ‘k’ superscript on each coefficient 𝛽𝛽𝑖𝑖𝑘𝑘 is introduced to indicate that the coefficients on the 
variables  may differ, where k may be the industry, gender, education, or other traits of the founders or their 
firms.  Because the Danish data set is large, separate regressions can be estimated for each “k” type.   

It is likely that some Serial entrepreneurs are better than other Serial entrepreneurs in ways that cannot be 
measured by typical variables, such as education and age.  What can be done about the heterogeneity in the 
𝛽𝛽𝑖𝑖𝑘𝑘 when the “k” superscript represents a group trait, such as a group who are risk-takers, for which we have 
no direct measure?  The Danish data does has three variables that are “decision” variables that likely reflect 
the unmeasured quality of the entrepreneur.  These are: An entrepreneur can decide whether to open his 
second firm without closing his first, so that he is a “portfolio” entrepreneur rather than a “sequential” 
entrepreneur (defined below);10  or he can open his firms as limited liability corporations (LLC) rather than 

 
10 Westhead and Wright (1998) also distinguish between novice, portfolio, and then label serial to mean sequential.  
Entrepreneurs, or the self-employed, move often between positions as entrepreneurs and as paid employees, as they 
map out their careers (Dillon and Stanton, 2016; Manso, 2016; and Humphries, 2017, using Swedish data). Parker 
(2014) and Plehn-Dujowich (2010) present theoretical models for the occupational choice between sequential, 
portfolio and novice entrepreneur.  
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as sole proprietorships (SP); 11 or he can decide to open his firm as an employer rather than as a non-
employer. Each of these variables will be described with the empirical results below.  But overall, each of 
these firm types suggests the entrepreneur is more ambitious (by holding multiple firms at once, or by 
opening as an LLC, or opening with employees).  The question is, are these “types” actually more successful 
serial entrepreneurs?  That is to be seen in the estimated regressions.   

To elaborate on the form of serial entrepreneurship, the definition of a Serial entrepreneur is a founder who 
has opened up more than one organic firm during the period 2001-2013, but he could have done so in two 
alternative ways.  If the serial entrepreneur opens up exactly two firms during the 2001-2013 period, the 
types are as follows:  

A Sequential Entrepreneur is a serial entrepreneur who closes his first firm before opening his second. 
Therefore, he is an entrepreneur who opened one firm after 2001 and then closed it before opening the 
second firm.  

A Portfolio Entrepreneur is a serial entrepreneur who keeps his first firm open while opening his 
second, thus holding a portfolio of firms at one time.  He is an entrepreneur who opened one firm after 
2001 and then opened a second firm before closing the first.  

The definitions above refer to only two firms, so when a serial entrepreneur opens more than two firms, the 
serial entrepreneur is said to be “sequential” if two or more of his firms are sequential.  If no firms are 
sequential, the serial entrepreneur is “portfolio.”  Separate sales regressions will be estimated for the serial 
entrepreneurs who are sequential versus portfolio.  

C. Econometric Issues 
There are two primary econometric issues facing this study assessing the success of serial entrepreneurs.  
First, our results are likely to reflect reverse causation (or endogeneity), and second, does the right censoring 
of spell durations introduce biased estimated coefficients.   

A fundamental goal of the paper are to assess whether serial entrepreneurs are better performers, and, if so, 
how much better than novices.  We would like to document a causal relationship – that serial entrepreneurs 
run more productive firms because these entrepreneurs are more talented.  But the opposite may be true – 
that the entrepreneur who achieves high sales in his first firm then opens a second firm, even when he is 
not talented.  What can be done to address the problem of reverse causation?  The standard econometric 
solution is to instrument the Serial variable in the Sales regression – or to use the instrumental variables 
(IV) approach.  The concept is simple – find some variables that predict the talent of the entrepreneur, and 
thus his probability of becoming a serial entrepreneur, but that do not directly affect the sales of his firm.   

However, as is shown in the Data section, there are no good variables that could serve as instruments to in 
using IV to predict why one person would be talented as a serial entrepreneur and another person would 
not.  The only variable that predicts ex ante who tends to be a serial entrepreneur is gender – men are more 
likely to open a series of firms.  But gender predicts serial entrepreneurship very poorly (since most men 
do not become serial entrepreneurs) and other demographic variables like education do not predict at all.  

 
11 The paper by Levine and Rubinstein (2017) emphasizes the importance of identifying whether the entrepreneur 
opens LLC firms, because such entrepreneurs are those that are taking bigger risks and are therefore more successful 
on average. 
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Moreover, no variables would meet the exclusion restrictions – that the variables used to predict become 
Serial need to be excluded from the variables that would predict high Sales.   

This issue of reverse causation cannot be resolved econometrically, but instead when we follow the multiple 
firms of the serial entrepreneur, their sequential success enables us to reflect on whether the serial 
entrepreneur is more talented than the novice.  This approach will be exhibited in the Results below.   

The next econometric issue is that the data, and thus results, are subject to right censoring of the spells of 
entrepreneurship.  A spell of entrepreneurship is the duration that the new firm is in business – the average 
duration here is 3.9 years.  We stop following firms in 2013, when the data ends, so firms that are still in 
business after 2013 will have their spell durations “right censored” – i.e., these spells are cut off before they 
truly end.  This will underestimate the true number of years that the firms stay in business.  However, all 
panel data sets must end, and so some spell durations will always be right censored.   

Do we have many firms in our data for which we do not have the complete spells of time in business?  Many 
novice firms go out of business quickly, so only 22% of their firms are in business still in 2013 and right 
censored, but 50% of the second firms of serial entrepreneurs are still in business in 2013 and therefore 
their duration in business is right censored.  If we had a longer period of data on firms with sales (we have 
only the 13 years of 2001-2013), we would have a lower percent of censored spells.   

However, censoring does not surface as a big concern in this paper.  We do not explicitly model the duration 
that the firm is in business – it is never a dependent variable here (see Lafontaine and Shaw (2015) who do 
model it, with econometric tools used to address the censoring).  So when does the duration of the firm’s 
data matter?  It enters our models when we estimate the within-firm growth of sales (shown in columns 4 
and 5 of Table 2 below).  But ours is a study of new firms, and we are primarily interested in modelling 
learning in the firm’s startup phase, so we limit our observations on firms to the first six years that they are 
in business.  For our purposes, firms that are in business a long time are unusual firms, so given their rarity, 
we are not concerned with eliminating long spells that could present strangely shaped within-firm learning 
curves. Because the spells of second firms are more likely to be censored, and we care about comparing 
serial firms to novice firms that are unlikely to be censored, six years is a reasonable cutoff point for spells 
used in regressions.  However, since we lack complete spells on second firms, we are likely to underestimate 
the average sales of second firms.  This is to be kept in mind in reading the results below, when we 
nevertheless find that second firms have very high sales.    

As a result of limiting our firms’ years in business to six years or less, only 23% of all firms have right 
censored data when the panel observations end in 2013.  We are truly modelling the startup phase of these 
Danish firms, and for most firms we have complete information on this startup phase.   

IV. Data  
 

Five different data sets that are maintained by Statistics Denmark are linked to each other to estimate the 
hypotheses presented above.  As each data set is presented, the variables arising in that data are described, 
before the concluding subsection with all variable means.  Details on data set construction are in an online 
Data Appendix.  
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A. Linking Five Data Sets 
Entrepreneurs: The Statistics of New Enterprises identifies all firm start-ups in Denmark during the period 
2001-2013.  For the majority of the new firms, Statistics Denmark has been able to identify the founder. 
For sole proprietorships identification is straightforward: The entrepreneur is simply identified as the owner 
of the firm. For incorporated firms, Statistics Denmark uses a prioritized list of criteria to identify the 
principal entrepreneur.  For their firms to be considered “truly active,” the firms must have either 0.5 
employee or a minimum annual sales of around $30,000 to $75,000, depending on the industry.  Statistics 
Denmark has also undertaken extensive efforts to identify the organic start-ups – their scrutiny of firms has 
eliminated those that could be the result of spinoffs or restructurings.  

The result is that there are between approximately 14,000 (2009) and 20,000 (2007) firm start-ups with the 
founder identified each year in the database, for a total population of 215,645 firms in Denmark from 2001-
2013.  However, the sample sizes below fall as we require complete data on our variables of interest, as 
described below.  

Sales: Sales are determined from the sales tax that VAT registered businesses have reported on the VAT 
form of the Danish tax authorities in the Purchase and Sales of Danish Firms. Firms report VAT on a 
monthly, quarterly or bi-annual basis dependent on sales size – large firms are required to report at a greater 
frequency. To make all data comparable, all sales data used in this paper are for bi-annually measured sales, 
though larger firms would have sales measured more frequently.  The sales data covers the period 2001 to 
2013.  

Employment, capital, educational attainment of employees: Employment and capital are annual data in 
the General Enterprise Statistics. Employment is the total number of people working at the firm, including 
the entrepreneur.  The entrepreneur is always included in the Employment calculation because in LLC 
firms, he is an employee, so for comparability, in sole proprietorships the entrepreneur is also counted as 
an employee.  Capital is fixed assets from accounting data.  The firm’s workforce education is calculated 
from individual worker education information from the Education Database that is merged to firm 
identifiers using the Firm Integrated Database (FIDA). The latter data set identifies all the individuals 
working in a given firm in the last week of November each year. These variables are interpolated to obtain 
bi-annual observations. 

B. Defining Types of Entrepreneurs and Types of Firms 
 

Serial entrepreneurs are measured using data for all organic new firms in Denmark, prior to dropping data 
for missing variables.  Each entrepreneurial firm is identified by a unique firm id and the founder or 
entrepreneur of the entrepreneurial firm is identified by a unique person id.  

The entrepreneurial firm is an organic start-up that has newly registered for the VAT with the business 
authorities and has become “truly active.” This includes both personally-owned and incorporated firms that 
fulfil a number of conditions that allow us to consider them as being organic new firms (see online data 
appendix).  



14 
 

 

The founder or entrepreneur is the person who establishes an organic startup. For the majority of the new 
firms in the Statistics on New Enterprises, Statistics Denmark has been able to identify the entrepreneurs 
behind the firms (described above). 

The serial entrepreneur  is the entrepreneur with more than two firms from 2001-2013 and no prior firms.   
In the data, the population of 215,645 new firms were established by 190,834 founders during the period 
from 2001 to 2013. Around 10% of the entrepreneurs are serial entrepreneurs, meaning that they have 
founded more than one firm during the 13-year period 2001-2013. The result is that they run 20% of all 
firms, because serial entrepreneurs run more than one firm.  

There is, however, more historical data on Danish entrepreneurs: Statistics Denmark identifies 
entrepreneurs in Denmark starting in 1990, but does not start measuring their firms’ sales until 2001.  When 
this earlier data on the entrepreneur is taken into account in defining novice and serial entrepreneurs, many 
of our those whom we defined as “novices” (based on 2001-2013 data) are actually serial entrepreneurs 
(based on 1990-2013).   

One advantage of going back to 1990 is that we now know that 19% of all entrepreneurs observed in our 
data of 2001-2013 are Serial entrepreneurs and they run 29% of all new firms.  Thus, serial entrepreneurs 
are a more dominate force than we calculate using only 2001-2013 – there are 37,089 serial entrepreneurs 
out of 190,834 entrepreneurs.  Moreover, the result that 19% of all entrepreneurs are serial when using the 
23-year period from 1990-2013 shows that Danish entrepreneurship is comparable to U.S. 
entrepreneurship: in Lafontaine and Shaw (2016), 20% of retail entrepreneurs are serial entrepreneurs over 
t 22-year period of 1990-2011 in Texas.  

However, we have a problem in choosing our final definition of “Serial” because we do not have Sales data 
on the first firms of serial entrepreneurs from 1990-2000.   Second firms would be observed for the early 
entrepreneurs, but those second firms are likely to perform better than the first unobserved firms.  After 
examining a lot of different options, we decided that when we estimate the Sales regressions, we must drop 
all Serial entrepreneurs who have data only on their second and/or higher order firms, and thus drop the 
Serial entrepreneurs who opened their first firm in 1990-2000.   

The final sample size in the Sales regressions falls to 128,537 firms observed from 2001-2013, down from 
the population of 215,645 firms in Denmark. It is a much smaller sample, but still large in our regressions 
because we have multiple observations per firm – total sample size is 757,143 in the sales regression.    Is 
this reduced sample different from the population?  The primary reduction is from dropping of 
entrepreneurs who had opened a firm prior to 2001 – this change makes our data more accurate in defining 
novice versus serial entrepreneurs.  Beyond this, requiring personal information on the entrepreneurs (like 
their education) does not reduce the sample much relative to the population.  However, requiring sales data 
or capital stock data does make the firms – of novice and serial entrepreneurs –  more male.   

Firm types: The two main firm types are unincorporated self-employed, i.e., sole proprietorships (SP’s), 
and incorporated limited liability firms (LLC’s). The former type constitutes 66% of all new firms, whereas 
the latter type constitutes 33%. This Danish data is very similar to U.S. data: Levine and Rubenstein (2017) 
report that 36% of all firms are LLC and the remaining 64% are unincorporated sole proprietorships. An 
important distinction between the two firm types is that the legal unit is the individual who owns the firm 
in sole proprietorships, whereas the legal unit in LLC’s is the firm. For the sole proprietorship, this implies 
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that the owner is personally liable for all debt such that there is unlimited liability. For the LLC, the owners 
have limited liability for the debt of the firm and are only liable for their deposits in the firm.  

C. The Differential Characteristics of Serial Entrepreneurs 
 

Variable definitions and mean values are in Table 1.  As described above, the serial entrepreneur is one 
who opens more than one business from 2001 to 2013. In a few ways, the background characteristics of 
serial entrepreneurs are different from those of novices; in most ways, they are the same.  Serial 
entrepreneurs are more likely to be men: 67% of novice entrepreneurs are men; 84% of serial entrepreneurs 
are men.  Serial entrepreneurs are slightly higher educated: 24.8% are college educated compared to 22.9% 
for novices. 

A key way of determining whether serial entrepreneurs differ from novice is to estimate the linear 
probability model of serial entrepreneurship.  Because the data set is so big, all variables are statistically 
significant (see Appendix Table A1).  However, the only notable difference is the gender –  more serial 
entrepreneurs are men.  A breakdown of all the variables for a variety of subgroups is in Appendix Tables 
A2 and A3.  

The biggest difference between serial entrepreneurs and novice entrepreneurs is that the companies that 
serial entrepreneurs open are much more likely to be limited liability corporations (LLCs) and the 
companies that novices open are sole proprietorships.  Serial entrepreneurs’ firms are 67% LLCs, and 
novice entrepreneurs’ firms are 22% LLCs.  This is explored in Table 6 below.   

Note that this paper uses the firm as the unit of analysis, not the establishment, which could be inappropriate 
when modelling the determinants of sales, if establishments differ widely within a firm.  However, the 
distinction between the firm and establishment is not relevant in these entrepreneurship data, because these 
small firms do not have more than one establishment.   

V. Empirical Results: Sales and Employment Regressions 
 

The sales regression to be estimated is equation (1), followed by employment regression (2).  This section 
focuses on all entrepreneurs – regressions for subsets are in section VI.  

A. The Average Success of Serial Entrepreneurs 
 

Do serial entrepreneurs run firms having higher sales than do novices?  Are serial entrepreneurs also more 
productive?  Before turning to regressions, what are the differences in the raw numbers?  

Figure 1 displays the mean values and the pronounced skewness of the data.  The mean sales for the serial 
entrepreneur is $54.8 thousand per month and for the novice are $24.6 thousand per month.  These averages 
sizes are not small – the average serial firm has annual revenues of $657,600 thousand dollars.  At the upper 
tail, firms are large and the serial firms are also about twice as big: at the 95th percentile, the firms’ annual 
sales are $1,992,129 versus $943.671, for the serial and novice; and at the 99th percentile, the firms’ annual 
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sales are $5,140,088 versus $2.950.103, for the serial and the novice.  These values show that some firms 
are very sizable.  Thus, Figure 1 makes clear that the distribution of sales is very skewed.  It also displays 
the fact that the primary difference between the serial firms and the novice firms is that there are far more 
serial firms that are mid-sized.   

The serial entrepreneur’s average firm is twice as big as the novice entrepreneur’s firm even when we turn 
to medians, not means.  The median annual sales are $228,488 versus $97,650 for the serial and the novice 
firms, respectively.   

Of course, because there are many more novice firms than serial firms, among firms with annual sales of 
more than $1million, 61% of them are run by novices. Average annual employment for each firm is 9 people 
at the 95th percentile for serial and 5 people for novices, and at the 99th, it is 21 people for serial and 12 
people for novices.   

The productivity differences for serial versus novice are less striking, because the serial entrepreneur is 
working with more than three times the amount of capital, which enables their much larger sales of their 
firms.  Also, the serial entrepreneur’s firm employs about three people (including the entrepreneur, as would 
be calculated in an LLC firm) and the novice only two.  

B. Sales and Productivity Regression Results 
 

On average, firms run by serial entrepreneurs have sales that are nearly double the sales of firms run by 
novice entrepreneurs: the Serial firms have 98% higher average sales holding constant detailed industries 
(Table 2, column 1). This 98% is calculated by translating the log points coefficient of .681 reported in the 
regression table to the percent increase, as is done for all results reported below.12   

In addition, recall the Data section above that the serial entrepreneurs are not different from novices in 
observable ways – so when personal characteristics are added in column 2 (of Table 2), the coefficient on 
Serial does not change.  Men run considerably larger businesses, as do those who are married.  But because 
these demographic differences are not highly correlated with serial entrepreneurship, adding them does not 
change the basic results from column 1 to column 2.   

Productivity regressions are estimated in column 3 by adding Capital and Labor to the Sales regressions.  
The coefficient on Serial shows that these serial firms are 49% more productive than those run by novices.  
That is, because serial entrepreneurs open firms with more capital and labor, the Sales gains of the serial 
entrepreneur relative to the novice fall from 98% to 49% when capital and labor are added.13  Thus, 

 
12 The 98% higher sales is calculated as follows: the .681 coefficient in Table 2, column 1, presents the difference 
between log(sales) in the average firm of the serial entrepreneur versus the novice. The percentage increase in income 
is found as exp(β2)−1, where β2 is the estimated coefficient to the dummy for the serial entrepreneurial firm.  Thus, 
the 98% gain is exp(.681) -1.  This formula is used translating all the log point coefficients in the regressions below 
to percent differences.  If the estimated coefficients were very small, the percentage gains would be approximated by 
the log point coefficient, but that is not true when the coefficients are large, as they are throughout the Sales regression 
results. 
13 In these small firms, the quality of the Workforce Education does not predict sales very much, though it is 
significantly positive.  It is shown elsewhere for Denmark that these new firms do not create skilled jobs (Kuhn, 
Malchow-Møller, Sørensen, 2016).  
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Hypothesis 1, that Serial entrepreneurs run firms that are bigger (in Sales) and more productive is supported 
by these data.   

Turn next to Hypothesis 2, that the firms run by Serial entrepreneurs grow more after they open their doors.  
The within-firm learning by these entrepreneurs is estimated by the coefficients on FirmExperience: 
Hypothesis 2 suggests that the firms of entrepreneurs grow as they gain experience and learn, or β3>0, and 
that serial entrepreneurs may grow their firms at a faster rate, or β4>0.   

The coefficient of 0.37 on FirmExperience in OLS (Table 2, column 2) suggests that both firm types are 
initially growing at 44% (coefficient of 0.37 log points) a year, but then at a declining rate given the negative 
coefficient on FirmExperience-squared.  However, as was pointed out in the Empirical Framework section 
above, these Experience coefficients cannot measure the true within-firm growth of sales because there is 
likely to be substantial omitted variable bias: the highest quality firms are likely to stay in business longer, 
and underlying firm quality is an omitted (or unobserved) variable.  Therefore, the coefficient on the time 
in business (i.e., FirmExperience) will be biased upwards when aiming to estimate the causal effect of 
experience on Sales.  The way to correct for this omitted variable bias is to introduce the firm fixed effects, 
which are the 𝜆𝜆𝑖𝑖 as specified in the Empirical Framework above. 14 

Do these small entrepreneurial firms grow after they open their doors?  The last two columns of Table 2 
add the firm fixed effects in order to estimate the true unbiased within-firm growth of sales.15  The answer 
to the question is yes, within all the firms, sales grow markedly.  In column 4, novice firms grow at an 
annual rate of 23% (coefficient of 0.21 log points) a year in the first few years for the novice, with the peak 
growth at 5.2 years implied by the quadratic term on FirmExperience. 

The β4 coefficient, on Serial interacting with FirmExperience, tests if serial entrepreneurs have higher 
growth of sales.  It is statistically greater than zero, however the effect is small: in the first year, the within-
firm sales growth rate for the serial entrepreneur is 6% (coefficient of 0.05 log points) greater than that of 
the novice entrepreneur, so the serial entrepreneur does not grow his firm much more than the novice does.   

What is clear is that there is sorting that goes on over time as these firms age.  Bigger firms survive longer, 
or smaller ones are more likely to drop out of business – the coefficient of 0.363 on FirmExperience in 
column 2 of Table 2 drops to 0.209 in column 4 with firm fixed effects.  That is, almost half of coefficient 
on FirmExperience in Table 2 column 2 is due to the longer durations in business of higher-quality high-
sales firms: holding constant this firm quality, the coefficient falls to half of that (column 4). 

 
14 For the interested reader, using the firm-fixed-effects estimation of column 4, it is possible to predict each firm fixed 
effect, or to retrieve the implied 𝜆𝜆𝑖𝑖 in the regression.  This predicted 𝜆𝜆𝑖𝑖  is now the predicted sales for each firm “j’, 
and can be used as the dependent variable for new estimates of the regressions in columns 1-3 in Table 2 – regressions 
in which the estimates of the coefficients are no longer biased by the biased estimate of the coefficient on 
FirmExperience.  The results of these new regressions are in Appendix Table A11, and these results do not change 
relative to Table 2.  
15 Note that the background characteristics of the entrepreneur, the X𝑖𝑖𝑖𝑖𝑖𝑖 such as gender or married, drop out of 
regression (2) because these variables do not vary over time within each firm.  As with Hypothesis 1, it is important 
to find out if entrepreneurs increase sales within the firm because they are adding capital and labor, so these variables 
are introduced last in column 5 in estimating the sales regressions (2), thereby estimating a productivity regression 
after estimating a sales regression. 
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The within-firm growth of productivity with greater FirmExperience is still very substantial, but it is half 
the size of the within-firm growth of sales for the novice firm (Table 2, column 5).  That is, as sales grow 
within the firm, the entrepreneurs also invest in more capital and labor.  For the serial entrepreneurs, 
productivity does not grow with experience within the firm—they simply operate bigger more productive 
firms on the day they open their firms, relative to the novice.   

In sum, firms operated by serial entrepreneurs are 49% (coefficient of 0.40 log points) more productive and 
have 98% (coefficient of 0.68 log points) higher sales than those run by novice entrepreneurs, reinforcing 
Hypothesis 1 that serial entrepreneurs are stronger performers.  But after opening their firm, the serial 
entrepreneurs increase their sales and productivity at rates that are not much greater than that of the novice 
(and not greater at all for productivity), thus largely rejecting Hypothesis 2 that serial firms improve their 
within-firm performance more than novices.   

C. Sales Regressions Results Addressing the Endogeneity of Serial 
 

Now, return to the next question raised in the Empirical Framework section above: are Serial entrepreneurs 
estimated to be better performers because Serial is endogenous in the Sales and Productivity regressions?  
Endogeneity occurs when there is reverse causation: the 𝛽𝛽2 is positive because high initial Sales in the first 
firm cause the entrepreneur to become Serial, not because Serial entrepreneurs are more talented and this 
causes their firms to be bigger or more productive (i.e., our Hypothesis 1)?  

The Empirical Framework section describes the need to “instrument” Serial to address causality, but as 
mentioned there, the regression for the probability of being a serial entrepreneur is so poor that it cannot be 
instrumented.  Data section IV.C discusses our inability to find instruments for 𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑖𝑖 .  In addition, there 
are no variables in the Danish data that can meet the exclusion restrictions needed to address endogeneity: 
the variables that predict serial are also the variables that make serial entrepreneurs better than novices or 
that must be held constant in the Sales regression.  And of course, the question of whether Serial 
entrepreneurs are higher performers can never be posed as a field experiment: there is no reasonable way 
to impose serial entrepreneurship in a controlled environment.  Because experimentation is rarely possible, 
the much of the broader literature on the effects of managers’ qualities on productivity has presented largely 
correlations, not causation. 16  More importantly perhaps, the reader can look at the final empirical results 
and ask, is it reasonable to think that a large Serial impact – that is, that Serial have 98% higher sales across 
all their firms relative to novices – is this just due to endogeneity?  It is unlikely.   

However, there is crucial additional evidence that Serial entrepreneurs are genuinely better entrepreneurs 
than novices.  The regression (1) can be re-formulated introducing separate coefficients for each firm that 

 
16 In the literature on the performance of managers or of management practices, some papers measure correlations and 
some causation.  Bloom and Van Reenen (2007) is a cross-sectional correlation between management practices and 
firm outcomes, whereas Bloom, et.al. (2013), on their India textile firms, is a causal experiment.  In papers that Shaw 
causality, the question and data must be narrowed to a large degree: the first Bloom and Van Reenen (2007) paper is 
on all of manufacturing; the second Bloom, et.al. (2013) is only on 28 plants across 17 modest Indian textile firms.  
Ichniowski, Shaw, and Prennushi (1997) and Ichniowski and Shaw (1999) aim to show causal effects of management 
practices using a natural experiment of the introduction of innovation management practices into the U.S. firms, but 
choose a narrow industry to make firms comparable.  Bertrand and Schoar (2003) also recognize the need to identify 
causality, thereby working with a small sample of CEOs.   
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the Serial entrepreneur opens, using the functional form 𝛽𝛽21𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙_𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹1  +  𝛽𝛽22𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙_𝐹𝐹𝑆𝑆𝑆𝑆𝐹𝐹2  in 
regression (1).  Regression results for this Sales regression (after controlling for FirmExperience and 
detailed industry fixed effects) are that 𝛽𝛽21 = .421 (.017) and 𝛽𝛽22 = .929 (.017) corresponding to 52% and 
153% higher sales in the two serial firms.  These are the mean gains of each serial firm relative to the novice 
firm within detailed industries.  Results for the Productivity regression show that 𝛽𝛽21 = .223 (.014) and 𝛽𝛽22 
= .561 (.015), after controlling for FirmExperience and other background variables.17  These regression 
coefficients correspond to 25% and 75% higher productivity, respectively, and are highly significantly 
different from zero, and significantly different between firms one and two.  The conclusion is clear: a 
significant portion of the sales and productivity gains experienced by serial entrepreneurs must be causal.  
If the gains reflected endogeneity (as when the serial entrepreneurs got lucky and had high initial sales for 
their first firm that caused them to open their second firm), the second firms would perform worse than the 
first firms they opened.  Instead, there is a striking increase in productivity from firm 1 to firm 2.  The 
results imply that Serial entrepreneurs must have some more talent or skills than novices, even if there is 
not a causal test pinpointing precisely how much.   

D.  Employment Regressions 
 

Before turning to the estimation of employment regressions (2), consider some background data.  Many of 
these small firms do not open their doors as “employers” – 38% of all new firms employ people when they 
open.  But serial entrepreneurs open their firms as employers twice as much as do novices.  Though not 
shown here, an “employer” firm is also more likely to grow after it opens.  Therefore, those who open as 
employers and are serial entrepreneurs grow their firms from 2.2 employees to 5.6 employees in their first 
six years; those who are novice entrepreneurs grow their firms from 2 employees to 4.4 employees 
(Appendix Table A12 shows all these numbers).  These values are means – medians are lower.   

In the employment regressions, Employment is the sum of the employees and the founder.  Thus the 
Employment variable ranges from 1 (when the only person in the firm is the founder) to greater than one 
as employees are added.  The numbers above state that 26% of the Employment variable will take on a 
value of 1, indicating there is only a founder.   

However, we must conclude with an important caveat.  Unfortunately, at this point in time, the data 
available on employment is only annual data for Denmark for 2001-2013, so the time “t” here is measured 
in annual time intervals; not semi-annual.18  Our employment regressions have 416,690 observations – so 
the cross-sectional differences between serial and novice firms are estimated very robustly.  The difficulty 
is that the typical firm has only three within-firm observations.  Across the 128,537 firms, the estimation 
of the growth of employment within the first two years is very robust, but there is no data to follow firms 
longer as they age.  

Employment regressions show that Serial entrepreneurs employ an average of 24% more people than do 
novice entrepreneurs (the coefficient of 0.22 log points).  However, adding control variables introduces a 

 
17 The full regression results are in Shaw and Sørensen (2018), which is a paper that delves much more deeply into 
why the second firms do better than the first firms of serial entrepreneurs.   
18 After 2008, there is monthly data on Employment for these firms. Prior to 2008, monthly employment data has to 
be interpolated data, and Statistics Denmark posts interpolated data. But the annual employment data used here is 
available for all years.   
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very different interpretation of the larger employment by Serial-run firms.  Serial entrepreneurs grow their 
employment at more than twice the rate of novices: serial entrepreneurs grow their employment by 58% 
(coefficient of 0.21+0.26 log points) in their first year, whereas novices increase their employment by 23% 
(coefficient of 0.21 log points) in their first year (see the within-firm fixed effects of column 4, Table 3).  
Serial firms that are in business two years have increased their employment by over 100% - actually 109% 
- (0.209*2-0.021*22+0.260*2-0.029*22=0.738 log points) in those two years.   

Therefore, serial entrepreneurs achieve their higher average employment advantage over novices by 
watching the sales of their firms grow with experience, and then growing employment in their first few 
years in business.  In addition, serial entrepreneurs add capital over time as they add labor (column 3).  
Overall, serial entrepreneurs take a “wait and see” attitude when they open their doors:  they open their 
doors with 27% (coefficient of -0.32 log points) fewer employees than novices do (column 3).  

V. Empirical Results: Sales Regressions Identifying Different Types of Serial 
Entrepreneurs 

 

Thus far, these regression results provide estimates of the average serial entrepreneurs’ advantage in 
producing higher productivity and sales in the firms he opens, relative to the novice.  Are these advantages 
to serial entrepreneurship the same across all types of entrepreneurs and their firms?  Recall that researchers 
studying entrepreneurship often know the traits of the entrepreneur, but rarely have the information on their 
firms.  Regression equation (3) introduced “k” superscripts on the regression coefficients, to permit possible 
differences in the returns to being a serial entrepreneur due to differences in the technology, market 
conditions, or the personal characteristics of entrepreneurs.  Using Danish data, the next subsections 
consider various facets of entrepreneurs’ businesses to characterize the types of serial entrepreneurs – their 
gender, whether the Serial entrepreneur is a portfolio entrepreneur, or typically opens firms that employ 
people, or operates firms as corporations – and showing how much higher the sales are for these subgroups 
relative to the sales of novices.19   

A. Male and Female Serial Entrepreneurs   
 

The past literature on entrepreneurs has rarely had data on the sales and productivity of their small firms, 
so much of the emphasis on gender differences in entrepreneurship has focused on women’s lower 
probability of becoming an entrepreneur.  In the Danish data, this is also true: women are only 30% of all 
entrepreneurs.  This Danish data, with sales numbers, shows that women also open smaller firms than men: 
men’s sales are 31% (coefficient of 0.268 log points) higher than women’s (Table 2, column 2), after 

 
19 Online Appendix Tables A5 through A9 show the Sales and Employment regressions run by educational group and 
by industry, and finds that there are not significant differences in these results – for all educational groups and all 
industries, the returns to being a serial entrepreneur are large and essentially the same.  It could be true that within the 
college educated sample, the sales of Serial and Novice entrepreneurs would be about the same – but they are not.  
Though Levine and Rubenstein (2017) suggest there are some gains to education, they are not found here.  One could 
also imagine that the serial entrepreneur in construction would be better able to capitalize on his network of contacts 
to make sales, relative to the novice, and thus would perform better than one in, say, manufacturing.  But we find no 
such industry differences.  The sector of knowledge-industry firms (called HKIS in Table A10) also is not different.   
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controlling for Serial status.  Thus, the female novice entrepreneurs open firms that are 31% smaller than 
male novice firms.20   

However, in studying serial entrepreneurs’ success, the question is, when women become serial 
entrepreneurs, are these females better as serial entrepreneurs than females are as novice entrepreneurs?  
That is, what are the returns to serial entrepreneurship by gender?  Sales regression results are separated by 
gender in Table 4.  

Among female entrepreneurs, the gains to serial entrepreneurship are slightly greater than they are for men: 
holding constant their industry choice, the sales gain is 97% (coefficient of 0.679 log points) for the female 
serial entrepreneur relative to the female novice and sales gain is 90% (coefficient of 0.642 log points) for 
men.  The productivity gains of serial entrepreneurs are also somewhat greater for women than men, at 55% 
for women (coefficient of 0.441 log points) and 49% (coefficient of 0.399 log points) for men.  

Using these regression results, the bottom line is that if we compare the sales of female serial entrepreneurs, 
to the sales of all male entrepreneurs, female serial entrepreneurs have sales that are 28% higher (in authors’ 
calculations, not shown in Table 4. Therefore, we know that women are entrepreneurs less often than are 
men, but the gains to being a serial entrepreneur are slightly bigger for women than for men. These results 
reinforce the gender effects in Table 2: though men are more successful than women as entrepreneurs, when 
serial entrepreneurs perform better than novices, it is not because there are more men.   

B. Portfolio and Sequential Serial Entrepreneurs 
 

Two types of serial entrepreneurs were defined above – the “portfolio” entrepreneurs who run two or more 
businesses concurrently, and “sequential” entrepreneurs who close their first business before opening their 
second.  The portfolio entrepreneurs are 83% of all serial entrepreneurs and sequential are the lessor 17%. 

The portfolio serial entrepreneurs are much more successful than the sequential serial entrepreneurs: the 
firms of portfolio serial entrepreneurs are 109% (coefficient of 0.74 log points) bigger (in sales) relative to 
novices’ firms (column 5, Table 5), while sequential serial entrepreneurs’ firms are only 36% (coefficient 
of 0.30 log points) bigger (in sales) relative to novices’ (column 1). 21  Thus, the 98% greater size of serial 
entrepreneurs’ firms in previous regression (1) of Table 2 is achieved largely by the portfolio entrepreneurs.   

The productivity effects are comparable: the firms of portfolio entrepreneurs have twice the productivity 
advantage, at 54% (coefficient of 0.44 log points) higher productivity than novices’ firms (column 7, Table 
5), compared to 33% (coefficient of 0.28 log points) higher productivity of sequential entrepreneurs’ firms 
relative to novices’ (column 3).  However, portfolio entrepreneurs do not have any personal traits that differ 
from those of sequential entrepreneurs, other than that portfolio entrepreneurs are more likely to be men.  

Overall, it cannot be surprising the portfolio entrepreneurs are more successful than sequential 
entrepreneurs.  The definition of a sequential entrepreneur is that he shuts down his first firm before opening 

 
20 The distribution of sales by gender for different quantiles (i.e., median, 75th%, 90th%) show that sales of new firms 
opened by men have a moderately higher median and a slightly longer thicker right tail than women’s firms (results 
available from authors).   
21 The regressions for “portfolio” and “sequential” contain all the novices in each regression, so the results for novices 
do not differ across these regressions.   
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his second, so many of these first firms are likely failures.  In contrast, the portfolio entrepreneur does not 
close his first firm before opening his second.  In some sense, the greater success (in sales and productivity) 
of the portfolio serial entrepreneur is a tautology, but nevertheless it is useful to see it affirmed and to see 
the strikingly higher performance levels of the portfolio entrepreneurs relative to novices.   

C. Limited Liability Corporations (LLC) Opened by Entrepreneurs 
 

A recent paper by Levine and Rubinstein (2017) is well-known for advancing our understanding of the 
deeper, and yet occasionally measureable, traits of what makes an entrepreneur successful.  They show first 
and foremost that the most successful entrepreneurs incorporate their firms as LLCs – they are not just sole 
proprietors.  Using U.S. data, they show that these incorporated entrepreneurs earn more per hour of work 
and that they work more hours.  But who exactly are these successful entrepreneurs running LLC firms?  
Using Panel Study of Income Dynamics data, they show first that these people were very heavy risk takers 
in their formative years: as youth, they were more likely to do drugs (including marihuana) and more likely 
to get arrested.  They also had high levels of non-cognitive skills, rather than cognitive skills.  Thus, 
successful LLC entrepreneurs are different than those who are successful in other arenas of the labor market 
– the entrepreneurs are bold risk takers with non-cognitive traits.   

But by using U.S. data, Levine and Rubinstein (2017) have no knowledge of the precise success of these 
entrepreneurs’ firms – they have only the personal earnings from entrepreneurship, which could be from 
running multiple firms at once.  The Danish used data here can remedy that gap in knowledge, using the 
LLC information on Danish firms that is comparable to U.S. LLC status, but now linked to the sales 
performance of the Danish firms.  

As shown in Table 6, the LLC firms in Denmark are disproportionately run by serial entrepreneurs.  Of all 
the LLC firms in Denmark, 41% are run by Serial entrepreneurs and only 8% are run by novices (see Panel 
A).  Of course, since there are more novice firms in the economy than serial firms, this means that 59% of 
all new LLC firms are run by novices, but in relative terms this is a small number.  In contrast, 92% of all 
Sole Proprietor firms are run by novices.   

In addition, the LLC firms in Denmark are disproportionately run by portfolio entrepreneurs, rather than 
sequential entrepreneurs (Panel B).  And, they are much more like to be employers: 53% of LLC firms 
employ people, but only 12% of Sole Proprietors employ people (Panel C).   

Combining the results of Levine and Rubinstein (2017) and previous regression results, presents a rich 
overall picture of the most successful entrepreneur.  We show that entrepreneurs who run the biggest firms 
(in sales) and the most productive firms are often LLC and are also often serial entrepreneurs.  In addition, 
serial entrepreneurs also run a portfolio of two or more firms at one time and they employ people.  The 
Danish data used here does not go deeply into the personal characteristics of these serial entrepreneurs.  But 
because serial entrepreneurs are extremely likely to run LLC firms, the Levine and Rubenstein (2017) PSID 
results for the U.S. suggests that one reason serial entrepreneurs are more successful is that they have traits 
that are typically unmeasured – they take bigger risks and they have greater non-cognitive skills, like the 
ability to motive others.  Their conclusion provides a valuable result suggesting that are serial entrepreneurs, 
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who are often run LLC firms, are better than novices because they are more ambitious and take greater 
risks.22 

V. Conclusion 
 

Serial entrepreneurs are much talked about, but little studied.  Venture capitalists are said to seek them out, 
because serial entrepreneurs have a combination of talent and learned experiences that increase the odds 
that their next company will be more successful than that pitched by a novice entrepreneur.  Serial 
entrepreneurs’ visibility is in the high tech sector, but the logic that serial entrepreneurs are high performers 
should also prevail for non-high-tech founders who open the vast majority of new firms.  Therefore, this 
paper aims to identify whether serial entrepreneurs perform better than novices, and identify which of these 
serial entrepreneurs are the highest performers, and uncover some reasons why serial entrepreneurs are 
better performers than novices.   

The data requirements to study serial entrepreneurs are extensive, requiring many years of panel data to 
identify entrepreneurs as serial versus novice, and then matching the personal traits of the entrepreneurs to 
the performances of the firms they found.  The Danish data on the population of entrepreneurs (for 1990-
2013) and the performances of their firms (for 2001-2013) provides the unique data needed.  These are the 
founders of firms that are typically small, but for whom there is a minority of large firms – those firms 
above the 90th percentile of the sales distribution have annual sales above $685 thousand, with serial 
entrepreneurs having annual sales of $1.2m and novice entrepreneurs having annual sales of $549 thousand.  

Though the typical firm opened by a serial entrepreneur is not likely to grow to be very big, their firms are 
very numerous: serial entrepreneurs run 29% of all the new firms in Denmark from 1990-2013.  To model 
the sales of these new firms, we focus on the Danish firms opened by new entrepreneurs after 2001 when 
sales data becomes available, and serial entrepreneurs run a lessor 19% of all new firms, because  we require 
that the serial entrepreneur runs two of his firms during 2001-2013.   However, these are still a lot of firms: 
35,271 firms of the 189,016 new firms begun from 2001-2013 are run by serial entrepreneurs.   

One other question is interesting – how important are all these new firms in the entire Danish economy?  
The new firms opened in 2001-2013 are 31% of all existing firms in all of Denmark by 2013 – thus, the 
new firms number 91,472 firms of the 298,548 firms in the Danish economy by 2013.  Of course, because 
most firms in any economy are small in size, these firms are 7% of total aggregate sales and 7% of 
employment in Denmark in 2013.  

Given the evidence that serial entrepreneurs are so numerous, do their firms perform better than those of 
novices, who never open a second firm?  We could expect their firms to be bigger – because the serial 
entrepreneur can be someone who tries the first firm, succeeds, and then opens a second firm.  Alternatively, 
the first firm may be a success, but the second firm a failure because the entrepreneur had gotten lucky but 
has no talent.  The sales data shows that the firms of serial entrepreneurs are dramatically bigger: regressions 

 
22 For further work on the value of LLC status for firms, see Shaw and Sorensen (2019).  
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show their sales are approximately 98% greater than those of novices – in other words, their firms are twice 
as big as those run by novices.   

But is the success of serial entrepreneurs only due to endogeneity, or reverse causation: do high sales in the 
first firm cause entrepreneurs to open a second firm?  First, note that high sales in the first firm do not 
predict ex ante who will become serial – most of those entrepreneurs with high sales in their first firm 
continue to run that firm (as novices) and do not open a second firm.  Moreover, we can say that serial 
entrepreneurs are innately better entrepreneurs, for two reasons.  First, when they open their second firm, it 
has 55% higher sales than that of their first firm – these serial entrepreneurs are capable of learning to be 
better entrepreneurs than they were when they ran their first firm.  Second, it is also clear that they did not 
simply become serial because they got lucky with their first firm, and had high sales.  If they were simply 
lucky, luck is not repeatable, and their second firm would fail.  Their second firms thrive: these people are 
innately more talented people than novices, or they are better learners.  However, part of this success is 
either access to capital or a willingness to commit to borrowing to invest in physical capital:  serial 
entrepreneurs work with much more physical capital than do the novices, so that after estimating a sales 
regression that controls for capital, serial-run firms are 49% more productive than those of novices. 

The very large Danish data set enables us to compare female serial entrepreneurs to male serial 
entrepreneurs.  The first noteworthy result is the following: just as serial men are stronger performers than 
male novices, female serial entrepreneurs are stronger performers relative to female novices.  Female serial 
entrepreneurs run firms that are 97% bigger than female novices.  In general, women do run smaller firms 
than men.  But, our results show that the female serial entrepreneur’s expected annual sales are 28% higher 
than the expected sales of the average male entrepreneur (i.e., including novices).  This has an important 
policy implication.  There is increasing acknowledgment that women who open businesses in the tech sector 
need to be encouraged and to be better funded: Melinda Gates (wife of Microsoft’s Bill Gates) has opened 
her own VC firm, called Pivotal Ventures, that is aimed at making money for her by investing in female 
entrepreneurs (Gates, 2018).  She states that women should be 50% of the talent pool, but are only 2% of 
those funded VCs.  It is widely acknowledged in the tech world that many great entrepreneurs open second 
businesses, and that is a way of extending their talents.  Likewise, if women entrepreneurs were better 
supported, by government help or by VCs or by circulating more information on entrepreneurship as a 
career option, then more women could have successful first firms and then may become the successful 
female serial entrepreneurs that we see in this paper.   

The next key step in the paper is to ask, who among the serial entrepreneurs are the best?  We show the 
following.  The most successful serial entrepreneurs are “portfolio” entrepreneurs, who continue to run their 
first business after they open their second business.  Of course, this could mean their first firm is a success 
and is never closed – so these are the most successful serial entrepreneurs.   We show next that serial 
entrepreneurs are much more likely to open limited liability LLC firms.  Finally, the entrepreneurs who 
open their doors as employers, compared to the non-employers, are more likely to be successful and are 
more likely to be serial. 

Why are the companies run by serial entrepreneurs more productive and larger than those run by novices?  
We cannot identify any traits or background characteristics – such as education, or age, or past success as 
wage earners – that lead to serial entrepreneurship.  Serial entrepreneurs do open their firms with more 
capital than do novices.   
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In sum, there seems to be some “secret sauce” to being a successful serial entrepreneur who is hard to pin 
down.  We show that serial entrepreneurs are more successful when they open their firms as LLC, or as 
employers, or when they hold a portfolio of firms.   These key variables – LLC, employer, or portfolio 
entrepreneur – must be representing underlying traits that make some entrepreneurs better than others.  For 
example, Levine and Rubenstein (2017) show that the LLC entrepreneurs who are more successful are risk 
takers and have relevant non-cognitive skills.   

Overall, when we conclude that serial entrepreneurs run firms that are 49% more productive and 98% 
bigger, we cannot conclude that the greater talent of serial entrepreneurs is precisely what causes their firms 
to be this much bigger.  However, the preponderance of the evidence suggests that serial entrepreneurs are 
much more talented.  Their first firms do not fail – 84% remain open when they open their second firm.  
Moreover, their second firm is 55% larger than their first firm – they have new ideas that they implement 
successfully.  And from the Levine and Rubenstein (2017) work, we know that these serial entrepreneurs 
that open LLC firms are bigger risk takers and have other non-cognitive skills that lead to success.   

Therefore, what are the policy implications of our results?  All of these results are correlations – we do not 
suggest that we should impose LLC status on an entrepreneur and they will then do better.  But very 
significant resources are spent in developed and increasingly in developing countries to support small 
businesses and entrepreneurs.  Our results imply that there are subgroups of serial entrepreneurs – those 
who are LLC, or employers, or portfolio entrepreneur – who may well have the most to teach others about 
what makes them more successful.  And our results - that second firms run by serial entrepreneurs are much 
better than their first firms - suggest that entrepreneurship can be learned, and it is not just “animal spirits.” 
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Table 1: Description of Variables 
 

Variable  All Serial E Novice E 
Sales Average monthly sales in US dollars, in thousands 2013 

dollars 
30.2 54.8 24.6 

Serial Dummy variable equal to one if number of firms by E is 
2 or more 

9.2 100 0 

FirmExperience 
(semi-annual) 

Experience is time since entrepreneur firm opened in 
years. It takes values .5, 1, 1.5, 2, etc. for the semi-annual 
data. 

7.87 7.83 7.88 

Married Equal to 1 if entrepreneur is married when the firm is 
established 

50.6 51.4 50.5 

Education Number of years in school completed by entrepreneur 
when the firm is established 

13.5 13.7 13.5 

Male Equal to 1 if the entrepreneur is male 69.0 84.3 67.4 
Prior Business 
Experience 

Number of years of prior business experience for 
entrepreneur when his new firm is established 

10.9 10.9 10.9 

Age Age of entrepreneur when the firm is established 38.6 37.3 38.7 
Capital Capital in firm measured in terms of fixed assets and is 

obtained from accounting data in US dollars, $ 
thousands. 

188.2 436.4 132.0 

Employment Employment in firm is the quantity of employees 
measured in full time equivalent units. Including founder 

2.0 2.9 1.8 

Workforce 
Education 

Average years of schooling of all employees in firm 11.5 11.8 11.4 

LLC Dummy variable equal to one if firm is a limited liability 
corporation. 

30.7 67.2 22.4 

Note: detailed descriptive statistics are presented in Appendix Tables A1-A2.  
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Table 2: Sales Regressions Comparing Novice and Serial Entrepreneurs 
(Using firms’ first 6 Years Semi-annual Data) 
 

 OLS OLS OLS FE FE 
Serial  0.681*** 0.665*** 0.402***   
 (0.009) (0.012) (0.010)   
FirmExperience   0.363*** 0.070*** 0.209*** 0.087*** 
  (0.004) (0.003) (0.003) (0.003) 
FirmExperience-squared  -0.033*** -0.004*** -0.020*** -0.006*** 
  (0.001) (0.000) (0.000) (0.000) 
FirmExperience of SE  -0.010 -0.109*** 0.052*** -0.062*** 
  (0.009) (0.008) (0.008) (0.008) 
FirmExperience of SE-sq  0.001 0.012*** -0.006*** 0.008*** 
  (0.002) (0.001) (0.001) (0.001) 
Married  0.156*** 0.056***   
  (0.007) (0.005)   
Education  0.023*** 0.010***   
  (0.001) (0.001)   
Male  0.268*** 0.159***   
  (0.008) (0.005)   
Prior Business Experience   0.001 0.005***   
  (0.001) (0.000)   
Age  -0.000 -0.004***   
  (0.000) (0.000)   
log(Capital)   0.243***  0.108*** 
   (0.002)  (0.002) 
log(Employment)   0.693***  0.531*** 
   (0.004)  (0.005) 
Workforce Education   0.025***  -0.002 
   (0.002)  (0.002) 
R-squared 0.184 0.239 0.584 0.833 0.852 
Number of observations 757143 757143 757143 757143 757143 

 
Note: The dependent variable is the log of semi-annual average monthly sales. “Serial” is a dummy variable equal to one if the firm 
is established by a founder who is a serial entrepreneur; 0 otherwise. Robust standard errors in parentheses clustered on firm-
entrepreneur. All regressions include the 88 industry dummies for 2-digit NACE rev.2. Also included are time dummies for each 
bi-annual time period. Regressions with entrepreneur specific background variables, include Immigrant and Descendent dummies 
as additional explanatory variables (point estimates not included). Number of Firms: All firms are 128,537; Novice E are 105,203; 
Serial E are 23,334.  
*** p<0.01, ** p<0.05, * p<0.1.   
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Table 3: Employment Regressions Comparing Novice and Serial Entrepreneurs 
(For Firm’s First 6 Years Annual Data) 
 

 OLS OLS OLS FE FE 
Serial 0.217*** -0.185*** -0.321***   

 (0.006) (0.010) (0.009)   

FirmExperience   0.224*** 0.133*** 0.209*** 0.184*** 

  (0.002) (0.002) (0.002) (0.002) 
FirmExperience-squared  -0.019*** -0.009*** -0.021*** -0.018*** 

  (0.000) (0.000) (0.000) (0.000) 

FirmExperience of SE  0.235*** 0.254*** 0.260*** 0.261*** 

  (0.007) (0.007) (0.008) (0.008) 
FirmExperience of SE-sq  -0.025*** -0.027*** -0.029*** -0.029*** 

  (0.001) (0.001) (0.001) (0.001) 

Married  0.064*** 0.043***   
  (0.004) (0.004)   

Education  0.009*** 0.006***   

  (0.001) (0.001)   
Male  0.058*** 0.016***   

  (0.005) (0.004)   

Prior Business Experience  -0.002*** -0.002***   

  (0.000) (0.000)   
Age  0.001*** 0.000   

  (0.000) (0.000)   

log(Capital)   0.190***  0.073*** 

   (0.002)  (0.002) 

R-squared 0.072 0.147 0.280 0.817 0.823 

Number of observations 416690 416690 416690 416690 416690 

 
Note: The dependent variable is the log of annual employment. “Serial” is a dummy variable equal to one if the firm is established 
by a founder who is a serial entrepreneur; 0 otherwise. Robust standard errors in parentheses clustered on firm-entrepreneur. All 
regressions include the 88 industry dummies for 2-digit NACE rev.2. Also included are time dummies for each annual time period. 
Regressions with entrepreneur specific background variables, include Immigrant and Descendent dummies as additional 
explanatory variables (point estimates not included). Number of Firms: All firms are 128,537; Novice E are 105,203; Serial E are 
23,334.  
*** p<0.01, ** p<0.05, * p<0.1.  
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Table 4: Sales and Productivity Regressions Comparing Novice and Serial Entrepreneurs; 
Estimated By Gender 
 

 Male Female 
 OLS OLS OLS FE OLS OLS OLS FE 

Serial 0.642*** 0.656*** 0.399***  0.679*** 0.714*** 0.441***  
 (0.010) (0.013) (0.011)  (0.024) (0.031) (0.026)  
FirmExperience   0.376*** 0.079*** 0.223***  0.327*** 0.044*** 0.169*** 
  (0.004) (0.004) (0.004)  (0.007) (0.006) (0.006) 
FirmExperience-squared  -0.034*** -0.005*** -0.021***  -0.029*** -0.000 -0.017*** 
  (0.001) (0.001) (0.001)  (0.001) (0.001) (0.001) 
FirmExperience of SE  -0.017* -0.112*** 0.041***  -0.017 -0.123*** 0.078*** 
  (0.010) (0.008) (0.009)  (0.025) (0.021) (0.021) 
FirmExperience of SE-sq  0.002 0.013*** -0.005***  0.000 0.016*** -0.011*** 
  (0.002) (0.001) (0.001)  (0.004) (0.004) (0.004) 
Married  0.197*** 0.074***   0.047*** 0.011  
  (0.008) (0.005)   (0.013) (0.009)  
Education  0.027*** 0.012***   0.008*** 0.004**  
  (0.002) (0.001)   (0.003) (0.002)  
Prior Business Experience  -0.001* 0.005***   0.007*** 0.006***  
  (0.001) (0.000)   (0.001) (0.001)  
Age  -0.001 -0.004***   -0.003*** -0.004***  
  (0.001) (0.000)   (0.001) (0.001)  
log(Capital)   0.241***    0.251***  
   (0.003)    (0.005)  
log(Employment)   0.693***    0.685***  
   (0.005)    (0.009)  
Workforce Education   0.025***    0.023***  
   (0.002)    (0.004)  

R-squared 0.171 0.225 0.580 0.830 0.226 0.268 0.576 0.835 
Number of observations 588449 588449 588449 588449 168694 168694 168694 168694 

 
Note: See note to Table 2. Number of Male Firms is 98,258; Male Novice E are 78,019; Male Serial E are 20,239; Number of 
Female firms is 30,279; Female Novice E are 27,184; Female Serial E are 3,095. 
*** p<0.01, ** p<0.05, * p<0.1.  
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Table 5: Sales Regressions Comparing Novices to Serial Entrepreneurs, Estimated for 
Sequential Serial versus Portfolio Serial Entrepreneurs 
 

 Sequential Serial Entrepreneur Portfolio Serial Entrepreneur 
 OLS OLS OLS FE OLS OLS OLS FE 
Serial 0.304*** 0.357*** 0.283***  0.736*** 0.736*** 0.435***  
 (0.023) (0.031) (0.026)  (0.010) (0.013) (0.011)  
FirmExperience  0.364*** 0.064*** 0.211***  0.365*** 0.071*** 0.209*** 
  (0.004) (0.003) (0.003)  (0.004) (0.003) (0.003) 
FirmExperience-sq  -0.033*** -0.003*** -0.020***  -0.033*** -0.004*** -0.020*** 
  (0.001) (0.000) (0.000)  (0.001) (0.000) (0.000) 
FirmExperience of 
SE 

 -0.031 -0.164*** -0.019  -0.021** -0.111*** 0.064*** 

  (0.028) (0.023) (0.024)  (0.010) (0.008) (0.009) 
FirmExperience of 
SE-sq 

 0.007 0.026*** -0.001  0.001 0.012*** -0.007*** 

  (0.005) (0.004) (0.004)  (0.002) (0.001) (0.001) 
Married  0.157*** 0.060***   0.154*** 0.055***  
  (0.008) (0.005)   (0.007) (0.005)  
Education  0.024*** 0.009***   0.023*** 0.009***  
  (0.002) (0.001)   (0.001) (0.001)  
Male  0.278*** 0.163***   0.267*** 0.158***  
  (0.009) (0.006)   (0.009) (0.006)  
Prior Business 
Experience 

 0.001** 0.006***   0.000 0.005***  

  (0.001) (0.000)   (0.001) (0.000)  
Age  -0.002*** -0.004***   -0.000 -0.004***  
  (0.000) (0.000)   (0.000) (0.000)  
log(Capital)   0.251***    0.242***  
   (0.003)    (0.002)  
log(Employment)   0.708***    0.696***  
   (0.005)    (0.004)  
Workforce 
Education 

  0.024***    0.025***  

   (0.002)    (0.002)  
R-squared 0.152 0.214 0.570 0.829 0.188 0.244 0.586 0.834 
Number of 
observations 

636306 636306 636306 636306 738937 738937 738937 738937 

 
Note: See footnote to Table 2. Sequential Entrepreneur: An entrepreneur who opened an organic firm that has been closed and after 
the firm was closed, the entrepreneur opened a new firm. Portfolio Entrepreneur: An entrepreneur who opened an organic firm that 
has not been closed before the entrepreneur opened a new firm. Number of Firms: All firms are 128,537; Novice E are 105,203; 
Serial E – sequential are 3,985; Serial E – portfolio are 19,349. *** p<0.01, ** p<0.05, * p<0.1.  
  



35 
 

 

Table 6: The Importance of LLC Firms: Numbers of Firms by Type of Firm 
 

 LLC Sole Proprietor Total 
 Number Column % Number Column % Number Column % 
Panel A: Novice and Serial 
Novice  37,144 59.3% 116,519 92.3% 153,663 81.4% 
Serial 25,474 40.7%    9,709 7.7%   35,183 18.6% 
  100%  100%  100% 
Panel B: Novice and Type of Serial 
Novice 37,144 59.3% 116,519 92.3% 153,663 81.4% 
Portfolio 21,035 33.6%     7,619 6.0%   28,654 15.2% 
Sequential   4,439 7.1%     2,090 1.8%     6,529 3.5% 
  100%  100%  100% 
Panel C: Employer and Non-employer 
Employer 33,158 53.0%   15,032 11.9%   48,190 25.5% 
Non-employer 29,460 47.0% 111,196 88.1% 140,656 74.5% 
  100%  100%  100% 
Total 62,618 126,228 188,846* 

 
*Those in the “other” category of firm type are not in this table.  
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ONLINE APPENDIX TABLES 

Appendix Table A1: Probability of Becoming a Serial Entrepreneur – Linear Probability 
Model 

 (1) (2) (3) 
Married 0.011*** 0.012*** 0.006*** 
 (0.002) (0.002) (0.002) 
Education 0.004*** 0.004*** 0.002*** 
 (0.000) (0.000) (0.000) 
Male 0.073*** 0.074*** 0.062*** 
 (0.002) (0.002) (0.002) 
Age 0.010*** 0.010*** 0.014*** 
 (0.001) (0.001) (0.001) 
Age-squared -0.000*** -0.000*** -0.000*** 
 (0.000) (0.000) (0.000) 
Prior Business Experience -0.001*** -0.002*** 0.003*** 
 (0.000) (0.000) (0.000) 
Prior Business Experience –
squared 

-0.000* -0.000 -0.000* 

 (0.000) (0.000) (0.000) 
Immigrant -0.055*** -0.055*** -0.054*** 
 (0.003) (0.003) (0.004) 
Descendant 0.003 0.003 0.017** 
 (0.007) (0.008) (0.008) 
Years of full time employment   -0.010*** 
   (0.000) 
Number of different jobs   -0.020*** 
   (0.000) 
First year on labor market   -0.006*** 
   (0.000) 
Experience as Manager   0.065*** 
   (0.004) 
log(Wage income in previous 
year) 

  0.062*** 

   (0.002) 
log(Degree of unemployment)   -0.004*** 
   (0.000) 
R-squared 0.016 0.016 0.063 
Number of observations 118671 115798 115798 

Variables for Labor Market experience: Years of full time employment: Number of years with full time employment until the 
year the first firm is established. From 1980 and forward; Number of different jobs: One job is added to the number of number 
of different jobs if employment is changed between workplaces. Count until the year the first firm is established. From 1980 and 
forward; First year on labor market: First calendar year on labor market. From 1980 and forward (i.e., a person that starts in 1970 
is registered with a value of 1980); Experience as Manager: Equal to one if individual has had a job as manager before opening 
first firm. 0 otherwise. From 1980 and forward; Wage income in previous year: Average annual wage income over the labor 
market carrier up until opening of first firm. Average from 1980 and forward. Use the inverse hyperbolic sine in place of log; 
Degree of unemployment: Aggregate degree of unemployment over the labor market carrier up until opening of first firm. A value 
of implies that the individual has been unemployed for 1 year during the carrier. Average from 1980 and forward. Use the inverse 
hyperbolic sine in place of the log. 
1The probability of being a serial entrepreneur versus a novice. Number of entrepreneurs is 118,671; novice e are 105,203; serial e 
are 13,468. The 118,671 entrepreneurs opens the 128,537 new firms in the estimation sample used in the paper.  
2, 3 The probability of being a sequential serial entrepreneur versus a novice. Number of entrepreneurs is 115,798; novice e are 
102,499; serial e are 13,299. 
*** p<0.01, ** p<0.05, * p<0.1.  
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Appendix Table A2: Variable Means, for Serial and Novice 

Panel A: Characteristics of Entrepreneurs; Across Types of Entrepreneur 
  Serial Entrepreneur  Novice Entrepreneur 
          #firms Percent Cum %        #firms Percent Cum % 
Persons Total 15,537       153,745     
Education of 
Entrepreneur Elementary 2,384 15.3 15.3   30,655 19.9 19.9 
 High-School 1,592 10.2 25.6  12,777 8.3 28.2 
 Vocational 6,188 39.8 65.4  59,584 38.8 67.0 
 2 year college 1,057 6.8 72.2  8,154 5.3 72.3 
 4 year college 2,075 13.4 85.6  19,782 12.9 85.2 
 University 1,773 11.4 97.0  15,341 10.0 95.2 
Marital Status Married 7,980 51.4 51.4   77,676 50.5 50.5 
 Single 7,340 47.2 98.6  73,073 47.5 98.1 
Gender Man 13,096 84.3 84.3   103,680 67.4 67.4 
 Woman  2,229 14.4 98.6  47,435 30.9 98.3 
Age   37.3 98.6 98.6   38.7 98.3 98.3 
  NA 1.4 100.0  NA 1.7 100.0 
         
Prior Business Experience  
(from wage work) 10.9 98.6 98.6  10.9 98.1 98.1 
    NA 1.4 100.0   NA 1.9 100.0 

 
Panel B: Characteristics of Entrepreneurial Firms; Across Types of Entrepreneur 

All Firms  Total Number 35,271 100.0 100.0   153,745 100.0 100.0 

Firm Type 
Sole 
proprietorship 9,709 27.5 27.5   116,519 75.8 75.8 

 
Stock-based 
corporation 1,844 5.2 32.8  2,668 1.7 77.5 

 
Limited Liability      
Corporation (LLC) 23,630 67.0 99.8  34,476 22.4 99.9 

  Other 88 0.2 100.0   82 0.1 100.0 
Sectors Manufacturing 1,813 5.1 5.1   6,719 4.4 4.4 
 Service 15,578 44.2 49.3  77,224 50.2 54.6 

 
High Tech       
Knowledge 3,262 9.3 58.6  10,600 6.9 61.5 

 Retail 8,300 23.5 82.1  35,362 23.0 84.5 
 Construction 4,590 13.0 95.1  19,735 12.8 97.3 
  Other 1,728 4.9 100.0   4,105 2.7 100.0 
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Appendix Table A3: Characteristics of Entrepreneurial Firms; Across Types of 
Entrepreneur 
 (Using firms’ first 6 Years Semi-annual Data) 

  Serial Entrepreneur   Novice Entrepreneur 
  #firms Mean Std Dev   #firms Mean Std Dev 
Sales (average monthly $1000 
US dollars) 23,334 54.8 503.5  105,203 24.6 178.6 
Employment 23,334 2.9 8.6  105,203 1.8 5.8 
Labor Productivity 23,334 24.3 267.4  105,203 12.0 52.3 
Capital Stock 23,334 436.4 9881.0  105,203 132.0 2784.1 
Capital Intensity (K/L) 23,334 318.5 25597.9  105,203 80.0 1443.9 
Workforce Education 15,128 11.8 2.0  40,853 11.4 2.0 
Average # of establishments 21,555 1.0 0.3  99,278 1.0 0.2 
Months in business of firm1 23,334 47.0 35.1  105,203 47.3 37.9 

 
1 The “months in business” uses the available data in months, not truncated to their first 6 years in business. The variable is not 
used in the regressions, because sales data is not available on a monthly basis. However, the firm’s start date is available to 
calculate the months in business in this table.  The median months in business are 36 for serial and 35 for novices. 
The averages are based on 416,690 annual observations; 76,951 observations for serial entrepreneurs and 339,739 for novice 
entrepreneurs.  
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Appendix Table A4: The Distributions of Sales, Employment, and Productivity –  
By “Employer” versus “Non-Employer”  
 
Panel A: Distribution of Productivity by Employer Type ($1,000 USD) 

Percentiles 1 5 10 50 90 95 99 #observations 
Employer 0.6 2.3 3.9 11 34 53 145 313,913 
Non-employer 0.3 1.1 1.7 5.8 18 26 67 443,228 
All 0.4 1.3 2.2 7.7 25 39 104 757,139 

 
Panel B: Distribution of Sales by Employer Type ($1,000 USD) 

Percentiles 1 5 10 50 90 95 99 #observations 
Employer 0.7 2.8 4.9 23 107 176 480 313,913 
Non-employer 0.3 1.1 1.7 6.0 21 34 100 443,228 
All 0.4 1.4 2.2 10 59 102 301 757,139 

 
Note: The percentiles are presented for averages of 5 firms around the specific percentile. This is done to fulfill Statistics Denmark’s 
regulations on anonymity. 
 
“Employer” is a firm that opened with employees; “Non-Employer” is a firm that opened with no employees (but could have 
hired them after they opened) 
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Appendix Table A5:  Sales Regressions Comparing Novice and Serial Entrepreneurs,  
By Education Group  
(Up to 6 Years Semi-annual Data for Each Firm) 

 
 

Vocational and Below College and Above 
 OLS OLS OLS FE OLS OLS OLS FE 

Serial  0.688*** 0.691*** 0.426***  0.642*** 0.576*** 0.327***  
 (0.011) (0.014) (0.012)  (0.018) (0.023) (0.019)  
FirmExperience   0.381*** 0.090*** 0.235***  0.314*** 0.016** 0.137*** 
  (0.004) (0.003) (0.004)  (0.008) (0.007) (0.007) 
FirmExperience-
squared 

 -0.036*** -0.007*** -0.023***  -0.025*** 0.004*** -0.012*** 

  (0.001) (0.001) (0.001)  (0.001) (0.001) (0.001) 

FirmExperience of 
SE 

 -0.014 -0.121*** 0.043***  0.008 -0.070*** 0.087*** 

  (0.011) (0.009) (0.010)  (0.018) (0.015) (0.016) 
FirmExperience of 
SE-squared 

 0.001 0.014*** -0.005***  -0.002 0.007*** -0.010*** 

  (0.002) (0.001) (0.001)  (0.003) (0.003) (0.002) 
Married  0.153*** 0.054***   0.142*** 0.050***  
  (0.008) (0.005)   (0.014) (0.009)  
Education  0.019*** 0.007***   0.034*** 0.009***  
  (0.002) (0.001)   (0.005) (0.003)  
Male  0.243*** 0.152***   0.311*** 0.164***  
  (0.010) (0.006)   (0.015) (0.010)  
Prior Business 
Experience  

 0.000 0.005***   0.004*** 0.006***  

  (0.001) (0.000)   (0.001) (0.001)  
Age  0.002*** -0.003***   -0.009*** -0.007***  
  (0.001) (0.000)   (0.001) (0.001)  
log(Capital)   0.236***    0.263***  
   (0.003)    (0.005)  
log(Employment)   0.698***    0.670***  
   (0.005)    (0.008)  
Workforce 
Education 

  0.029***    0.009***  

   (0.002)    (0.003)  
R-squared 0.198 0.256 0.600 0.840 0.167 0.217 0.552 0.820 
Number of 
observations 

552633 552633 552633 552633 204510 204510 204510 204510 

 
Note: See note to Table 2. Educational attainment is split into vocational education and below and college education and above.  
Number of Firms Vocational and Below: All firms are 92,500; Novice E are 76,664; Serial E are 15,836. Number of Firms College 
and Above: All firms are 36,037; Novice E are 28,539; Serial E are 7,498. 
*** p<0.01, ** p<0.05, * p<0.1.  
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Appendix Table A6: Employment Regressions Comparing Novice and Serial 
Entrepreneurs, By Education Group 
(Up to 6 Years Annual Data per Firm) 

 
 

Vocational and below College and Above 
 OLS OLS OLS FE OLS OLS OLS FE 
Serial  0.234*** -0.175*** -0.316***  0.170*** -0.225*** -0.351***  
 (0.008) (0.011) (0.011)  (0.012) (0.017) (0.016)  
FirmExperience  0.231*** 0.141*** 0.211***  0.205*** 0.112*** 0.204*** 
  (0.003) (0.003) (0.003)  (0.005) (0.005) (0.005) 
FirmExperience-
squared 

 -0.021*** -0.010*** -0.021***  -0.016*** -0.006*** -0.020*** 

  (0.000) (0.000) (0.000)  (0.001) (0.001) (0.001) 
FirmExperience of SE  0.243*** 0.260*** 0.271***  0.222*** 0.247*** 0.236*** 
  (0.009) (0.008) (0.009)  (0.013) (0.013) (0.014) 
FirmExperience of SE-
squared 

 -0.026*** -0.028*** -0.031***  -0.024*** -0.026*** -0.026*** 

  (0.001) (0.001) (0.001)  (0.002) (0.002) (0.002) 
Married  0.067*** 0.045***   0.048*** 0.028***  
  (0.005) (0.004)   (0.008) (0.008)  
Education  0.009*** 0.006***   0.010*** 0.002  
  (0.001) (0.001)   (0.003) (0.003)  
Male  0.050*** 0.007   0.078*** 0.038***  
  (0.006) (0.005)   (0.008) (0.008)  
Prior Business 
Experience  

 -0.003*** -0.002***   -0.001 -0.001*  

  (0.000) (0.000)   (0.001) (0.001)  
Age  0.002*** 0.001***   -0.002*** -0.003***  
  (0.000) (0.000)   (0.001) (0.001)  
log(Capital)   0.194***    0.177***  
   (0.002)    (0.004)  
R-squared 0.073 0.152 0.292 0.815 0.079 0.147 0.260 0.821 
Number of 
observations 

303324 303324 303324 303324 113366 113366 113366 113366 

 
Note: See note to Table 6. Educational attainment is split into vocational education and below and college education and above. 
Number of Firms Vocational and Below: All firms are 92,500; Novice E are 76,664; Serial E are 15,836.  
Number of Firms College and Above: All firms are 36,037; Novice E are 28,539; Serial E are 7,498. 
*** p<0.01, ** p<0.05, * p<0.1.  
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Appendix Table A7: Sales Regressions Comparing Novice and Serial Entrepreneurs -   
By Industry 
(Up to 6 Years of Data per Firm) 

 MANU MANU SERV SERV RETA RETA CONS CONS 
Serial  0.629*** 0.467*** 0.670*** 0.368*** 0.618*** 0.427*** 0.741*** 0.499*** 
 (0.040) (0.041) (0.011) (0.012) (0.018) (0.020) (0.020) (0.020) 
FirmExperience  0.152***  0.047***  0.109***  0.132*** 
  (0.013)  (0.004)  (0.006)  (0.006) 
FirmExperience-squared  -0.014***  -0.001  -0.010***  -0.014*** 
  (0.002)  (0.001)  (0.001)  (0.001) 
FirmExperience of SE  -0.157***  -0.099***  -0.163***  -0.135*** 
  (0.030)  (0.010)  (0.015)  (0.015) 
FirmExperience of SE-
squared 

 0.017***  0.012***  0.021***  0.014*** 

  (0.005)  (0.002)  (0.002)  (0.002) 
Married  0.225***  0.258***  0.220***  0.193*** 
  (0.010)  (0.003)  (0.004)  (0.004) 
Education  0.702***  0.680***  0.735***  0.743*** 
  (0.015)  (0.005)  (0.008)  (0.007) 
Male  0.012  0.019***  0.014***  0.049*** 
  (0.009)  (0.002)  (0.003)  (0.004) 
Prior Business Experience  0.056***  0.041***  0.029***  0.099*** 
  (0.019)  (0.006)  (0.009)  (0.009) 
Age  0.001  0.009***  0.005***  0.014*** 
  (0.004)  (0.001)  (0.002)  (0.002) 
log(Capital)  -0.002**  -0.004***  -0.005***  -0.004*** 
  (0.001)  (0.000)  (0.001)  (0.001) 
log(Employment)  -0.055  -0.024***  -0.059***  -0.094*** 
  (0.043)  (0.008)  (0.012)  (0.025) 
Workforce Education  0.003  0.024  -0.000  0.062 
  (0.099)  (0.019)  (0.027)  (0.055) 
R-squared 0.118 0.613 0.208 0.581 0.106 0.573 0.087 0.595 
Number of observations 45181 45181 547682 547682 202241 202241 138755 138755 

 
Note: See note to Table 2 in main text.  
MANU: Manufacturing covers all manufacturing industries, SERV: Service covers all service industries, CONS: Construction: 
Division 43: Specialized construction activities, Retail: RETA is 45-47 and 55-56.  
Number of Firms: MANU: All firms are 7,046; Novice E are 5,659; Serial E are 1,387. SERV: All firms are 95,671; Novice E are 
78,726; Serial E are 16,945. RETA: All firms are 34,714; Novice E are 28,425; Serial E are 6,289. CONS: All firms are 21,711; 
Novice E are 17,760; Serial E are 3,951.  
*** p<0.01, ** p<0.05, * p<0.1. 
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Appendix Table A8: Employment Regression Comparing Novice and Serial Entrepreneurs, 
By Industry 
 

 MANU MANU SERV SERV RETA RETA CONS CONS 
Serial  0.207*** -0.294*** 0.197*** -0.330*** 0.217*** -0.322*** 0.289*** -0.274*** 
 (0.029) (0.039) (0.007) (0.011) (0.012) (0.017) (0.015) (0.020) 
FirmExperience (time of 
firm) 

 0.195***  0.115***  0.208***  0.186*** 

  (0.012)  (0.003)  (0.005)  (0.006) 
FirmExperience-squared  -0.015***  -0.008***  -0.017***  -0.014*** 
  (0.002)  (0.000)  (0.001)  (0.001) 
FirmExperience of SE  0.225***  0.247***  0.232***  0.264*** 
  (0.028)  (0.008)  (0.013)  (0.016) 
FirmExperience of SE-
squared 

 -0.028***  -0.026***  -0.024***  -0.029*** 

  (0.004)  (0.001)  (0.002)  (0.002) 
Married  0.267***  0.174***  0.228***  0.219*** 
  (0.010)  (0.002)  (0.003)  (0.004) 
Education  0.041**  0.032***  0.042***  0.071*** 
  (0.017)  (0.004)  (0.007)  (0.009) 
Male  0.013***  0.006***  0.005***  0.009*** 
  (0.004)  (0.001)  (0.001)  (0.002) 
Prior Business Experience  -0.016  0.030***  0.056***  -0.087*** 

  (0.025)  (0.005)  (0.008)  (0.018) 
Age  -0.000  -0.001***  0.001**  -0.005*** 
  (0.001)  (0.000)  (0.001)  (0.001) 
log(Capital)  0.035  -0.094***  -0.152***  -0.089* 
  (0.169)  (0.013)  (0.018)  (0.049) 
R-squared 0.089 0.394 0.081 0.270 0.030 0.330 0.035 0.296 
Number of observations 24645 24645 302357 302357 110968 110968 75634 75634 

 
Note: See note to Table 6 in main text.  
MANU: Manufacturing covers all manufacturing industries, SERV: Service covers all service industries, CONS: Construction: 
Division 43: Specialized construction activities, Retail: RETA is 45-47 and 55-56.  
Number of Firms: MANU: All firms are 7,046; Novice E are 5,659; Serial E are 1,387. SERV: All firms are 95,671; Novice E are 
78,726; Serial E are 16,945. RETA: All firms are 34,714; Novice E are 28,425; Serial E are 6,289. CONS: All firms are 21,711; 
Novice E are 17,760; Serial E are 3,951.  
*** p<0.01, ** p<0.05, * p<0.1. 
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Appendix Table A9: Employment Regressions Comparing of Novice and Serial 
Entrepreneurs, By Industry –   FIRM FIXED EFFECTS ESTIMATION 
 

 MANU MANU SERV SERV RETA RETA CONS CONS 

FirmExperience  0.274*** 0.247*** 0.195*** 0.169*** 0.285*** 0.260*** 0.231*** 0.213*** 
 (0.011) (0.011) (0.003) (0.003) (0.005) (0.005) (0.006) (0.006) 
FirmExperience-
squared 

-0.028*** -0.024*** -0.019*** -0.016*** -0.029*** -0.026*** -0.023*** -0.021*** 

 (0.002) (0.002) (0.000) (0.000) (0.001) (0.001) (0.001) (0.001) 
FirmExperience of 
SE 

0.227*** 0.225*** 0.259*** 0.260*** 0.262*** 0.254*** 0.269*** 0.269*** 

 (0.032) (0.030) (0.009) (0.009) (0.015) (0.014) (0.018) (0.018) 
FirmExperience of SE-
squared 

-0.025*** -0.026*** -0.029*** -0.029*** -0.029*** -0.028*** -0.031*** -0.031*** 

 (0.004) (0.004) (0.001) (0.001) (0.002) (0.002) (0.003) (0.002) 
log(Capital)  0.099***  0.068***  0.093***  0.078*** 
  (0.009)  (0.002)  (0.003)  (0.003) 

R-squared 0.841 0.850 0.820 0.825 0.821 0.831 0.804 0.812 
Number of 
observations 

24645 24645 302357 302357 110968 110968 75634 75634 

 
Note: See note to Table 6 in main text.  
MANU: Manufacturing covers all manufacturing industries, SERV: Service covers all service industries, CONS: Construction: 
Division 43: Specialized construction activities, Retail: RETA is 45-47 and 55-56.  
Number of Firms: MANU: All firms are 7,046; Novice E are 5,659; Serial E are 1,387. SERV: All firms are 95,671; Novice E are 
78,726; Serial E are 16,945. RETA: All firms are 34,714; Novice E are 28,425; Serial E are 6,289. CONS: All firms are 21,711; 
Novice E are 17,760; Serial E are 3,951.  
*** p<0.01, ** p<0.05, * p<0.1.  
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Appendix Table A10: Sales and Employment Regressions Comparing Novice and Serial 
Entrepreneurs – for High-tech Knowledge Intensive Services (HKIS) 
 

 Sales Employment 

Serial  0.611*** 0.286*** 0.162*** -0.395*** 
 (0.031) (0.036) (0.020) (0.029) 
FirmExperience   -0.038***  0.044*** 
  (0.013)  (0.010) 
FirmExperience-squared  0.015***  0.001 
  (0.002)  (0.001) 
FirmExperience of SE  -0.043  0.239*** 
  (0.030)  (0.024) 
FirmExperience of SE-squared  0.004  -0.021*** 
  (0.005)  (0.004) 
log(Capital)  0.295***  0.188*** 
  (0.012)  (0.009) 
log(Employment)  0.601***   
  (0.017)   
Workforce Education  -0.005   
  (0.006)   
Married  0.079***  0.008 
  (0.017)  (0.013) 
Education  0.019***  0.008*** 
  (0.003)  (0.002) 
Male  0.053**  0.035** 
  (0.025)  (0.016) 
Prior Business Experience   0.009***  -0.001 
  (0.001)  (0.001) 
Age  -0.003**  -0.002** 
  (0.001)  (0.001) 

R-squared 0.070 0.480 0.026 0.245 

Number of observations 56842 56842 31787 31787 

 
Note: See note to Table 2 in main text.  
HKIS: High-tech knowledge intensive services (HKIS): 59: Motion picture, video and television program production, 60: sound 
recording and music publish activities; 61: Programming and broadcasting activities; 62: Telecommunications; computer 
programming, consultancy and related activities; 63: Information service activities; 72: Scientific research and development;  
Number of HKIS firms: All firms are 11,061; Novice E are 8,657; Serial E are 2,404.  
*** p<0.01, ** p<0.05, * p<0.1. 
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Appendix Table A11: Firm fixed effect of Novice and Serial Entrepreneurs - 6 years Semi-
annual data 
(Using firms’ first 6 Years Semi-annual Data) 
 

 OLS OLS OLS OLS 
Serial  0.576*** 0.551*** 0.343*** 0.331*** 
 (0.007) (0.007) (0.006) (0.006) 
Married  0.089***  0.038*** 
  (0.005)  (0.005) 
Education  0.018***  0.012*** 
  (0.001)  (0.001) 
Male  0.182***  0.128*** 
  (0.006)  (0.006) 
Prior Business Experience   0.005***  0.005*** 
  (0.000)  (0.000) 
Age  -0.000  -0.002*** 
  (0.000)  (0.000) 
log(Capital)   0.264*** 0.258*** 
   (0.003) (0.003) 
log(Employment)   0.055*** 0.054*** 
   (0.006) (0.006) 
Workforce Education   0.018*** 0.018*** 
   (0.001) (0.001) 
R-squared 0.128 0.143 0.302 0.309 
Number of observations 128537 128537 128537 128537 

 
Note: The dependent variable is the firm fixed effect that originates from the estimation of log(sales) on entrepreneur characteristics 
(serial dummy, married, education, gender, prior business experience, age, and immigrant status) and on characteristics of 
entrepreneurial firms (capital stock, employment, workforce education, and firm experience). The estimation is carried out using 
the STATA commend areg with absorb(firm-id) and prediction of fixed effects. “Serial” is a dummy variable equal to one if the 
firm is established by a founder who is a serial entrepreneur; 0 otherwise. Robust standard errors in parentheses clustered on firm-
entrepreneur. All regressions include the 88 industry dummies for 2-digit NACE rev.2. Also included are time dummies for each 
bi-annual time period. Number of Firms: All firms are 128,537; Novice E are 105,203; Serial E are 23,334.  
*** p<0.01, ** p<0.05, * p<0.1.  
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Appendix Table A12: Employment in Different Types of Firms – Median and Mean 
Increase in Employment 
By Year Since the Firm Opened, By Firm Type 

 Year Opened 1st 2nd 3rd 4st 5st 6st 
Non-
employer 

       

Novice E Median  1.0 1.0 1.0 1.0 1.0 1.0 
 Mean 1.0 1.1 1.2 1.3 1.4 1.5 
 # firms 63,357 50,679 34,549 25,992 20,579 16,503 
Serial E Median  1.0 1.0 1.0 1.0 1.0 1.0 
 Mean 0.8 1.2 1.7 1.9 2.2 2.4 
 # firms 6,969 6,063 4,614 3,447 2,580 1,930 
Employer        
Novice E Median  1.3 2.0 2.1 2.2 2.4 2.5 
 Mean 2.0 3.0 3.5 3.7 4.0 4.4 
 # firms 29,219 26,218 20,423 16,309 13,387 10,946 
Serial E Median  1.1 2.0 2.5 2.6 2.9 3.0  
 Mean 2.2 3.6 4.2 4.5 5.1 5.6 
 # firms 12,382 11,260 8,569 6,592 5,155 3,988 

 
Note: The percentiles are presented for averages of 5 firms around the specific percentile. This is done to fulfill Statistics Denmark’s 
regulations on anonymity. 
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