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Abstract 

 
How does prior firm-founding experience affect subsequent venture performance?  In this study, I 
examine the effect of founders’ prior firm-founding experience on the survival rate and the 
annualized rate of return on investment in subsequent ventures.  Estimates of this relationship take 
into account selection effect of serial entrepreneurs and two roles of venture capitalists (VCs): i) 
evaluating venture quality by sorting deals and ii) adding value to the portfolio company through 
mentoring.  Analysis of U.S. VC-financed semiconductor firms that entered the market during 
1995-1999 does not show evidence of selection of highly-capable serial entrepreneurs and indicates 
that the hazard rate of firms founded by serial entrepreneurs is substantially lower than firms 
founded by novice entrepreneurs.  I also find that prior firm-founding experience helps 
entrepreneurs acquire skills that are conducive to the survival of early-stage firms, but not 
necessarily conducive to the financial success of a venture.  In addition, I find that the mentoring 
role of VCs helps the portfolio company survive through the early stages of a venture, but this does 
not necessarily translate into a higher rate of return on investment.  These findings add to our 
growing understanding of how founders acquire entrepreneurial skills and in what ways these skills 
are useful in entrepreneurial activities.  These findings also shed light on the potential deadweight 
loss that might have been imposed on the economy if serial entrepreneurs had not been funded.  
Given the low success rate of entrepreneurship, this has implications for countries where failed 
entrepreneurs rarely get a second chance. 
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1 Introduction  
 Economists believe that entrepreneurship promotes innovation and creates more 

employment opportunities, especially by innovative firms (Baumol 2007, Acs and Armington, 2006, 

Audretsch, Keilbach and Lehmann 2006).  Entrepreneurship is encouraged in many countries 

because it is believed to be associated with economic growth and competition in the market 

economy (Djankov, La Porta, Lopez-De-Silanes, and Shleifer 2002).  Yet, making an innovative 

firm survive and thrive is no easy task.  Prior literature (Gompers, Kovner, Lerner, and Scharfstein 

2006, Kaplan and Schoar 2005) suggests that a large component of success in entrepreneurship and 

venture capital can be attributed to skill rather than luck.  However, the finding that skill matters for 

entrepreneurial success still leaves us wondering how entrepreneurs develop entrepreneurial skills.  

I hypothesize that entrepreneurial skills are developed through learning-by-doing.  This means firm-

founding experience itself enhances the human capital and social capital of entrepreneurs, which 

augments endowed skills.   

How does prior firm-founding experience affect subsequent venture performance?  In this 

study, I examine the effect of founders’ prior firm-founding experience on the survival rate and the 

annualized rate of return on investment in subsequent ventures.  Estimates of this relationship take 

into account selection effect of serial entrepreneurs and two roles of venture capitalists (VCs): i) 

evaluating venture quality by sorting deals and ii) adding value to the portfolio company through 

mentoring.    

 Firm survival is related to the post-entry performance of new firms such as profitability, 

size, and growth.  Arguably, firm survival is a comprehensive measure of firm performance 

(Klepper 2002, Stigler 1958), and, for Organizational Ecologists, organizational survival is the 

ultimate indicator of success (Carroll and Hannan 2000, Hannan and Freeman 1977, 1989).  A 

longer period of survival by innovative firms implies that new products and/or services are 

delivered to consumers, or existing products and/or services are delivered at a lower cost for a 

longer period of time.  A sufficient number of independent firms surviving in a given industry imply 

there will be adequate competition in the market.  However, while a firm’s longer survival implies 

better performance than short-lived firms in some cases, there is still a difference in performance 

among surviving firms and even among short-lived firms that the firm survival analysis does not 

show.  Therefore, I augment the survival analysis with an analysis of the financial performance of 

the venture by computing its annualized rate of return on investment.   
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 To start a firm, entrepreneurs put together teams of people and assemble resources and 

capital to develop and market a new product or service.  The entrepreneurial process requires 

founders to exercise a variety of skills, such as writing an effective business plan, securing funding 

from investors, working with lawyers and accountants, and developing a marketing plan and sales 

force.  In addition, entrepreneurs must have sufficiently good knowledge in a wide variety of areas 

to hire the right personnel or to outsource to the right vendors.  As Lazear (2004, 2005) points out, 

an entrepreneur has to be a generalist, a “jack-of-all-trades.”  Entrepreneurs may be endowed with a 

broad set of skills that are then supplemented by investing in human capital such as formal 

schooling (Bates 1985, 1990).  Entrepreneurs can also augment skills through “learning-by-doing” 

in the process of building a firm, which may be particularly important given that some 

entrepreneurial skills are subtle and hard to teach in a classroom setting.  Because of the importance 

of learning-by-doing, experienced founders are expected to have an advantage over first-time 

entrepreneurs in their subsequent ventures, and this advantage should manifest in terms of better 

firm performance at an early stage when the skill set of the founder is most relevant.    

 When entrepreneurs start an innovative firm, they raise capital from VCs.  In this process, 

VCs provide capital to the startup firm and also contribute to entrepreneurship in other ways.  VCs 

commonly finance portfolio companies in the form of convertible securities (Casamatta 2003, 

Hellmann 1998, Kaplan and Strömberg 2003), have seats on the board of directors (Lerner 1995), 

and actively get involved with the day-to-day operations of the portfolio company (Hellmann and 

Puri, 2002, Gompers and Lerner 2004, Gorman and Sahlman 1989, Sahlman 1990).  VCs also 

leverage their network to add value to portfolio companies (Hochberg, Ljungqvist, and Lu 2007).  

As mentioned above, the two main roles of VCs are i) sorting deals and ii) mentoring portfolio 

companies.   

Sorting deals by VC firm is the process of selecting the most promising business operation 

amongst many entrepreneurial firms by evaluating startup firm quality, which includes its business 

plan and its team members.  VC firm’s sorting ability is necessary to ensure efficient allocation of 

scarce capital to the most viable projects.  From an econometrics point of view, sorting is a source 

of potential endogeneity problem because better venture projects will be matched with better VCs to 

begin with.   As Sørensen (2007) points out, this matching between a portfolio company and a VC 

can be viewed as a two-sided matching model (Gale and Shapley 1962, Roth and Sotomayor 1990) 

that enables the researcher to exploit the characteristics of the VCs to measure the variation in 
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unobserved firm heterogeneity.  In this study, I exploit the characteristics of VC syndication to 

address the potential endogeneity problem.   

Mentoring by a VC firm is the process of actively adding value to the startup firm through 

mentoring activities such as providing input into their business plan or discussing marketing 

strategy, and also by monitoring the startup firm’s progress by imposing deadlines for tasks before 

funding in subsequent rounds.  Entrepreneurs would prefer to raise capital from VCs with better 

mentoring ability because they expect this assistance to translate into better firm performance (Hsu 

2004).  Once a venture is selected for funding, we would expect those funded by VCs with better 

mentoring ability to have better performance.     

 To test these hypotheses, I analyze the performance of U.S. VC-financed semiconductor 

firms that entered the market during 1995-1999.  For the purpose of this study, the date a startup 

company secured its first round of VC-financing is considered as the entry date.  I define 

entrepreneurs as those individuals who are “founders” of a startup firm.  I compare firms that were 

founded by entrepreneurs who have founded firms multiple times, which I refer to as “serial 

entrepreneurs,” and firms that were founded by first-time founders, which I refer to as “novice 

entrepreneurs.”   

I focus on the semiconductor industry, since it provides a relatively homogeneous group of 

early-stage firms with some useful properties.  First, the semiconductor industry is a capital-

intensive industry because of the cost of EDA tools, chip designers, and contract manufacturing, 

and so usually requires capital from VCs before market entry.  Therefore, VC-financed firms well 

represent new firms created in the industry.  Second, few entrepreneurs have founded more than two 

semiconductor firms during their lifetimes in this industry during the period of consideration.  This 

is, most likely, because the fabless model that facilitates entry by new firms was not practical until 

the late 1980s, and so serial entrepreneurs are usually in their second venture during this period, 

which makes the comparison with novice entrepreneurs more straightforward.  Third, since the 

survival probability of firms varies across industrial sectors (Audretsch 1991), focusing only on the 

semiconductor industry eliminates heterogeneity across industries.  In addition, I limit the time 

period to 1995-1999 in order to have a fairly constant macro-economic environment and also to 

allow at least eight years of observing firm performance as of 2007.  

Analysis of U.S. VC-financed semiconductor firms that entered the market during 1995-

1999 does not show evidence of selection of highly-capable serial entrepreneurs and indicates that 

the hazard rate of firms founded by serial entrepreneurs is substantially lower than firms founded by 
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novice entrepreneurs.  I also find that prior firm-founding experience helps entrepreneurs acquire 

skills that are conducive to the survival of early-stage firms, but not necessarily conducive to the 

financial success of a venture.  In addition, I find that the mentoring role of VCs helps the portfolio 

company survive through the early stages of a venture, but this does not necessarily translate into a 

higher rate of return on investment.   

 The outline of the paper is as follows.  Section 2 reviews the related literature based on 

which testable hypotheses are formulated.  Section 3 describes the dataset used in this study.  

Section 4 and 5 presents the survival analysis and financial analysis, respectively.  Section 6 

concludes. 

 

2  Theoretical Background and Hypotheses  
 What distinguishes serial entrepreneurs from novice entrepreneurs is that they have prior 

experience in “founding” firms.  Regardless of the prior venture outcome, a firm-founding 

experience gives serial entrepreneurs the opportunity of developing human capital through 

“learning-by-doing,” and the opportunity to build social capital by interacting with a variety of 

different people such as suppliers, financiers, lawyers, accountants and the like.  Furthermore, serial 

entrepreneurs in previously VC-backed startup firms will have further enhanced their human capital 

and social capital through the interaction with VCs compared to serial entrepreneurs who do not 

have such prior experience.  In addition, startup firms funded by VCs with better mentoring ability 

should have better performance that is manifested in lower hazard rates and a higher annualized rate 

of return on investments.   

 This study is an analysis of VC-financed semiconductor firms founded by novice 

entrepreneurs or serial entrepreneurs, depending on the founder’s firm-founding experience.  Serial 

entrepreneurs can further be divided into two groups depending on their external financing 

experience.  There are serial entrepreneurs who were previously funded by VCs and those who were 

not.  When there are multiple founders for a given startup company, I assume that a startup firm can 

be characterized by its most experienced founder and be categorized into one of the following 

groups subsequent to market entry. 

  

Group NE: Firms founded by novice entrepreneurs. 

Group SEnVC: Firms founded by serial entrepreneurs without prior VC-financing experience. 
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Group SEVC: Firms founded by serial entrepreneurs with prior VC-financing experience. 

 

 In essence, Group NE is the benchmark to make any comparison.  Firms in Group SEnVC 

represent a group of firms founded by serial entrepreneurs who only have prior firm-founding 

experience.  Firms in Group SEVC represent a group of firms founded by serial entrepreneurs who 

have both prior i) firm-founding experience and ii) VC-financing experience.  When we compare 

Group SEnVC and Group NE, we will be able to analyze the effect of prior firm-founding 

experience, controlling for all observable factors.  When we compare Group SEVC and Group 

SEnVC, we will be able to analyze the effect of VC-financing experience, controlling for all 

observable factors.   

 Statistically, I measure firm performance as a function of the founder’s prior experience and 

VC’s ability to add value to the portfolio company, controlling for all observables.  VCs have two 

main roles: i) sorting deals and ii) mentoring portfolio companies.  These two abilities vary by VCs 

and may vary over time.  Let the performance of a startup firm i funded by VC firm j in year t be 

given by:  

   , ,   

 

where  , ,  represents the type of the portfolio company and  is the error 

term that represents luck in entrepreneurship.   and  represent VC firm j’s 

sorting ability and mentoring ability, respectively.  As mentioned earlier, we can view an observed 

matching between startup firm i and VC firm j as a two-sided matching model.  Once there is a 

match between a startup firm and a VC firm, I assume the distribution of unobserved heterogeneity 

among startup firms is no different among groups. 1  For those that find this somewhat 

counterintuitive, it may be easier to think about a college applicant trying to get in to a prestigious 

school.  The decision to re-apply and do it again may tell you some characteristics about the 

applicant, which may be systematically different from the rest of the applicant pool.  But once the 

student is in the college, those characteristics are indistinguishable among the accepted students.   

 Using this framework, I derive testable hypotheses.  

                                                 
1 This assumption will be tested and confirmed in my regression analyses. 



6 
 

 First, let us consider the learning-by-doing by entrepreneurs from prior firm-founding 

experience.  Jovanovic (1982) stresses that there is passive learning by a firm about its own ability 

and efficiency after it enters the market.  However, I also incorporate the view suggested by 

Audretsch, Meijaard and Stam (2005) that there is also active learning by entrepreneurs.  According 

to Audretsch et al., an entrepreneur can utilize his capacity to absorb and learn from the initial 

entrepreneurial experience, thereby augmenting his initial endowment of entrepreneurial skills.  

This would suggest that there are two types of learning gained from entrepreneurship – both passive 

learning and active learning in that the entrepreneur learns about starting and running a business.  

Specifically, firm-founding experience provides information about two activities, among others: i) 

opportunity recognition, and ii) management.  Ucbasaran, Westhead, and Wright (2008) find that 

serial entrepreneurs identify more business opportunities than novice entrepreneurs and conclude 

that serial entrepreneurs are more effective in translating information into opportunities.  Brüderl, 

Preisendörfer and Ziegler (1992) point out that entrepreneurship is a kind of “trial-and-error” 

process and provides tacit knowledge of organizing routines and leadership skills, which can be 

transferred to the new venture.  Thus, firm-founding experience provides a particular type of human 

capital that cannot be acquired easily through other means.  Previous studies find human capital, 

where human capital is defined to include various measurements of education and experience of 

firm members, to be a good predictor of firm survival (Bates 1990, Mata and Portugal 2002, Cooper, 

Gimeno-Gascon and Woo 1994, Gimeno, Folta, Cooper, and Woo 1997), and so we would expect 

human capital enhanced by firm-founding experience to have a similar effect on the performance of 

firms in Group SEnVC relative to Group NE.  

Second, prior firm-founding experience helps establish social connections, which increases 

the entrepreneur’s stock of social capital2.  For the purpose of this study, I adopt the definition of 

social capital used in Glaeser, Laibson, and Sacerdote (2002): “a person’s social characteristics – 

including social skills, charisma, and the size of his Rolodex – which enables him to reap market 

and non-market returns from interactions with others.”  Social connections are an important 

lubricant for economic activity (Arrow 1974), and can be an important resource in recruiting 

talented executive officers and technical staff and can facilitate the formation of a new venture.  

Thus, founders’ social capital may help the startup firm acquire financial resources and talent.  

                                                 
2 Adler and Kwon (2002) provide a good review of the social capital literature and different concepts of social 
capital used in different academic disciplines.  
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Social connections with customers and suppliers from the previous venture may also provide an 

advantage when starting a new firm.  Thus, I propose the following hypotheses. 

 

Hypothesis 1: Firms founded by serial entrepreneurs without VC-financing experience (Group 

SEnVC) will have a lower hazard rate than firms founded by novice entrepreneurs (Group NE). 

 

Hypothesis 2: Firms founded by serial entrepreneurs without VC-financing experience (Group 

SEnVC) will have a higher annualized rate of return on investment than firms founded by novice 

entrepreneurs (Group NE). 

 

Now, let us consider the role of VCs in enhancing human capital and social capital of 

entrepreneurs from prior VC-financing experience in addition to prior firm-founding experience.  

VCs can be an important source of providing social capital to entrepreneurs and also VCs can 

directly enhance entrepreneur’s human capital through advice and discussion.  This is a value-

adding role of VCs that contributes to the performance of portfolio companies.  A higher social 

capital results if VCs provide direct social connections, such as filling in key positions in the firm 

and making introductions to key suppliers and potential customers.  VCs also may make 

introductions to other VCs that have the expertise to make a contribution to the portfolio company, 

usually forming a VC syndicate.  A higher human capital results because VCs constantly interact 

with the founders, usually sit on the board, provide advice on their business plans, formulate 

strategies, and guide them on how to grow their business (Sahlman 1990, Lerner 1995, Hellmann 

and Puri 2002).  During this interaction, both passive and active learning by entrepreneurs are 

accelerated.  This idea is echoed by Coleman (1988), who stresses that social capital has an 

important effect on the creation of human capital.  In fact, Hsu (2004) empirically evaluates the 

value-added roles of reputable VCs by analyzing a unique sample of entrepreneurial start-ups with 

multiple financing offers and finds that offers made by VCs with a high reputation are three times 

more likely to be accepted, and high-reputation VCs acquire start-up equity at a 10–14% discount.  

This would suggest that entrepreneurs actually pay to work with VCs with higher reputation, which 

in turn depends on their experience, information network, and direct assistance to the portfolio firms.  

Early field research by Gorman and Sahlman (1989) and Sahlman (1990) suggest that the value of 

VCs lies in providing not only money but also these ancillary services thereby “professionalizing” 

companies.  Shane and Stuart (2002) focus on the role of founders’ social capital as a determinant 
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of new venture performance, such as the probability of receiving VC funding, the likelihood of an 

IPO, and failure.  They find that founders having direct and indirect relationships with VCs are 

more likely to receive venture funding and are less likely to fail.  Serial entrepreneurs that have 

prior VC-financing experience will have further increased both human capital and social capital 

compared to serial entrepreneurs that never had VC-financing experience prior to their ongoing 

venture (which is VC-financed for the first time, of course).  In this study, I use prior VC-financing 

experience as a proxy for VC-added social and human capital.  Therefore, serial entrepreneurs with 

prior VC-financing experience are expected to outperform novice entrepreneurs as well as other 

serial entrepreneurs that never had a VC-financing experience.  Thus, I propose the following 

hypotheses. 

 

Hypothesis 3: Firms founded by serial entrepreneurs with prior VC-financing experience (Group 

SEVC) have a lower hazard rate than firms founded by serial entrepreneurs without prior VC-

financing experience (Group SEnVC). 

  

Hypothesis 4: Firms founded by serial entrepreneurs with prior VC-financing experience (Group 

SEVC) have a higher annualized rate of return on investment than firms founded by serial 

entrepreneurs without prior VC-financing experience (Group SEnVC). 

 

 Note that some evidence indicates that the opposite of the hypothesized relationship might 

hold.  Studies by Hsu (2007) and Zhang (2007) find that social connections with VCs give 

experienced founders some advantage in the process of raising venture capital, such as acquiring 

VC financing more quickly with higher valuation.  This can mean that serial entrepreneurs with 

prior VC-financing experience know how to get VC-financing better than their less experienced 

counterparts, and may be getting it with less scrutiny owing to their relationship with VCs.  

Alternatively, the level of scrutiny by VCs may be the same but serial entrepreneurs with VC-

financing experience might know how to pitch their ideas more effectively to VCs than their less 

experienced counterparts.  In any case, this may create a moral hazard problem ex post investment, 

and serial entrepreneurs who were never VC-financed could outperform serial entrepreneurs who 

had prior VC-financing experience.   

 As mentioned above, VC firms can contribute to entrepreneurship by sorting deals and 

mentoring portfolio companies in addition to providing financial resources.  For the purpose of this 
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study, I assume the value-adding role of VCs can be characterized by the portfolio company’s first 

round VC investor or the lead VC investor when there is syndication3.  I focus on the lead VC 

investor of the first round, because the lead VC usually plays an active role in monitoring and 

mentoring the portfolio company.  The lead VC firm also selectively invites other VC firms to form 

syndicates, which is part of the active role a lead investor plays (Bygrave 1987).  Prior literature 

(Casamatta and Haritchabalet 2003, Cestone, Lerner and White 2006, and Lerner 1994) provides 

theoretical analyses about the motivations of VCs to form syndicates4.  They imply that a “second 

opinion” on deal selection is the main driving force for rationalizing VC syndicates and argue that a 

lead VC firm balances the benefit of a more accurate evaluation of the project (Sah and Stiglitz, 

1986) with the cost of potential competition by the syndicate partners.  Using surveys of VC firms 

and examination of syndication documents, Wright and Lockett (2003) find that lead investors 

typically have larger equity stakes than non-lead VC investors and lead VC investors’ residual 

powers are important in ensuring timely decision-making.  The lead VC firm also typically sets the 

terms and conditions when funding a portfolio company, and these terms may have a persistent 

effect that is hard to change.  The following statement of one VC firm conveys this idea.   

 

“Lead investing allows Union Square Ventures to establish the capital and governance structures 

for our portfolio companies. Once these are set, they are hard to change. And every firm has a 

preferred way to approach governance and capital structures. So the best way to get them the way 

you want them is to be there when they are set up. That means leading the first venture capital 

round.”  

- Union Square Ventures –5 

 

 Hence, I focus on the lead VC investor when identifying the sorting and mentoring abilities 

of VCs for a given investment.  If the mentoring ability of VCs varies, then we would expect to 

observe the effect of VC's mentoring ability across startups in a given population of startups funded 

by different VCs, all else constant.  This effect should manifest in lower hazard rate and higher 

annualized rate of return on investment of the firm.  Therefore, I pose the following hypotheses.   

                                                 
3 As in Barry, Muscarella, Peavy, and Vetsuypens (1990), Gompers (1995), and Megginson and Weiss (1991), 
I define a lead investor as the VC firm with most equity stakes and with a seat on the board.   
4 Admati and Pfleiderer (1994) and Brander, Amit, and Antweiler (2002) test alternative theories for the 
syndication of VC investments. 
5 http://www.unionsquareventures.com/2006/10/lead_investor.html (last accessed October 6, 2008) 
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Hypothesis 5: Better mentoring ability by VCs lowers the hazard rate. 

 

Hypothesis 6: Better mentoring ability by VCs increases the annualized rate of return on investment. 

 

 As in Sørensen (2007), assuming that VC firms with better sorting ability are matched with 

startup firms with better traits that matter for firm performance, the variation in sorting ability is 

equivalent to the variation in unobserved firm heterogeneity (unobservable to the researcher).  Here, 

the assumption is that VC firms observe factors that would matter for firm performance before 

making an investment decision, which includes factors unobservable to the researcher.  Hence, if 

the sorting ability of VCs varies, then we would expect to observe the effect of firm heterogeneity 

across startups in a given population of startups funded by different VCs, all else constant.  By 

doing so, the potential endogeneity problem can be controlled for.  Therefore, measuring the sorting 

ability of VCs is econometrically important and requires exploiting the characteristics of VC 

syndication.  The specific construction of these variables will be discussed in Section 4. 

 

3 Data  
 This study will draw its sample from Dow Jones VentureSource database (previously called 

VentureOne).  VentureSource was established in 1987 and tracks firms that have received VC 

financing.  The unit of analysis for this study is the firm.  Other studies (Gompers and Lerner 2004, 

and Kaplan, Sensoy, and Strömberg 2002) have investigated the completeness of the dataset and 

have found VentureSource to be very reliable in the sense that it represents actual investments.  The 

firms are initially identified from a wide variety of sources, including trade publications, company 

websites, and personal contacts with investors.  VentureSource then surveys the firms and investors, 

and updates and verifies the data monthly.  Variables include the names and previous employers of 

the company executives, date joining the firm, industry sector, business strategy, names of investors 

and some limited financial information about the new venture (Gompers and Lerner 2004). 

 I construct my own dataset by augmenting the information from VentureSource with other 

web-based information (described below).  My dataset includes U.S. VC-financed semiconductor 

firms in VentureSource database that received their first VC-financing between 1995 and 1999.  

These firms can be considered as new firms that entered the market during this time period.  I 
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restrict my dataset to include only those firms that secured their first round of VC-financing during 

this period in order to allow sufficient time to observe the performance of portfolio companies, 

while also excluding the period when there was an economic downturn in the early 2000. 

 The variables in my dataset include company name, founding date, founder name(s), 

founder’s background, lead VC investor, financing history by date, current business status, and 

basic information about the lead investor.  I identify entrepreneurs as those individuals who are 

reported as the “founders” of the startup firm in VentureSource or, when this was not explicitly 

stated, as the executive (current or former board member) who joined the firm at the same time as 

(or prior to) the founding date.  Then, if an entrepreneur’s background includes being a founder of 

another firm, that entrepreneur is considered a serial entrepreneur.  I check various websites (e.g. 

BoardEx, ZoomInfo, LinkSV), company websites and business articles, to confirm whether these 

executives indeed have prior firm-founding experience.  In most cases, the information in 

VentureSource was reliable but I was also able to identify some founders with firm-founding 

experience through my own research of the startup firm.  When there were multiple founders, I 

regard a firm being founded by a serial entrepreneur if any of the founders were serial entrepreneurs.  

If none of the founders were serial entrepreneurs, the startup company is regarded as a firm founded 

by a novice entrepreneur.   

 I then identify which VC firm funded the new startup company in its first round of 

financing.  If there was a syndication of VC firms in the first round, I focus on the lead VC investor 

(identified from VentureSource) of the first round, as described above.  When the lead VC investor 

was not explicitly identifiable from VentureSource, I assume the lead investor is the VC firm that 

committed the greatest amount of capital within the syndication or participated in the greatest 

number of rounds and has a seat on the board.  This was cross-checked with VentureXpert database, 

which is a database similar to VentureSource provided by Thomson Venture Economics.  The 

comparison between Venturesource and VentureXpert is well documented in Kaplan, Sensoy, and 

Strömberg (2002), but the key for this study is that VentureSource has data on founders’ 

background and indicates the lead VC firm while VentureXpert had more data on the financing 

rounds and investment amount to construct my dataset. 

 In order to construct my key variables that measure the variation in sorting ability and 

mentoring ability of VCs, I focus on the lead VC investor for each portfolio company and track all 

deals the VC firm invested in prior to funding the current portfolio company in question.  Then, by 

looking into the portfolio of the VC investor, I distinguish between deals where the VC was a lead 
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investor and a non-lead investor in the past.  I do this for each VC firm funding a portfolio company, 

which requires documenting 14,032 deals.  The outcome (e.g. IPO, Acquisition, and Bankruptcy) of 

each deal is used to determine the performance of VCs in each category (lead and non-lead).  The 

actual construction of the variables that measure sorting and mentoring ability of VCs will be 

derived in Section 4.2 as part of the discussion of the role of VCs. 

 For the survival analysis of venture firms, the firm’s entry date and exit date are needed.  As 

mentioned earlier, entry is defined as the date a startup firm acquired its first round of funding from 

a VC.  Exit is defined as the date a startup firm no longer exists as an independent entity in the 

market6.  This is identified by the date a startup firm is recorded as “Out of Business” or “Acquired 

or Merged” by the VentureSource database.  I also verify whether those firms that are public and are 

no longer tracked by VentureSource are still in operation by looking up the listings of public firms.  

A small number of these firms were acquired shortly after it going public.  In these cases, I record 

the acquisition date from the U.S. SEC (Securities and Exchange Commission) filings as the firm’s 

exit date.   

 For the financial analysis of venture firms, I use the same dataset used for the firm survival 

analysis with additional financial data (most importantly, the valuation of the portfolio company) 

acquired from VentureSource, VentureXpert and Sand Hill Econometrics.  Sand Hill Econometrics 

was founded in 2001 and creates metrics for evaluating venture capital performance using 

proprietary data on VC-backed portfolio companies.  VentureSource records the amount of 

financing each portfolio company received in each financing round with the financing date.  It also 

records the valuation of the portfolio company upon going public or upon being acquired or merged. 

This information was cross-checked with the information in VentureXpert in order to ensure 

accuracy of the financial information as well as filling in missing data from VentureSource.  In 

cases where this information was missing for acquired firms (even after cross-checking with 

VentureXpert), I looked up the SEC filings of the portfolio company and hand-collected the 

information.  Then, I compared my dataset with the data that Sand Hill Econometrics holds to check 

whether there are any discrepancies in the data.  In most cases, there were no discrepancies, but 

some data points were corrected by Sand Hill Econometrics. After checking with Sand Hill 

Econometrics, I was confident about the valuation data in my dataset. 

                                                 
6 Alternatively, we can consider only those firms that go out of business as an exit and consider all acquired 
firms as still existing, in the sense that the human capital and the intellectual capital of the acquired firm is 
still existing.  This analysis is done as a robustness check, and the results are qualitatively similar.   
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4 Survival Analysis of Portfolio Companies 
 Table 1 shows the number of firms surviving by firm age up to 90 months.  After 90 months, 

the survival time is right-censored7.  Figure 1 is a graphical representation of Table 1.  The first row 

of Table 1 shows that 38.1% of all firms in the sample survived at least 90 months (7.5 years).  

Similarly, Group SEVC had a survival rate of 56%, Group SEnVC had a survival rate of 81.5%, and 

Group NE had a survival rate of 25.6% for the same period.  This suggests that there is a distinctive 

survival pattern among groups: firms founded by serial entrepreneurs without prior VC-financing 

tended to survive longer than firms founded by serial entrepreneurs with prior VC-financing, which 

survived longer than firms founded by novice entrepreneurs.  Graphical representations of the 

estimated hazard rate for the entire sample and by group are shown in Figure 2a and 2b, 

respectively.  They show that the hazard rate of Group NE peaks before Group SEVC and Group 

SEnVC.  The hazard rate of Group NE is also greater than the other two groups for the entire 

analysis time, which is measured in months.  Interestingly, the hazard rate of Group SEVC peaks 

before Group SEnVC and is greater than that of Group SEnVC. 

 Although Table 1 suggests that firms founded by serial entrepreneurs perform better as 

measured by the survival rate, the reasons for this relationship are not known.  Three possible 

explanations are i) selection of highly-capable serial entrepreneurs into serial entrepreneurship, ii) 

serial entrepreneurs’ prior firm-founding experience, and iii) the role of VCs.  I explore each of 

these in the following subsections. 

 

4. 1  Selection and Serial Entrepreneurship 
 In order to investigate whether firm-founding experience has any effect on subsequent 

venture performance, I first explore whether serial entrepreneurs are a selected group of highly-

capable entrepreneurs compared to novice entrepreneurs.  If serial entrepreneurs perform better 

because they are a selected group of highly-capable entrepreneurs compared to novice entrepreneurs 

and if this is not taken into account when estimating the effect of prior firm-founding experience, 

then the effect of prior experience is biased upward.  Therefore, it is important to take this into 

account and test whether this is the case. 

                                                 
7 Hereafter, I use the word censoring to refer right-censoring, since there is only right-censoring in this study. 
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 I propose two ways to take this into account.  The first method is to investigate the venture 

outcome of serial entrepreneurs’ 1st venture and the novice entrepreneurs’ venture outcome in the 

sample, and see whether the distribution of outcomes is statistically different.  In this section, I 

show some evidence that selection of highly-capable serial entrepreneurs may not be a concern.  

 The second method, and a more formal way to explore this, is to measure the unobserved 

firm heterogeneity and test it in a regression framework.  But how do we measure something that is 

unobserved to the researcher?  This requires an indirect measurement of how well VCs observe the 

unobserved (to the researcher) factors that matter for firm performance, which will be discussed in 

the next section (Section 4.2).   

  All firms are privately-held when they first enter the market and then eventually undergo 

one of three mutually exclusive liquidity events that define the outcome of a venture: IPO, 

Acquired/Merged, or Out of Business.  Arguably, an “IPO” brings the greatest financial success to 

the founders, and then “Acquired/Merged,” and, lastly, “Out of Business”, which is a failure.  When 

tracking the serial entrepreneurs’ 1st venture outcome, I am able to identify the outcome distribution 

only if it is VC-backed.  Non-VC-backed firms are mostly privately-held technology service firms, 

which do not need to raise large amounts of capital.  Because these firms are not VC-backed, they 

are not obligated to liquidate their investment if they fold the company.  I assume the ability 

distribution for the serial entrepreneurs who previously founded non-VC-backed firms are not 

statistically different from that of novice entrepreneurs for now, and below I test the validity of this 

assumption.  

 Here I compare the outcomes for serial entrepreneurs with prior VC-funding to novice 

entrepreneurs (see Table 2).  Assuming the probability of each outcome is constant over time for the 

period of study, we can test whether the two distributions are statistically different.  Using a Chi-

square test, we cannot reject the null hypothesis that the two groups have an identical distribution 

(p-value = 0.67)8.  Even though the sample size is relatively small, the p-value of 0.67 indicates a 

relatively strong rejection of the null hypothesis by any conventional level of statistical significance 

(0.001, 0.005, or 0.1).  This would suggest that, at least, serial entrepreneurs in Group SEVC are not 

a selected group of highly-capable entrepreneurs compared to Group NE, and selection is not the 

main driving force of the pattern showed in Table 1.  Hence, the difference in Table 1 between 

                                                 
8 There was 1 firm (3.8%) from a serial entrepreneur’s 1st venture that did not have an outcome yet – i.e. still a 
“privately-held” company.  There were 15 firms (11.63%) from the novice entrepreneurs’ firm that did not 
have an outcome as of October 2007. 



15 
 

firms founded by serial entrepreneurs and firms founded by novice entrepreneurs should be coming 

from the difference in firm-founding experience, controlling for all other observables including the 

role of VCs. 

 Table 3 shows the sequence of venture outcomes of the 26 serial entrepreneurs, which 

includes the serial entrepreneur that did not go through a liquidity event in the 1st venture.  The 

number in parentheses indicates the frequency.  For example, in the first row of the second column, 

there were 4 serial entrepreneurs that made their second venture go public, and among these 4 serial 

entrepreneurs, 2 of them experienced Bankruptcy, 1 of them experienced Acquisition, and another 1 

of them experienced an IPO in their first ventures.  Not surprisingly, the majority of serial 

entrepreneurs had an outcome at least as good as their 1st ventures.  Among the 18 firms that had an 

outcome in their later ventures, including the 2 serial entrepreneurs that were in their 3rd venture 

(bottom row), only 2 serial entrepreneurs (11.1%) did no better than their 1st venture outcome 

(marked as “*” in Table 3).  This also suggests that prior entrepreneurial experience improves the 

performance of an entrepreneur, given ability.   

 The outcome of an entrepreneur’s 1st venture might have been an important factor when 

making a decision to become a serial entrepreneur.  Based on this observable outcome, we showed 

that there is no statistical difference between serial entrepreneurs and novice entrepreneurs.  

However, other unobservable characteristics may affect the decision to become a serial entrepreneur 

and may affect subsequent firm performance.  If we could directly observe the individual 

characteristics that matter, then we would be able to use the standard technique for correcting this 

kind of selection bias (Heckman, 1979).  Unfortunately, we cannot use Heckman’s two-step 

estimation procedure here because the VentureSource founder data provide no information about an 

entrepreneur’s individual characteristics (nor VentureXpert).  The educational backgrounds of 

founders of VC-backed semiconductor startup firms might not be useful, since arguably their 

education does not display much variation.  They all have college degrees or advanced degrees.  So, 

the educational level is fairly homogeneous.   

 Self-selection into serial entrepreneurship is one thing, but being selected by a VC firm is 

another.  VCs select the startup firms that they believe will generate the highest return according to 

their own selection criteria.  They perform due diligence prior to selecting a deal, which provides 

the opportunity to observe the factors that the VCs think matter in predicting firm performance.  

Hence, dealing with this possible omitted variable bias can be resolved if we measure the sorting 

ability of VCs.  This is discussed next. 
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4. 2  Accounting for the Role of VCs  
 Even if the pattern observed in Table 1 is not driven by selection of highly-capable serial 

entrepreneurs, there is still a concern that this may be a result of the role of VCs rather than the 

effect of “firm-founding experience,” per se.  VCs have two main roles that may be the driving 

force for the pattern observed in Table 1 – VCs conduct both ex ante deal sorting and ex post 

investment monitoring and mentoring.  These two abilities will vary across VC firms.  In order to 

address this issue, I construct a measure of VC ability that distinguishes these two components.   

 As discussed in Section 3, typically a lead VC plays a more active role than non-lead VCs if 

a syndicate is formed.  This active role includes the decision to form a syndicate and selecting the 

syndicate partners.  The syndicate partner would conduct its own due diligence on the potential 

portfolio company before deciding to fund it.  Using surveys of VC firms that had acted both as lead 

and non-lead investors, Wright and Lockett (2003) document that lead investors were more likely to 

be represented on the board, more hands-on in their monitoring and more likely to have more 

frequent formal and informal contact with portfolio company management than a non-lead investor.  

From a VC firm’s perspective, managerial talent and time is a scarce resource (Freeman 1999, Kuan 

2005).  By analyzing VCs’ actual investments, Kaplan and Strömberg (2004) find that time 

commitment is a common concern for VCs when evaluating potential investments.  Therefore, the 

lead VC arrangement allows other VCs to invest in start-ups that they cannot actively manage 

(Kuan 2005) and provides a means for portfolio diversification.   

 By looking into the portfolio of the VC investor in question, I distinguish between deals 

where the VC was a lead investor and a non-lead investor.  By investigating all previous deals 

(14,032 deals) of VCs as mentioned in Section 3, I construct two variables: Sorting and Mentoring.  

These two variables are like indices that rank the VCs from best to worst in terms of their sorting 

and mentoring abilities and are constructed in the following manner.   

 Let N be the total number of deals a given VC firm was involved in prior to investing in the 

current portfolio company.  Let N1 be the total number of deals that were non-lead investments, and 

N2 be total number of deals that were lead investments.  Hence, N = N1 + N2.  Let n1 be the number 

of portfolio companies that went public among the N1 non-lead investments and let n2 be the 

number of portfolio companies that went public among the N2 lead investments.  Then, ⁄  (i =1, 
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2) is the success rate when the VC was involved in non-lead and lead investments, respectively9.  

As in previous studies (Gompers Kovner, Lerner, and Scharfstein (2006), Hochberg, Ljungqvist, 

and Lu 2007, Sørensen 2007), the assumption is that a portfolio company going public can be 

viewed as a success from the VC investors’ perspective, and these success rates will represent how 

well the VCs perform due diligence and sorting, and how well the VCs perform in mentoring the 

portfolio company to grow, respectively.  Of course, Mentoring will to some extent include a VC’s 

ability to sort deals, which is part of the role of lead VC investors.  However, with the lack of other 

methods to rely on from prior literature, I argue that at least Sorting is the part that teases out the 

variation in sorting ability from the mentoring ability of VCs. 

The construction of Sorting and Mentoring does not end here, however.  We need to 

consider the experience a VC firm had in past deals regardless of the success rate because there 

were many young VC firms with very little experience in terms of the number of deals that were 

undertaken for the period of study.  For example, it would not be fair to say that a VC firm with 

IPOs in 3 out of 10 deals is better than a VC firm that had 29 IPOs out of 100 deals; the VC with 

100 deals would have learned more about sorting and mentoring their portfolio companies.  In order 

to take the experience into account I use logN as a measure of VC experience in order to reflect 

diminishing marginal returns to experience, which is standard in the literature (Gompers 1996, 

Gompers Kovner, Lerner, and Scharfstein 2006, Hochberg, Ljungqvist, and Lu 2007).  The indices, 

Sorting and Mentoring, are constructed to reflect both the success rate and the experience of VCs by 

interacting the two terms to form a single index in the following manner: 

 

Sorting = N logN  and  Mentoring = N logN 

  

 Table 4 shows the list of top 10 VCs according to Mentoring and Sorting, respectively.  The 

list corresponds to a list of VCs that many industry leaders regard as reputable VCs.  Figure 4 shows 

the graphical relationship between Sorting and Mentoring.  The correlation between these two 

variables is 0.6617.  This means that VCs that are better at sorting deals are by and large better at 

adding value by mentoring the portfolio companies.  In some cases, VCs are better in one aspect but 

not the other.  

                                                 
9 The analysis is qualitatively similar when acquired firms are included in ni to determine the success rate.  
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 Sorting reflects the variation in due diligence ability, or equivalently ex ante deal screening 

ability, of VC firms.  This includes the VC’s evaluation of the unobservable characteristics of the 

startup firm and founders that could matter for firm performance.  Ideally, these are the factors the 

researcher would want to observe.  By using this measure in a regression framework, it will be 

possible to test formally whether firm heterogeneity is systematically different by groups and check 

if selection of highly-capable serial entrepreneurs is in effect, which was discussed in Section 4.1.  

 Mentoring reflects the variation in ex post monitoring and mentoring ability, in addition to 

the variation in deal screening ability.  The higher the Mentoring, the better the VC is in its 

mentoring role as a VC firm.  Inclusion of this variable separate from Sorting in our regression 

analysis allows us to estimate the relative effect of sorting ability and mentoring ability of VCs on 

portfolio company performance. 

 Table 5a shows summary statistics of these variables by group, and Table 5b shows the 

result of a standard T-test in comparing the means of the groups in Table 5a.  It appears that firms in 

Group SEVC are matched with VCs with better mentoring ability, which could partly explain why 

these firms perform better in terms of survival rates.  Therefore, both sorting ability and mentoring 

ability will be taken into account in the regression analysis. 

 

4. 3  Empirical Model  
I use a Cox proportional hazard model (Cox, 1972) to test my hypotheses.  Let T denote the 

time from entry to an exit measured in months.  Its cumulative distribution function is 

 and its survival function is  1 – .  The density function is 

obtained from :   1   

 

The hazard rate or the hazard of exit is the instantaneous rate of failure, defined as follows: 

 |  ∆ ∆ | ,∆  

 

where  is a vector of explanatory variables.  I model this hazard function as a function of the 

baseline hazard  at time t, and the effects of observed covariates X, 
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           (1) 

 

I obtain a partial maximum likelihood estimator for β that does not require estimating .  
Equation (1) can be rewritten as the following with the variables constructed and by taking logs on 

both sides of equation (1): 

 log log · ·  · ·     (2) 

 

 is a dummy equal to 1 if the firm is in Group SEVC, 0 otherwise; and  is another 

dummy equal to 1 if the firm is in Group SEnVC, 0 otherwise; Mentoring is the ex post value-added 

by the VC; and Sorting is the ex ante sorting ability discussed in the previous section.  measures 

the semi-elasticity of the hazard rate with respect to . 

 A vector of control variables φ include year effects to control for the macroeconomic 

environment when the portfolio company started operation and company stage variables that reflect 

at which stage the portfolio was in when it received its first VC financing.  These company stage 

variables are recorded by VentureSource database as Startup, Product Development, Product in 

Beta Test, Shipping Product, and Profitable.   

Differentiating (2) with respect to Sorting, we get , so I test 

whether 0 and whether 0.  If 0 ( 0) and is statistically different from 0, then 

we will be able to see whether Group SEVC (Group SEnVC) is a selection of firms founded by 

highly-capable entrepreneurs relative to Group NE.   

 

4. 4 Results 
 Table 6 shows the regression results.  All reported coefficients are the hazard ratios.  Hence, 

if the reported coefficient is greater than 1, then an increase in the relevant variable increases the 

hazard rate, and if it is less than 1, then an increase in the relevant variable decreases the hazard rate.  

In Specifications (1)-(4), we find that Group SEVC and Group SEnVC substantially reduce the 

hazard rate, which is statistically significant.  This implies that being in Group SEVC or Group 

SEnVC substantially reduces the probability of exit relative to Group NE, which is the group of 
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firms founded by novice entrepreneurs.  In specification (2), Mentoring is excluded to see if the 

result in Specification (1) is driven by multicollinearity, the highly-positive correlation between 

Sorting and Mentoring.  It appears that this is not the case.  

In Specification (3), the interaction terms are added to test whether there is selection of 

highly-capable serial entrepreneurs, and do not indicate evidence of this type of selection.  Here we 

only observe the realization of a match between VCs and entrepreneurs, so when we compare the 

characteristic of serial entrepreneurs that are VC-financed with that of other novice entrepreneurs 

that are VC-financed, we may see no difference, as opposed to when we compare the characteristic 

of serial entrepreneurs with that of other novice entrepreneurs more generally.  It seems that this is 

what we are observing here.  In Specification (4), interaction terms between groups and Mentoring 

is added to the model to test whether the mentoring by VCs is systematically different among 

groups.  It appears that this is not the case. 

As a robustness check, Specifications (5) and (6) repeat the analysis with acquired firms 

treated as still existing in the market (i.e. no exit) in the sense the human capital and intellectual 

capital is in continuation.  This leaves only firms that went out of business as a failure in the hazard 

model.  Because the number of firms that went out of business is relatively small, I combine Group 

SEVC and SEnVC in order to get sufficient number of failures within this sample.  The analysis 

shows, once again, that prior experience of founders substantially reduces the probability of exit, 

but the statistical significance in the role of VCs is lost, presumably because the number of failures 

is too small by this definition. 

We also find that the role of VCs is statistically significant in specifications (1)-(4).  VCs 

mentoring ability is found to reduce the hazard rate by more than 40%.  The fact that mentoring 

ability has a great impact on firm survival might shed light on why VC firms actively become 

involved with their portfolio companies ex post investment which justifies why entrepreneurs pay to 

be backed by more reputable VCs as was found in Hsu (2007).    

Interestingly, portfolio companies that are matched with VCs with better Sorting ability 

increases the hazard rate in specifications (1)-(4), but not in Specifications (5) and (6).  This might 

indicate that better firms are exiting earlier through acquisition.  In the next section, we will look 

into this more carefully by analyzing the financial performance of these early stage firms.  

 Overall, Hypotheses 1 and 5 are supported by the statistical analyses from the Cox 

proportional hazard model.  However, while Specification (3) supports Hypothesis 3, Specifications 

(1), (2), and (4) do not.  The evidence is mixed and makes it hard to make any strong conclusions 
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regarding Hypothesis 3.  The reasons for this are not obvious, and the results may point to a need 

for a richer analysis of firm survival and exit.   

The firm survival analysis shown in this section has important limitations, especially in how 

acquisitions and bankruptcies are treated the same as failures, and how IPOs and private firms are 

treated the same as successes.  For example, if novice entrepreneurs have greater financial success 

via acquisition relative to serial entrepreneurs who keep their firms surviving as a privately-held 

firm, then in a survival analysis, the former appears to be a poor performance relative to the latter.  

This indicates a need for analyzing the quality of exits in terms of financial returns.  Next section 

will address these issues. 

 

5  Financial Analysis of Portfolio Companies 
 While a firm’s longer post-entry survival implies better performance than short-lived firms 

in some cases, there is still a difference in performance among surviving firms and even among 

short-lived firms that the firm survival analysis does not show.  For example, if a firm goes public, 

it is usually considered a big financial success to both VC investors, who liquidate their investment, 

and the founders of the firm.  Privately-held firms, though still surviving in the market, would be 

considered differently from public firms in terms of firm performance in this sense.  Yet, both types 

of firms are treated equivalently when we conduct a firm survival analysis because they both show 

up as surviving firms.  Similarly, firms that go out of business and firms that are acquired are 

treated equivalently because they show up as non-surviving firms in the firm survival analysis, even 

though their performance in terms of financial returns to investors and founders are clearly different.  

In this section, I augment the analysis carried out earlier and present financial performance of 

portfolio companies. 

 

5.1  Methodology 
 Table 7 shows the distribution of outcomes of portfolio firms in the sample.  Valuations on 

all IPOs were publicly available and also available in VentureSource and VentureXpert.  Through 

online web searching, valuations of acquired firms were available for 80 of the 89 portfolio 

companies (i.e., 10% missing values).  In order to construct a financial performance measure of a 

portfolio company, I use annualized rate of return on investments in early stage firms.  Using a net 

present value (NPV) framework, I compute the annualized rate of return in the following manner. 
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 For each portfolio company  , and each financing round j, let be the valuation upon 

liquidation of the investment (i.e., IPO or acquired/merged), Iij be the amount of financial capital 

invested in firm i in round j, Tij be the length of time (in years) from round j to date of exit or 

liquidation, and ri be the annualized rate of return.  Then ri can be computed using the following 

NPV equation, where N is the number of observations in the sample and ni is the total number of 

financing rounds firm i has received. 

 

   ∑ 1 for 1, 2, …   and j 1, 2, … ,   (3) 

 

 I assume all portfolio companies that went out of business have Vi = 0 at the time of exit.  

For privately-held firms, we do not know their value because no transactions, such as an acquisition 

or merger, provide data on the value of the firm.  Privately-held firms in the sample were at least 91 

months old and did not go through any liquidation as of October 2007.  In order to conduct an 

analysis with these privately-held firms, I need to assign a reasonable value in order to compute the 

rate of return on investments.  I construct the valuation of privately-held firms using a linear 

prediction from the sample of firms that excludes “Privately-held” firms; each “Privately-held” firm 

is assigned a value predicted from the estimated equation that assumes similar returns on firms with 

the same characteristics.  This requires regressing V on characteristics such as founders’ background 

(i.e. Group SEVC and Group SEnVC), firm age, investment amount, VC characteristics (Sorting 

and Mentoring) controlling for year effects and company stages.  I use a Tobit model where the 

dependent variable V is bounded below by 0.  Once a linear prediction of  is computed for all 

private firms,  is computed using (3). 

   

5.2  Results 
Table 8a shows distribution of the valuation of portfolio companies by group, Table 8b 

shows the annualized rate of return of portfolio companies by group, and Table 8c shows the 

standard T-test for comparing the means shown in these tables.  It appears that both Group SEVC 

and Group SEnVC outperform Group NE in terms of the dollar value of the portfolio company.  

However, we found that these groups generally live longer than Group NE in our previous analysis, 

so it would be appropriate to compare the annualized rate of return among the groups to make any 

meaningful comparison.  Looking at Table 8b, we find that Group SEVC has a higher mean and 
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median rate of return than Group SEnVC despite having lower valuation on average as shown by 

Table 8a and despite living shorter than Group SEnVC, as observed in the survival analysis.  Hence, 

in terms of financial returns Group SEVC may not be doing as poorly compared to Group SEnVC 

as it first appeared in the survival analysis.   

One immediately notices the high mean rate of return for Group NE, and notice the huge 

discrepancy between the mean and median.  This is because rate of return from firms in the top 

5~10% in the distribution is driving up the mean rate of return.   How can novice entrepreneurs earn 

such a high rate of return (such as 4681% annually)?  This question is beyond the scope of this 

paper and requires further research.  Below, I hope I can shed some light with the rest of my results. 

Table 9a shows the distribution of valuation and annualized rate of return of portfolio 

companies by status, and Table 9b shows the standard T-test for comparing means in Table 9a.  In 

Table 9a, the discrepancy between the mean and median of rate of return is most pronounced for 

acquired firms, as in the case for Group NE in Table 8b.  This suggests that the substantially high 

returns novice entrepreneurs achieve may come in the form of acquisitions. 

Figure 4 plots the valuation of portfolio companies by firm age, and Figure 5 plots 

annualized rate of return on investments of VC-financed firms vs. firm age (with and without the 

outlier)10.  By looking at these figures, we learn that there is a clear time trend in the rate of return.  

The rate of return an early stage firm achieves is substantially high at the outset and sharply declines 

over the lifetime of a firm.  In order to look at the liquidation means for these firms, Figure 6 shows 

the same plot as Figure 5 for the three types of firm status.  It is immediately noticeable that the 

spike in rate of return in the younger firms is mostly coming from early acquisitions.    

Figure 7 shows the same plot as Figure 5 for the three types of founder status.  The small 

sample of firms in Group SEVC that realized a substantially high rate of return for very young firms 

may explain why Group SEVC had a higher hazard rate than Group SEnVC in Specifications (1), 

(2), and (4) in the survival analysis.  These firms did exit early and enjoyed handsome returns as 

well.   

In Figure 6, the youngest firm to go public was 39 months old.  So, in Figure 8a and 8b, I 

show scatter plots of annualized rate of return on investments of VC-financed firms and firm age for 

firms aged less than 39 months (Figure 8a) and for firms aged greater or equal to 39 months (Figure 

8b).  These two segments look quite different in terms of the rate of return achieved by the firms 

and by the liquidation event.  We take this into account in doing a regression analysis. 
                                                 
10 Hereafter, all figures and analyses exclude the outlier shown in Figure 5a. 
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In order to conduct a regression analysis, we use the annualized rate of return as a firm 

performance measure, i.e. dependent variable, and the same explanatory variables that were used in 

the survival analysis with some added variables.  Firm age will be taken into consideration as well 

as the total investment amount in order to control for the total value of the asset.  I use a Tobit 

regression model since the dependent variable is bounded below by -1.  A dummy variable 

Firm_Age39 is equal to 1 if the firm age is below 39 months and 0 otherwise.  Dummy variables 

IPO_dummy equal 1 if a portfolio company liquidates via IPO and ACQ_dummy equal 1 if it 

liquidates via an acquisition and 0 otherwise. 

Table 10 shows the regression results of financial analysis of portfolio companies.  

Specification (1)-(4) are Tobit models for the entire sample and Specification (5) is only for the 

sample of firms that were at least 39 months old.  This subsample is in the area where the rate of 

return looked relatively flat in Figure 5.  In all Specifications (1)-(5), once the time trend of rate of 

return is controlled for (represented by Firm_Age39 and FirmAge, and their interaction term), we 

see that none of the explanatory variables have any statistical significance except for the dummy 

variables representing the liquidation event (IPO_dummy and ACQ_dummy).  This may be a power 

issue from the small sample size, or it may be that the rate of return of early stage firms is too 

idiosyncratic to be predicted by founders’ characteristics or VC characteristics.   

In order to distinguish between these two possibilities I use the same set of explanatory 

variables to predict the probability of a portfolio company going public.  This type of measure is 

used as a firm performance measure in previous literature when financial information of early stage 

firms is missing (Gompers Kovner, Lerner, and Scharfstein 2006, Hochberg, Ljungqvist, and Lu 

2007, Shane and Stuart 2002, Sørensen 2007).  Hence as a robustness check, I replicate the analysis 

with the variables constructed in this study.  Specification (6) is a logit model to predict a portfolio 

company going public.  In this specification, even with a comparable sample size as in the previous 

regressions, founders’ previous firm-founding experience, total investment amount, and VCs 

mentoring ability all increase the likelihood of a portfolio company going public and is statistically 

significant.  This is consistent with prior literature.  Therefore, it is hard to believe that the fact there 

is no statistical significance in all the main explanatory variables in specification (1)-(5) is solely 

driven by the small sample size.  Hence, Hypotheses 2, 4, and 6 are not supported by the data.  

Rather, it appears that, once the time trend of rate of return is controlled for, the rate of return is too 

idiosyncratic to be predicted, but this deserves further investigation.  It is not clear what the time 

trend is representing and why this is occurring. 
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6 Conclusion 
 Prior firm-founding experience helps entrepreneurs acquire skills that are conducive to the 

survival of early stage firms, but not necessarily conducive to the financial success of a venture.  In 

addition, the mentoring that VCs provide are more helpful in making the firm survive through the 

early stages of a venture, or even making it go public, but this does not necessarily translate into a 

higher rate of return on investment.  Rather we observe a clear time trend in the rate of return 

realized by early stage firms that predicts what the rate of return will turn out to be.  Once this time 

trend is controlled for, the rate of return on investing in early stage firms is too idiosyncratic to be 

predicted by founders’ characteristics or VC characteristics.  Therefore, it appears that both “skill” 

and “luck” is required in entrepreneurship. 

 In this study, we have found some answers to how prior firm-founding experience affects 

subsequent venture performance.  However, in the end, there were more questions to be addressed 

and left unanswered.  For instance, we have found that there is a sharp increase in the rate of return 

for early stage firms that were younger than 39 months that were mostly acquired, which were 

mostly founded by novice entrepreneurs.  After 39 months, the rate of return is relatively flat over 

time.  This study does not completely answer how it is possible to realize such substantially high 

returns when the firm is at a very young stage.  One explanation could be that novice entrepreneurs 

are bringing unconventional but great ideas to the market and are bought at a premium by a bigger 

firm before the venture grows and sells the new product to all players in the market that competes 

with the acquiring firm.  Based on the fact that firms with better quality as measured by the variable 

Sorting have a higher hazard rate, which implies that these firms exit earlier, it would make sense if 

these firms are being acquired at a premium so that the rate of return is substantially high.  However, 

testing this hypothesis does not seem to be an easy task and would require measuring the variation 

in quality at the product level.  An explanation for this time trend in the rate of return for early stage 

firms seems to be a great avenue for future research. 

 The contribution of this study to the literature is two-fold.  First, this study shows the 

survival analysis and financial performance of early stage firms, which are measures of 

performance not considered in previous literature.  This helps our understanding in entrepreneurship 

with VC-financed early stage firms.  Second, this study shows the importance of decomposing the 

role of VCs into two parts – ex ante deal sorting and ex post mentoring, and provides simple 
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measures that can disentangle these two effects.  In future studies, I hope there is a better and 

simpler way to disentangle these two effects in order to solve the endogeneity problem. 

The findings of this study add to our growing understanding of how founders acquire 

entrepreneurial skills and in what ways these skills are useful in entrepreneurial activities.  

Assessing the relationship of prior firm-founding experience with firm performance sheds light on 

the potential deadweight loss that might have been imposed on the economy if serial entrepreneurs 

had not been funded.  Given the low success rate of entrepreneurship, this has implications for 

countries where failed entrepreneurs rarely get a second chance.  The finding that serial 

entrepreneurs and VCs that fund them do not necessarily earn a higher financial return but merely 

survives longer implies that there could be an incentive misalignment for funding serial 

entrepreneurs to utilize their enhanced human capital. 
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Table 1. Number and proportion of new-firms (1995-1999) remaining in the market over time in the semiconductor industry11 

Time 12 18 24 30 36 42 48 54 60 66 72 78 84 90 

(months) < 1yr < 2yr < 3yr < 4yr < 5yr < 6yr < 7yr 

All Firms 180 170 157 150 144 136 132 122 111 97 87 79 76 69 

(181) 99.4% 93.9% 86.7% 82.9% 79.6% 75.1% 72.9% 67.4% 61.3% 53.6% 48.1% 43.6% 42.0% 38.1%

Group SEVC 25 24 23 23 22 22 22 21 20 18 16 15 15 14 

(25) 100.0% 96.0% 92.0% 92.0% 88.0% 88.0% 88.0% 84.0% 80.0% 72.0% 64.0% 60.0% 60.0% 56.0%

Group SEnVC 27 27 27 27 27 27 27 27 26 26 25 25 24 22 

(27) 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 96.3% 96.3% 92.6% 92.6% 88.9% 81.5%

Group NE 128 119 107 100 95 87 83 74 65 53 46 39 37 33 

(129) 99.2% 92.2% 82.9% 77.5% 73.6% 67.4% 64.3% 57.4% 50.4% 41.1% 35.7% 30.2% 28.7% 25.6%

                                                 
11 The number and proportion of startup firms remaining in the market are not tabulated beyond 90 months because of censored observations.  
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Figure 1. Graphical representation of the proportion of startup firms remaining in the market over time. 
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Figure 2a. Graphical representation of the hazard rate for the entire sample  
 

 
 
Figure 2b. Graphical representation of the hazard rate by group12 

 

 

                                                 
12 Groups 1, 2, and 3 correspond to Groups SEVC, SEnVC, and NE respectively. 

.0
04

.0
06

.0
08

.0
1

.0
12

.0
14

20 40 60 80 100 120
analysis time

Smoothed hazard estimate

0
.0

05
.0

1
.0

15
.0

2

20 40 60 80 100 120
analysis time

group = 1 group = 2
group = 3

Smoothed hazard estimates, by group



35 
 

Table 2. Outcome distribution of serial entrepreneurs’ 1st venture and that of novice entrepreneurs’ in the 
sample. 
 
 Serial entrepreneurs’ 1st venture 

outcome 

Novice entrepreneurs’ current venture 

eventual outcome 

Total 25 (100%) 114 (100%) 

IPO 4 (16%) 12 (10.5%) 

Acquired/Merged 15 (60%) 73 (64.0%) 

Out of Business 6 (24%) 29 (25.4%) 

*Chi-square Test: p-value = 0.67 for testing whether the two outcome distributions are identical (H0). 
Hence, the null hypothesis cannot be rejected and the two columns are not statistically different. 
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Table 3. Sequence of venture outcomes by individual serial entrepreneurs. 

 

1st venture outcome 2nd venture outcome 

Out of Business (2) 

IPO (4) Acquired/Merged (1) 

IPO (1) 

Out of Business (2) 

Acquired/Merged (11) Acquired/Merged (8) 

IPO (1)* 

Out of Business (1) 

Out of Business (2) Acquired/Merged (0) 

IPO (1)* 

Out of Business (0) 

Privately-held (7) 
Acquired/Merged (5) 

IPO (1) 

Privately-held (1) 

Acquired – Acquired – Acquired (1) 

Out of Business – IPO – Privately-held (1) 
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Table 4. Top 10 VC firms according to the constructed indexes Mentoring and Sorting. 

 
 
  

  VC Firm Mentoring VC Firm Sorting 

1 Kleiner Perkins Caufield & Byers 2.927 Summit Partners 3.370
2 Summit Partners 2.064 Sequoia Capital 2.657
3 H&Q Venture (Granite) 2.028 Venrock Associates 2.592
4 Sequoia Capital 1.975 Kleiner Perkins Caufield & Byers 2.504
5 Greylock Management 1.923 Norwest Venture Partners 2.392
6 Venrock Associates 1.885 New Enterprise Associates 2.372
7 New Enterprise Associates 1.836 U.S. Venture Partners 2.291
8 Advent International 1.810 Ventana Growth Funds 2.230
9 August Capital 1.736 Advent International 2.206

10 Mayfield Fund 1.682 Greylock Management 2.156
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Figure 3. Scatter Plot of Sorting vs. Mentoring ability of VCs. 
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Table 5a. Summary statistics of Sorting and Mentoring ability of VCs by group. 
 

  

Sorting Mentoring 

SEVC (1) SEnVC (2) NE (3) SEVC (4) SEnVC (5) NE (6) 

Mean 1.405 1.374 1.188 1.168 1.108 0.960 

St.Dev. 0.661 0.860 0.705 0.509 0.669 0.535 

Median 1.250 1.354 1.052 1.199 0.999 0.963 

Obs. 25 27 129 25 27 129 
 
Table 5b. Comparing the means between groups, using a standard T-test. 
 

  t P > |t| 

(1) vs. (3) -1.422 0.157

(2) vs. (3) -1.198 0.233

(1) vs. (2) -0.145 0.885

(4) vs. (6) -1.793 0.075

(5) vs. (6) -1.249 0.214

(4) vs. (5) 0.362 0.719
 
  



40 
 

Table 6. Cox proportional hazard model regression.  
 

ACQ existing 
  1 2 3 4 5 6 

Group SEVC (dummy=1) 0.385*** 0.374*** 0.227* 0.323*     
  0.115 0.109 0.191 0.213     

Group SEnVC 
(dummy=1) 0.178*** 0.178*** 0.300** 0.236***     

  0.055 0.056 0.183 0.112     
Group SEVC+SEnVC 0.169*** 0.022*** 

  0.089 0.039 
Sorting 1.635*** 1.244* 1.647*** 1.656*** 1.077 0.884 

  0.285 0.164 0.304 0.292 0.387 0.360 
Mentoring 0.581** 0.593** 0.586** 0.859 0.839 

  0.126 0.128 0.140 0.308 0.311 
Group SEVC * Sorting 1.408   3.961 

  0.662   3.879 
Group SEnVC * Sorting 0.680   3.440 

  0.283   3.040 
Group SEVC * 

Mentoring 1.051     
  0.163     

Group SEnVC * 
Mentoring 0.918     

  0.117     
Year Fixed Effects Y Y Y Y Y Y 
Company Stage 

Controls Y Y Y Y Y Y 
# of observations 181 181 181 181 181 181 

# of failures 128 128 128 128 33 33 
 
Note: reported coefficients are hazard ratios. *, **, *** represent statistical significance at the 10%, 5%, 1% 
level, respectively. 
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Table 7. Distribution of outcome of portfolio companies in the sample. 

current status frequency percentage percentage among 
liquidated firms 

IPO 27 15% 18% 
ACQ 89 49% 60% 
Out of Business 33 18% 22% 
Private 32 18% N/A 
Total 181 100% 100% 
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Table 8a. Distribution of valuation of portfolio companies by group 
 

Valuation ($mil)  (1) Group SEVC (N=25) (2) Group SEnVC (N=24) (3) Group NE (N=123) 
99% 2683 655 1260.76
95% 467 625 587.88
90% 415 613 435
75% 274.548 340.153 221.939
50% 167.580 253.304 43.590
25% 41.7 175.617 2.5
10% 5.35 7 0

5% 0 0 0

1% 0 0 0

Mean 269.6786 277.8376 159.816
Std. Dev. 520.7154 190.9929 251.3095

 
Table 8b. Distribution of annualized rate of return of portfolio companies by group 
 

RoR by Group (4) Group SEVC  (N=25) (5) Group SEnVC (N=24) (6) Group NE (N=123) 
99% 15.063 3.577 46.809
95% 3.508 2.584 20.490
90% 2.861 2.195 7.474
75% 0.452 0.413 1.557
50% 0.346 0.313 0.226
25% -0.293 0.227 -0.679
10% -0.985 -0.669 -1

5% -1 -1 -1

1% -1 -1 -1

Mean 0.932 0.484 4.088
Std. Dev. 3.123 1.006 18.048

 
Table 8c. Standard T-test for comparing means in the above tables. 
 

  t P > |t| 
(1) vs. (3) -1.605 0.111 
(2) vs. (3) -2.179 0.031 
(1) vs. (2) -0.072 0.943 
(4) vs. (6) 0.869 0.386 
(5) vs. (6) 0.975 0.331 
(4) vs. (5) 0.670 0.506 
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Table 9a. Distribution of valuation and annualized rate of return of portfolio companies by status 
 

Distribution  
by Status 

Valuation ($mil) Annualized RoR 
(1) ACQ  
(N=80) 

(2) IPO  
(N=27) 

(3) Privately-held  
(N=32) 

(4) ACQ 
(N=80) 

(5) IPO  
(N=27) 

(6) Privately-held  
(N=32) 

99% 1260.760 2683 911.344 181.777 4.912 0.466
95% 650.000 1444 503.997 36.218 3.809 0.452
90% 431.150 655 365.880 16.348 3.638 0.419
75% 146.950 546 288.938 3.185 2.584 0.344
50% 48.980 297 244.948 0.379 0.887 0.284
25% 20.050 233 188.765 -0.205 0.391 0.247
10% 7.015 134 174.600 -0.479 0.207 0.196

5% 5.750 133 167.580 -0.658 0.206 0.162
1% 1.811 121 162.815 -0.985 0.177 0.149

Mean 146.067 473.544 268.637 6.496 1.535 0.299
Std. Dev. 233.018 515.245 139.271 22.091 1.393 0.081

 
Table 9b. Standard T-test for comparing means. 
 

  t P > |t| 
(1) vs. (3) -2.779 0.006 
(2) vs. (3) 2.161 0.035 
 (1) vs. (2) -4.507 0.000 
(4) vs. (6) 1.583 0.116 
(5) vs. (6) -5.017 0.000 
(4) vs. (5) 1.163 0.248 
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Figure 4. Scatter plot of portfolio company valuation and firm age. 
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Figure 5. Scatter plot of annualized rate of return on investments of VC-financed early stage firms and 
firm age (with and without outlier). 
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Figure 6. Scatter plot of annualized rate of return on investments of VC-financed early stage firms and 
firm age by status. 
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Figure 7. Scatter plot of annualized rate of return on investments of VC-financed early stage firms and 
firm age by group. 
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Figure 8a. Scatter plot of annualized rate of return on investments of VC-financed early stage firms and 
firm age for firm age less than 39 months. 

 
 
Figure 8b. Scatter plot of annualized rate of return on investments of VC-financed early stage firms and 
firm age for firm age greater or equal to39 months. 
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Table 10. Regression results of financial performance of portfolio companies. 
 

only age 
>38 

LOGIT 
(1=IPO) 

  1 2 3 4 5 6 

constant -3.880 -3.379 -5.521** -15.471*** -2.615*** -5.525*** 
  2.599 2.535 2.512 3.733 0.644 1.920 

Group SEVC 
(dummy=1) 2.700 0.800 1.377 -0.454 -0.106 0.191 

  3.728 1.632 1.584 1.220 0.231 2.437 
Group SEnVC 

(dummy=1) 3.583 1.436 2.359 0.293 -0.163 4.454*** 
  3.046 1.660 1.727 1.353 0.241 1.575 

Total Investment 0.006 0.006 -0.002 0.001 -0.001 0.049*** 
  0.011 0.011 0.012 0.009 0.002 0.009 

Firm_Age39 (dummy=1) 9.144*** 9.116*** 7.305*** 40.512*** 
  1.443 1.445 1.449 3.309 

Sorting 1.207 0.655 -0.088 -0.182 0.076 0.114 
  1.178 1.018 1.006 0.771 0.145 0.737 

Mentoring -0.179 -0.170 0.042 -0.379 0.274 1.737** 
  1.358 1.351 1.336 1.013 0.193 0.857 

Group SEVC * Sorting -1.429 
  2.446 

Group SEnVC * Sorting -1.621 
  1.929 

IPO_dummy 5.491*** 3.581** 1.937*** 
  1.989 1.516 0.276 

ACQ_dummy 6.531*** 6.345*** 0.881*** 
  1.359 1.273 0.225 

Firm_Age39 * Firm Age -1.212*** 
  0.119 

Firm Age 0.091*** 0.016*** 
  0.024 0.004 

Year Fixed Effects Y Y Y Y Y Y 
Company Stage 

Controls Y Y Y Y Y Y 
# of observations 171 171 171 171 131 181 

Pseudo-R2 0.0429 0.042 0.068 0.1581 0.2316 0.6244 
 


