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Abstract 

Research in economics and sociology points to recombination as the source of novel social and economic 

developments. Most systematic studies of this thesis investigate whether recombination is associated with 

the creation of high-impact technologies. This study looks at novelty in markets, investigating the 

association between recombination and venture capital investment. Acknowledging that people use 

different categories in different contexts, the author argues that the evaluator’s categorical system is 

foundational to what is recognized and rewarded as recombination. Supporting this view, findings show 

that venture capitalists are more likely to invest in software entrepreneurs that engage in recombination 

across market categories, but standard measures of recombination across technological categories (based 

on patent classes) are not associated with investment. In addition, whether a person values recombination 

depends on his orientation toward disrupting the status quo. In line with this, it is high and low status VCs 

who are more likely to invest in firms that engage in recombination. In syndicates comprised of middle 

status investors only, the direction of the effect reverses. Findings suggest that the evaluator role is 

fundamental to the concept of recombination and the construal of novelty in a domain.   

 

  



 2 

Schumpeter’s insight that novelty emerges from “the carrying out of new combinations” spawned a large 

and diverse literature (Schumpeter, 1934: 66). “Recombination,” or new combinations of existing 

elements, is widely accepted as the primary antecedent for novel developments. Recombination is reified 

as the “ultimate source of novelty” (Fleming, 2001: 118; Schoenmakers 2010), and “the ‘holy grail’ of 

innovation research” (Gruber, Harhoff and Hoisl, 2013: 837).  

 Researchers’ prolonged interest in the subject arises from the idea that recombination is the 

source of new developments that transform the economy and society. For Schumpeter (1942), new 

combinations of existing elements are what “incessantly revolutionizes the economic structure,” (p. 83). 

Nelson and Winter (1982) write, “The creation of any sort of novelty in art, science, or practical life - 

consists to a substantial extent of a recombination of conceptual and physical materials that were 

previously in existence,” (p. 130). Weitzman (1988) proposes that novelty, “new configurations of old 

knowledge,” is the determinant of long-term growth (p. 359). Scholars show that important inventions 

resulted from new combinations of existing elements (Tushman and Anderson, 1986; Henderson and 

Clark, 1990; Hargadon and Sutton, 1997). Systematic studies of patents and academic publications find 

that technical developments that combine distant elements are highly cited (Fleming, 2001; Nerkar, 2003; 

Schoenmakers and Duysters, 2010; Uzzi, Mukherjee, Stringer and Jones, 2013; Foster, Rzhetsky and 

Evans, 2015; Leahey, Beckman and Stanko, 2016). But it is still an open question whether recombination 

leads to the types of market transformations that have sustained the interest of researchers and 

practitioners alike.  

Much research on recombination studies patents and academic papers and presumes that a 

particular institutional classification (patent classes and journal disciplines) defines boundaries over 

which recombination can occur. This paper questions that assumption. Recognizing that people use 

different categories in different contexts (Hsu, 2006; Hannan, 2010; Durand and Paolella, 2013; 

Goldberg, Hannan and Kovács, 2016), I propose that recombination—and thus novelty—is relational, 

depending not only on characteristics of the object, but also on the relevant categorical system used by the 

evaluator. This has important implications in markets, where firms and products are often classified using 
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either technology categories or market categories. Whereas previous studies of recombination take a 

technology perspective and study how recombination affects citations, here I ask whether recombination 

is valued on the market and investigate venture capital (VC) investment in entrepreneurial firms.  

Drawing on the literature that links recombination with novelty, I propose that VCs will invest in 

firms that engage in recombination. This provides the first systematic study of which the author is aware 

showing that recombination is a source of novelty in markets. But simply linking VCs to the idea of 

recombination is not enough: it is critical to determine what is a recombination. Traditionally, scholars 

have conceived of new combinations as bringing together elements from different technology categories 

(Fleming, 2001; Nerkar, 2003; Wezel, Kovacs and Carnabuci, 2014). But, because the categorical system 

VCs use is based on market classification, I argue that VCs invest in firms that combine elements across 

market category boundaries, and that combining technology categories does not capture novelty for VCs.  

Recombination across market categories does not necessarily reflect recombination across 

technology categories. For example, in 2007 NVIDIA leveraged its Graphics Processing Unit (GPU), 

originally created to transform a 3D image into 2D for gaming, for general-purpose programming of large 

amounts of data in parallel. This innovation drew on their existing technology grounded in one 

technology category, but combined market categories: graphic display and parallel processing. In the 

1990s, collaboration software emerged as a new product that allowed people to work remotely. It 

combined video, microphones, graphics, and mathematical algorithms; novel on the market but not a 

radical technology advance. Both examples combined elements across market categories and led to the 

disruptive change that VCs seek. But in terms of technology categories, neither were new combinations.  

This study suggests that recombination cannot be defined by the object only; the evaluator affects 

whether recombination is recognized and rewarded. First, it is necessary to know the relevant categorical 

system before recombination can be defined. Second, recombination is not universally sought, but is 

valued by people who are interested in transformational changes. Ideas are investigated using a unique 

data set of 3,298 software firms in their entrepreneurial phase, that tracks VC financing, underlying 
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elements of technical advances (using patents), and classification based on either market categories or 

technology categories.  

 

Recombination and Boundaries 

Scholars have proposed that recombination is the ultimate source of novelty. Studies show that novel 

products and technologies are based on new combinations of existing components (Henderson and Clark, 

1990; Hargadon and Sutton, 1997; Vilhena et al., 2014). Research in the categorization literature defines 

recombination as mixing features associated with existing categories (Montauti and Wezel, 2016). Such 

combinations are the foundation for new organizational forms and cultural developments (DiMaggio, 

1991; Clemens, 1996; Rao, 1998; Phillips and Owens, 2004; Rindova and Petkova, 2007). Many of these 

studies take an ex post view (Eggers and Kaul, 2014), investigating a new development that became 

successful and tracing it back to its innovative roots. 

 Studies that take an ex ante approach investigate patents or journal articles. Both are tracked in 

archival data where citations are recorded. Backward citations measure the knowledge foundation of the 

patent or article, which indicates if it is based on recombination. Forward citations measure success. 

These data allow for systematic studies of the association between technology recombination and 

subsequent technical importance. Findings underscore the inherent uncertainty of recombination. Patents 

that build on similar elements are more useful on average, but those that combine distant components 

have variable outcomes, leading to breakthroughs or failure (Fleming, 2001). Journal articles show similar 

trends: novel bridges to other literatures are rare, but high impact papers have unconventional citation 

pairings (Uzzi, Mukherjee, Stringer and Jones, 2013; Foster, Rzhetsky and Evans, 2015; Rzhetsky, 

Foster, Foster and Evans, 2015; Leahey, Beckman and Stanko, 2016). This distinction maps to 

exploration and exploitation in the organizational learning literature. Exploiting local knowledge is 

reliable but predictable, while exploring distant knowledge is risky but has the potential to be 

revolutionary (March, 1991; Kogut and Zander, 1992; Rosenkopf and Nerkar, 2001; Katila and Ahuja, 

2002; Nerkar, 2003; Beckman, Haunschild and Phillips, 2004; Dahlander, O'Mahony and Gann, 2016).  
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 Previous studies recognize that recombination is partially based on social construction, even in 

technical domains (Fleming, 2001; Gruber, Harhoff and Hoisl, 2013; Wezel, Kovacs and Carnabuci, 

2014). Scholars allow that technological boundaries change over time as technologies evolve: for 

example, a material based on sand and aluminum would have seemed strange to a scientist in the 1940s 

but is widely recognized as a semiconductor today (Fleming, 2001). But innovation researchers have not 

considered that at the same point in time people frequently use different category systems to interpret 

their environments. These systems will influence how recombination, and thus novelty, is construed. 

Building on the literature on concepts and categorization, I argue that recombination is relational, 

depending on both the object being evaluated and the system of categories used by the evaluator. It is 

elements in different categories that are the “previously unconnected” components with the potential to 

create a recombination (Montauti and Wezel, 2016). Every domain has multiple classifications. For 

example, a person can be categorized by his occupation (“attorney,” “doctor”, “janitor”), marital status 

(“husband”, “bachelor”) or interests (“runner”, “foodie”). Automobiles can be classified by their style 

(“economy”, “family”, “luxury”) or engine type (“four cylinder”, “V6”). Software can be classified by its 

underlying technologies or how it is marketed. For example, reporting software in the “relational 

technology” category is in different market categories: “business intelligence,” aimed at presenting 

actionable information to executives, “customer relationship management,” used to help an organization 

communicate with customers, or “enterprise resource planning,” which maintains back-office functions. 

For a coder, “relational technology” is salient, but for a customer, market categories are relevant.  

Studies in cognitive science show a person can shift between different categorical structures 

based on which is most relevant (Murphy, 2004). For example, a person may categorize all things 

“green,” objects that are “buildings” or “things with windows” (Lupyan, Mirman, Hamilton and 

Thompson-Schill, 2012). A person’s role—or more generally, his context—determines which categorical 

system is used (Barsalou, 1983; 1991). This is in line with recent sociological research on categorization 

that defines categories with respect to an audience (Hannan, Pólos and Carroll, 2007; Hannan, 2010; 

Pontikes, 2012). It has implications for recombination. For a person who uses market categorization, a 
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product that combines elements across these market categories will be a novel recombination. For 

someone that uses technology categories, the novel product combines elements over technical boundaries.  

Consider the example of athletic clothing illustrated in figure 1. This shows two ways clothes can 

be classified: using materials or design. There are two objects, a “poly/merino shirt” and a “hit the trails 

skort.” Whether the object is a recombination depends on the category structure. If default categorization 

is design, a shirt or skirt is squarely in one category, while the skort—a blend of shorts and skirts—is a 

recombination. But if the relevant category structure is materials, it is the poly/merino shirt that is a 

recombination. It is likely that most people would be able to recognize both category systems. What is 

important to the argument is that the category system most pertinent to an evaluator affects what is a 

novel development. Note that this argument does not assume that people have different, stable category 

systems. The role a person is in at a point in time determines the relevant category structure.  

Previous research assumes that technology categories are a universal default (Fleming, 2001; 

Rosenkopf and Nerkar, 2001; Nerkar, 2003). But recombination based on patent classes will not resonate 

with a person for whom a different categorical structure is most important. Recombination, and thus the 

construal of novelty, depends on the categorical system of the evaluator. 

 

Recombination and VC investment 

What underlies interest in recombination is that novel developments are the source of value creation in the 

economy (Schumpeter, 1934; Nelson and Winter, 1982; Weitzman, 1998). Radical change destabilizes 

market structures, challenging established companies and providing opportunities for entrepreneurs 

(Abernathy and Clark, 1985; Tushman and Anderson, 1986). But systematic studies of recombination do 

not directly study whether recombination leads to these important changes in markets. Rather, the 

outcome variable is citations, either to patents or journal articles. The assumption is that highly cited 

patents are engines of productivity (Trajtenberg, 1990). Researchers have not directly investigated 

whether recombination is associated with novelty in a market. This study addresses this gap by 

investigating the association between recombination and VC investment.  
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VCs are high-status, high-risk investors who look for entrepreneurs that have the potential to 

create new markets (MacMillan, Zemann and Subbanarasimha, 1987; Hisrich and Jankowicz, 1990). 

They aim for their investments to become the next “new, new thing” (Lewis, 1999). Because mature 

markets typically are controlled by established companies, the VC strategy is to invest in companies that 

are poised to be leaders in new markets that are predicted to grow quickly. Such a company is often called 

“disruptive” (Pontikes and Barnett, 2015). Peter Thiel, co-founder of PayPal who became a prominent 

VC, advocates that rather than trying to take a piece of an established market, start-ups should do 

something entirely new. He writes, “The next Bill Gates will not build an operating system. The next 

Larry Page or Sergey Brin won’t make a search engine. … If you are copying these guys, you aren’t 

learning from them.” (Thiel and Masters, 2014: 1). A VC I interviewed concurs, highlighting that s/he 

invests in counter-normative companies: 

you want to invest in those things, where you look at it and are like – that’ll never work. 
But if it does – you know, dot, dot, dot. Like Airbnb. That’ll never work. People will 
never go sleep in a kid’s bedroom in someone else’s house and pay a nightly rate. But if 
it did … 
    

In this quote, “dot dot dot” refers to explosive growth, as was seen in the “sharing economy” in the 2010s. 

This idea is articulated by consulting firm Play Bigger Advisors, who assert that “category kings”—

companies with the potential to quickly dominate a new market category—are the most valuable targets 

for VC investment, citing companies like Facebook, Twitter, LinkedIn, Dropbox, and Airbnb. They state, 

“Emerging Category Kings define a new space by conditioning the market to buy and consume new 

technology in a new way … they create a change in the … market with a ‘different’ approach,” 

(Ramadan, Lochhead, Peterson and Maney, 2013: 19).  

 Another high-status VC I interviewed described their firm as employing a high-risk, high-return 

strategy through IPOs. They avoided companies that sought to achieve value through acquisition. Success 

in public markets is important for VCs to establish and maintain their reputations (Gompers, 1996; Lee 

and Wahal, 2004). The strategy of identifying big winners who will dominate a unique market and IPO, 

rather than be acquired, also resonates with Play Bigger’s take (Ramadan, Lochhead, Peterson and 



 8 

Maney, 2013). VC Paul Martino of Bullpen Capital echoes this sentiment, stating “Coming in second 

means nothing … there’s an advantage of … backing something before it becomes obvious to others,” 

(Goldfisher, 2014). Of course, such large wins cannot be precisely predicted. This is why VCs use a risky, 

high-variance strategy, where most investments result in losses, but a few generate outsized returns 

(Sahlman, 1990). VC investment indicates that the firm is in the “tails” of a performance distribution: 

VCs bet that a unique company will be especially successful, but risk that it might be a flop.  

An open question is how VCs identify novel companies. Research points to recombination as the 

ultimate source of novelty, which suggests that VCs should invest in firms that engage in recombination. 

But this begs the question, what is recombination for someone in the role of VC? For VCs, transformative 

companies are those poised to dominate a market that fundamentally changes the customer experience. 

This indicates that VCs use market-based categorization when deciding how to invest.  

The market novelty that VCs seek may not be captured by technology category recombination 

historically used in innovation research (e.g. Fleming, 2001; Nerkar, 2003; Schoenmakers and Duysters, 

2010; Gruber, Harhoff and Hoisl, 2013). Certainly, technology is essential to the outstanding success of 

many VC backed start-ups. But the ultimate goal for VCs is to identify a novel market that will see 

explosive growth. The successful entrepreneurs that VCs want to emulate developed technological 

products. But companies like Facebook, Airbnb, and Uber’s contributions are not groundbreaking 

technologies. Rather, these companies created new styles of communication that radically changed the 

way people interact in the marketplace. Drawing on the idea that recombination depends on the 

categorical system relevant to the evaluator, I propose that novelty for VCs is captured by recombination 

across market categories. 

Hypothesis 1a: Venture capitalists are more likely to invest in organizations that develop 

technologies based on high levels of market category recombination, compared to those with low 

levels of recombination. 

Hypothesis 1b: Recombination across market category boundaries is more predictive of VC 

investment as compared to recombination across technology categories. 
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 To test the hypotheses, it is necessary to investigate outcomes based on whether the same 

elements are combined across boundaries of different category systems. The patent record is one of the 

few data sets that contains systematic information on inventive components (Fleming, 2001). This study 

uses the patent record to represent a firm’s inventive developments, but is unique in that it can classify 

these patents either using market categories and technology categories (described in detail below). 

A number of studies have investigated the relationship between patenting and VC investment in 

terms of whether VCs value patents as signals of quality (Stuart, Hoang and Hybels, 1999; Hall and 

Lerner, 2010). Both investors and entrepreneurs use patents as signals of technical expertise, branding, or 

differentiation (Lemley, 2000; Mann, 2005; Graham and Sichelman, 2008). Companies with patents raise 

more money (Baum and Silverman, 2004; Audretsch, Bönte and Mahagaonkar, 2012), and patents are 

most important when there are fewer alternative signals (Hsu and Ziedonis, 2013). Even in the software 

industry, some studies find that patent counts are correlated with investment (Mann and Sager, 2007). 

 But if the above arguments are correct, and venture capitalists invest in organizations that can 

revolutionize an industry, the number of patents a firm has may not be the most informative metric. To 

the extent that patents are used as a signal, VCs should value organizations with patents that have the 

potential to transform the market – those that engage in market category recombination.   

 

Valuing recombination: Middle status conformity among VCs 

VCs are high-status investors, which is consistent with their orientation toward risky investments that 

disrupt existing structures. The hypotheses above are predicated on such a novelty-seeking evaluator.  

But not all people seek counter-normative developments. Much of the literature on market 

categorization shows that people typically prefer objects that conform to categories (Hsu, Hannan and 

Koçak, 2009; Negro, Hannan and Rao, 2010; Smith, 2011; Leung and Sharkey, 2013). At the same time, 

the appeal of categorical conformity depends on the audience: for example, whether a person values 

novelty and atypicality (Pontikes, 2012; Merluzzi and Phillips, 2015; Goldberg, Hannan and Kovács, 

2016). Similar audience-based differences are found for whether inventors engage in recombination: 
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scientists generate more recombinatory patents than do engineers (Gruber, Harhoff and Hoisl, 2013). 

Such differences are also found among VCs: compared to the traditional private equity (PE) investor, 

corporate VCs invest in less risky syndicates (Dushnitsky and Shapira, 2010) and are less novelty seeking 

(Pontikes, 2012).  

This is important because recombination and novelty—disrupting existing structures—is not 

always “better” than building on what already exists. Recombination leads to outsized rewards but not 

necessarily higher mean performance. Fleming (2001) finds that inventions based on distant combinations 

have lower citations on average, but higher variance. Scientists who engage in interdisciplinary research 

publish fewer papers, but those published have more visibility (Leahey, Beckman and Stanko, 2016). In 

biomedicine, innovative publications are less likely to reach publication, but once published garner higher 

citations (Foster, Rzhetsky and Evans, 2015). This reflects the trade-off between exploration and 

exploitation described in March (1991). Distant combinations are risky: resulting in breakthroughs or 

failure.1  

If they succeed, novel developments are especially impactful. This is what led Schumpeter 

(1934;1942) to identify new combinations as the engines of economic development. It is also resonant 

with the way venture capitalists describe their process of selecting investments. Recombination should 

appeal to someone who is willing to risk great losses for a chance to reap an exceptional reward.  

The quest to find new and different firms paints a picture of the prototypical, high-status VC. But 

there is variance among VC investors in terms of a status, which may be related to how much a VC values 

market category recombination. Seeking novelty is a contrarian endeavor, requiring a person to invest in 

companies that, at first glance, seem like they will “never work.” Even though this is the ideal business 

model for VCs, sticking to a contrarian strategy runs against human tendencies to conform. As a result, 

many successful VCs write books and articles reiterating that investors should move against the crowd 

                                                             
1 There is also evidence that the most successful developments are both novel and interpretable (Rindova and 
Petkova, 2007; Bingham and Kahl, 2013; Uzzi, Mukherjee, Stringer and Jones, 2013; Dahlander, O'Mahony and 
Gann, 2016). 
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(Marks, 1993; Thiel and Masters, 2014). Despite most VCs intending to invest in novel firms, consensus 

behavior among is rampant among them (Pontikes and Barnett, 2016). 

Middle status VCs may be the most reluctant to embrace novel investments. As Philips and 

Zuckerman (2001) proposed with “middle status conformity,” high-status actors, secure in their positions, 

feel free to deviate, and low-status actors have nothing to lose. They find middle status actors are most 

adherent to social conventions. This may be because they deliberately employ conservative strategies, but 

could also result from psychological factors. In a laboratory study, when subjects were manipulated to be 

middle status, they were less creative and more convergent (Duguid and Goncalo, 2015). 

Status is important among VC investors (Stuart, Hoang and Hybels, 1999). Reputations help VCs 

raise capital and find investment opportunities (Gompers, 1996; Sorenson and Stuart, 2008). Status 

orderings are stable, indicating that middle status conformity applies in this setting (Phillips and 

Zuckerman, 2001). Together, these arguments suggest that whether recombination (across relevant 

categories) is valued, depends on the evaluator’s willingness and ability to overlook social conventions.  

Hypothesis 2: The positive effects of market category recombination on VC investment will 

be stronger for high and low status VC investors, as compared to those of middle status. 

 

Empirical Test 

These ideas are studied in the software industry, an innovative domain where both market categories and 

technology categories are important. Technology categories reflect how a product is created: for example, 

the type of code used, if it is object-oriented, its graphical integration, or how the software is optimized. 

Market categories are use-based, allowing customers, analysts, investors, and partners to understand what 

they can do with the product (Pollock and Williams, 2009; Wang, 2009; 2010). For example, “digital 

audio” software is used for recording, editing, and producing audio files, “enterprise resource planning” 

integrates applications that manage and automate back-office functions, “supply chain management” 

executes transactions and manages supplier relationships, “ETL (extraction, transformation, load)” 

software moves data from one system to another. A digital audio and supply chain management product 
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could use the same type of graphical interface and optimization system, making them similar from the 

technology category system. But they are different in terms of customer use, placing them far apart for 

market categories.  

 To test the hypotheses, it is necessary to investigate outcomes based on whether the same 

elements are combined across boundaries of different category systems. Patents provide a detailed 

historical record of a firm’s inventions over time, including citations that uncover what an invention is 

built on. They are a good source of data for the underlying technical components used by software firms. 

These elements can be classified by technology categories using patent classes, as in many previous 

studies of recombination (Fleming, 2001; Rosenkopf and Nerkar, 2001; Nerkar, 2003; Schoenmakers and 

Duysters, 2010; Gruber, Harhoff and Hoisl, 2013). This study is unique in that the data also allow for the 

same elements (patents) to be classified using market categories. 

In software, a fair amount of invention can be tracked through patents. Although IP protection is 

not as important as in other industries, previous research shows that patents do influence venture capital 

financing, IPOs, acquisition, and market entry (Mann, 2005; Mann and Sager, 2007; Cockburn and 

MacGarvie, 2011). A problem with using patents in a software study is that laws in the United States 

historically did not allow software to be patented. In 1972, the Supreme Court ruled in Gottschalk v. 

Benson that software could not be patented. But through a series of cases this was overturned, and was 

effectively changed by 1994 – 1995 (Hall and MacGarvie, 2010; Cockburn and MacGarvie, 2011). 

Therefore, the time period analyzed in this study starts in 1995.  

Another concern might be that immediately after software patenting was allowed, patent 

classification may not have adequately reflected technology categories. The USPTO has subsequently re-

classified many software patents. To address this concern, recombination across technology categories is 

computed using both the original USPTO class, the current USPTO class, and IPC classification 

maintained by the World International Property Organization (WIPO). These three classifications should 

capture technology categories for patents issued by software companies during this time period.  
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VC financing is critical in software (Onorato, 1997; Mann, 2005), often more important than 

customers or revenue. VCs are known for aggressively trying to invest in the next revolutionary idea 

(Lewis, 1999). The importance of both technology and market categories, and the focus on novelty and 

VC investment, makes software a good context for this study.  

 

Data and Methods 

Hypotheses are tested using a unique data set of patents, venture capital financing events, and technology 

and market categorization for all software organizations that could be tracked in press releases. These data 

include organizations that do not receive funding, allowing for additional tests of receiving initial funding, 

which is unusual in research on patents and VC financing (Mann and Sager, 2007; Hsu and Ziedonis, 

2013). 

Market categories are extracted from press releases issued by software organizations between 

1990 and 2002 (this study uses the period between 1995 and 2002). In almost every press release, a 

software company will state the market category they are in, so press release data provide a historical 

record of market category affiliations. Previous research shows that using self-affiliations is reliable 

classification (Hoberg and Phillips, 2010; Hoberg, Phillips and Prabhala, 2014; Hoberg and Phillips, 

2015; Pontikes, 2012; Pontikes and Hannan, 2014). Patent portfolios were gathered from the NBER U.S. 

Patent Citations data file (Hall, Jaffe and Trajtenberg, 2001), which has been extended through 2006. 

Technology categories were based on USPTO and IPC patent classes gathered from NBER data the 

Patent Network Dataverse (Li et al., 2014).2 Market categories were extracted from press releases. The 

risk set is comprised of all software organizations in their entrepreneurial phase (private and less than 15 

years old in analyses of all VC financing rounds, and less than 10 years old for first round financing).3  

 

                                                             
2 NBER data contain original and current class and subclass assignment for the patent’s primary class. The Patent 
Network Dataverse contains multiple class and subclass assignments for the patent’s current class only. 
3Founding dates could not be located for some organizations, likely to be small, young firms that were not 
successful, and so excluding these might bias the results. Therefore, I also include private organizations where the 
founding date is unknown. Firms that IPO or turn 15 during the study period are removed from the risk set as a 
censored observation. 
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Dependent variables. The primary dependent variable is whether the organization receives venture capital 

financing in the current year. Because a subset of software organizations patent, separate estimations are 

run on the risk set of all organizations and for patenting organizations only.4 There are 3,298 private 

organizations under 15 years of age for 9,049 organization-years between 1995 and 2002, and 1,403 VC 

funding events (734 organizations funded). For patenting organizations, there are 368 organizations over 

1,057 organization-years, for which there are 174 VC funding events (103 organizations funded). Models 

are also run to estimate first round financing, on 2,322 firms under 10 years of age over 5,631 

organization-years, with 260 first round funding events and 129 events of first round financing from 

private equity firms only.  

 VC funding events for high, middle, and low status VCs are computed using the LPJ reputation 

index (Lee, Pollock and Jin, 2011). Reputation scores are computed based on funds under management, 

number of start-ups invested in and amount invested, number of companies taken public, and the firm’s 

age. Firm status is defined based on LPJ rank each year. 5 High-status firms rank 1 – 24, middle status 25 

– 149, and low status 150 or higher.6 Dependent variables used to test hypothesis 2 include whether a firm 

receives funding from a high, middle, or low status investor in the given year, or whether it receives 

funding from only high, middle, or low-status investors that year.7 

 

Independent variables. Patent data are used to measure the components a firm’s inventions are based on, 

using citations.8 Recombination is measured for market categories and technology categories based on 

whether patents build on elements within or across boundaries of the respective classification. The 

underlying elements are the same (patents).  

 

                                                             
4 Recombination and other patent-based measures are set to zero for organizations that do not patent. 
5 This measure is correlated with that used in Podolny (2001) at 0.7 (Lee, Pollock and Jin, 2011).  
6 These cut-offs were chosen such that status bands had approximately similar numbers of events for all 
organizations and for patenters only. Results are not sensitive to the thresholds.  
7 Not all VC firms are recorded in the Lee et al. (2011) reputation rankings. Receiving funding from “only high 
status” is defined as when there are high status investors in the round and no middle or low status investors. There 
may be investors of unknown status. “Only middle” and “only low” status are calculated in the same manner. 
8 All measures are timed by the application year of patents (only patents that were later granted are used). 
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Market category recombination: Market category recombination measures whether a firm’s patents 

combine technologies across market categories it is not in. This is computed based on whether a firm’s 

patents cite patents that are in other market categories. Patent classes are not used in the construction of 

this measure. 

To compute market category recombination, patents must be mapped to market categories. This is 

done by first constructing an n-dimensional “knowledge space” based on the patent citation network of 

software patents (Podolny, Stuart and Hannan, 1996; Pontikes and Hannan, 2014). Knowledge space is 

built on all patents relevant to software (not just from organizations in these data). Similarity between two 

patents (!"#) is calculated by dividing the common citations by the total citations by the focal patent.9  

Areas of knowledge space are mapped to market categories based on the category of the organization that 

is assigned the patent. Market category recombination is based on whether an organization’s patents draw 

on knowledge associated with a market category that it is not in. This is computed using the knowledge 

space similarity (!"#) between a patent m issued to organization A (m is in A’s portfolio $%), and each 

patent n that is affiliated with a category organization A is not in: &% ∈ &: (*% &% = 0), where *% is A’s 

grade of membership in category &%.10 A patent n is affiliated with market category &% if it was issued to 

an organization B that is a member of &% (*. &% > 0), weighted by B’s grade of membership in &%. 

The proximity to different categories (&%) for each patent m issued to organization A is computed as: 

  0123",56 = [*.(&%)×!"#](#∈:;)     (1)  

where $. is the patent portfolio of organization B. This is then summed over all categories that A is not in: 

  0123",5 = [0123",56](56:(<6 56 =>))     (2) 

Patent level proximities are aggregated to the organization level using an average. Because the 

distribution is skewed, the natural log is taken: 

                                                             
9 Second degree similarity is also calculated between two patents with shared similarity to a third, by multiplying 
these similarities.  
10 Organizations in multiple market are weighted by their grade of membership, (the number of press releases in 
which organization A claims category k) divided by (the number of press releases in which it claims any category) in 
a given year, so they do not have an outsized effect on the measure.  
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 (Market category recombination)A = ?@
ABCDE,FEGH6

#AIJ6
   (3) 

Develops within market categories: I also include a variable that measures the extent to which an 

organization builds on knowledge related to its own categories, as a control. This is computed identically 

to market category recombination (3), but measures an organization’s knowledge space proximity to 

patents in its own categories, K, rather than different categories, &.  

Technology category recombination: To test hypothesis 1b, recombination across technology categories is 

computed using patent classes from the USPTO and IPC classification. Previous studies use a number of 

different measures of recombination based on patent classes (see Gruber et al (2013) for a detailed 

review). Variants of two measures are used here: 

1. Originality: a widely used measure of recombination is derived from a Herfindahl index based on 

the class assignments of patent j’s cited patents (Trajtenberg, Henderson, and Jaffe, 1997). I use 

the bias-corrected modification proposed by Hall (2005): 

 L1MNA =
OP

OPQR
1 −

UVJWP,X
Y

Z
[
\=R      (4) 

Here patent p has J backward citations to k = 1 … K patent classes, and ]M^_A,\ is the number of 

p’s citations in class k. À  is the number of total classes patent p’s citations are in, and 

multiplying the Herfindahl index by 
OP

OPQR
 corrects for bias when the total number of citations are 

small (Hall 2005). These analyses are at the firm level, so the measure is aggregated. It is 

plausible that VCs would look at either the originality of the entire patent portfolio or of one 

promising patent. Estimates test both average and maximum originality of the organization’s 

patents, P, for a given year:  

a_b@_21MN% =
dBVePH

Pfg

:
     (5) 

ab3_21MN% = max
A∈:

L1MNA     (6) 

Originality is calculated for original USPTO class, current USPTO class, and WIPO IPC class.  
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2. Breadth: The second measure counts the classifications to which a patent is assigned. This 

measure is used by Lerner (1994), and a similar measure is used by Leahey (2006). I use both the 

number of classes and subclasses assigned to a patent and calculate the average and maximum for 

each firm. Multiple class and subclass assignments are available from the Patent Network 

Dataverse only for the patent’s current class and subclass.  

There is a question of whether effects result from the different way market category 

recombination is computed. Supplementary analyses include a measure of technology category 

recombination that is computed identically to market category recombination, but using the current and 

original USPTO patent class. Using the same patent citation network, a patent’s proximity to patents in 

different patent classes is computed as in equation (2), and aggregated to the firm level as in equation (3).  

 

Controls. Estimations include the number of patents issued to the organization in the previous year.11 

Previous studies show that category ambiguity affects VC investment and so category fuzziness is 

included (Pontikes, 2012).12 The number of other organizations in the same market categories (weighted 

by grade of membership) and the number of firms in the category that received VC funding (and its 

square, also weighted by grade of membership) are included to control for the popularity and 

competitiveness of the organization’s market category. The number of acquisitions made by the 

organization, its tenure in the press release data, and a 0/1 indicator variable for whether it was ranked in 

Software Magazine’s Software 500 are included to control for firm size and quality. The number of 

previous rounds of financing is included in models run on all VC funding, to capture quality or a tendency 

for VCs to try to salvage an investment (Guler, 2007). Supplementary analyses include the total number 

of citations to the organization’s patents in the eight years following its grant date as a control for the 

quality of the organization’s patents. All independent and control variables are lagged by one year.  

--- Insert table 1 about here --- 

                                                             
11 Results are robust to including: number of citations, cumulative patents, cumulative citations, the natural log of 
these variables, average citations per patent, and whether the organization patented in the previous year.  
12 Measured as one minus the average grade of membership of organizations in the category. 
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Tables 1 contains descriptive statistics. Correlations are available upon request. There are high 

correlations between market category and technology category recombination, which could raise concerns 

of whether these capture different classifications.13 Some organizations do not patent every year, which 

artificially inflates correlations. Patent level correlations are a better indicator, and patent-level 

correlations between market and technology category recombination are low, indicating that they are 

different classifications.  

 

Model and Estimation  

I model the hazard rate of receiving VC funding as a function of the independent and control variables:  

 1 ^ − ^# = 1C ^ − ^# ∙ exp nV#o ∙ pqrs + uUC#JBCv ∙ pwxryzx{ + |  (7) 

The rate is estimated using a piecewise exponential model using the routine in STATA. In models with 

repeated events, organizations that are funded exit and enter with a new ID, and standard errors are 

clustered by firm. Duration is the time since the organization was last funded or since it appeared in press 

releases. Estimations where the DV is investment by a type of VC are modeled as competing risks. 

 

Results 

Evidence for hypothesis 1a and 1b is evident by graphical inspection. Figures 2 and 3 plot the mean 

number of venture capital funding events by market category recombination and technical category 

recombination (average originality based on USPTO current class), respectively. The trends show a 

positive relationship with market category recombination, but the trend for technical category 

recombination is flat.  

--- Insert figures 2 - 3 about here --- 

Table 2 provides statistical tests of hypothesis 1a. Column (1) contains controls only. Column (2) 

tests hypothesis 1a by including market category recombination. The effect is positive and significant (p < 

0.05), providing support for the hypothesis. Column (3) includes a control for the extent to which a firm’s 

inventions develop knowledge from within its market categories to test if the effect is capturing 
                                                             
13 There is also the concern that effects might arise from multicollinearity. Effects are similar in models run without 
highly correlated variables.  
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recombination or something about general citation patterns. With this control included, the effect of 

market category recombination becomes larger and the significance level increases (p < 0.01). The effect 

of developing within the firm’s categories is non-significant, but the coefficient is negative across models. 

This may suggest a corollary of hypothesis 1a, where VCs are less likely to invest in firms that build 

incremental knowledge. Because only a subset of organizations in these data patent, column (4) tests the 

effect when run on the risk set of organizations that have previously patented. Results continue to support 

hypothesis 1a. A one standard deviation increase in market category recombination is associated with a 

24% increased likelihood of receiving VC funding.14 This is substantial: twice as large as the increased 

likelihood of being funded after having received a previous round (12%),15  an effect that previous 

literature has shown to result in strong biases in favor of investment, even in the face of evidence that 

returns are declining (Guler, 2007).  

--- Insert table 2 about here --- 

 Tables 3 - 4 contains tests of hypothesis 1b using technology category recombination metrics 

averaged across the firm’s patents (e.g. equation 5).16 Results are reported in estimations run on all 

organizations and for patenting organizations only. When included alone (table 3), none of the technology 

category recombination measures has a statistically significant positive effect on VC funding at the p < 

0.05 level. The average number of classes has a marginally significant effect in models run on all 

organizations, but this disappears in models run on patenters only. 

 Table 4 includes market category covariates. Market category recombination continues to have a 

positive effect, at conventional significance levels (p < 0.05) in most models and marginal levels (p < 

0.10) in all models. The coefficient size of market category combination remains steady, but the 

coefficients for technology category recombination substantially decrease. This provides additional 

evidence that recombination across market category boundaries is positively associated with VC 

                                                             
14 This is computed using the estimate from table 3 column 4, and a standard deviation for market category 
recombination from table 2: exp(0.199 * 1.09) = 1.24. 
15 Computed from estimates reported in table 3 column 4: exp(0.109*1) = 1.12. 
16 Estimates using the firm’s patent that yields the maximum level of recombination (e.g. equation 6) show similar 
results (available upon request). 
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investment. There is no evidence that recombination across technology category boundaries attracts 

venture capital financing. This provides evidence in support of hypothesis 1b. 

--- Insert tables 3 - 4 about here --- 

VC Status 

Table 5 presents estimates that test hypothesis 2. In the first two sets of estimates the dependent variable 

indicates that a firm received funding in a round that included a high, middle, or low-status VC, run on all 

organizations and on patenters only. In the third set, the dependent variable indicates that a firm received 

funding from only a high, middle, or low status investor, run on all organizations (there are not enough 

events to run estimates for this dependent variable for patenters only). The positive effect of 

recombination is most stable for high-status investors, positive and significant at p < 0.10 in all models. 

There is also evidence that low-status VCs invest in firms that engage in market category recombination, 

positive and significant at p < 0.05 in models run on all organizations, though significance levels drop in 

models run on patenting organizations only.  

--- Insert table 5 about here --- 

There is no evidence that middle-status VCs invest in companies that engage in market category 

recombination. Effects are not significant in any model, and coefficients are negative in models run on all 

organizations. In all models of middle-status investors, the coefficient for developing technologies within 

market categories is positive, suggesting that they may have opposite preferences as compared to high or 

low status VCs. In the third set of models, effects are positive and significant for high and low-status 

investors, and negative and non-significant for middle status investors, and 90% confidence intervals do 

not overlap. Together, results provide weak support for hypothesis 2.  

 

Additional Tests 

A number of supplementary analyses were conducted to test the validity of the results. They are described 

below and models are available upon request.  
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There may be a concern that results supporting hypotheses 1a and 1b are due to the way market 

category recombination was computed. To test against this, technology category recombination was 

computed in the same manner. Using the patent citation network, each patent’s proximity to patents of 

different classes were computed as in equation (2), and aggregated to the firm level as in equation (3).17 

This variable does not have a significant effect, and it does not change the effects of market category 

recombination reported above.  

One question may be whether the effects of market category recombination are driven by VCs 

accurately predicting the technologies that will become important. Models test against this by including 

the future citations of the organizations’ patents. Patent citations are the typical measure used to represent 

the impact of a patent (Trajtenberg, 1990).18 It is unusual to include future events in a statistical model, 

but in this case the control provides a conservative test of the hypothesis. If causality is reversed and 

companies that are funded are more likely to have their patents cited, this biases results in favor of the 

control. Effects indicate that results reported above are not accounted for by VCs accurately predicting 

which patents will become important.19  

Another concern might be that effects are picking up on organizations that are in particular 

categories. To test against this, 0/1 indicator variables were included to control for the categories each 

organization was in for a given year, for categories that had ten or more members.20 Results are similar to 

those reported above. 

These data allow for tests of first-round financing, when there is the most uncertainty around an 

investment. Estimates run on a risk set of organizations that have not previously received funding that are 

less than ten years old, for all first round funding and for funding events where all investors in the first 

                                                             
17 These measures have a similar distribution as compared to market category recombination: for patenters only, 
current class, b=1.9, standard deviation=1.8, maximum value = 5.6.  
18 Importance can reliably be measured ex post, but there are not reliable present-time indicators of the future 
importance of patents (Fleming, 2001). Most studies use recombination as the ex-ante measure.  
19 Effects of market category combination lose significance, p = .105 for all organizations and p < 0.10 for patenters 
only. Remember these are conservative models designed to test the alternative explanation that predicting patent 
importance accounts for the market category combination effect. Results do not support this alternative.  
20 Estimates run on patenting organizations would not estimate when this threshold was reduced. Estimates on all 
organizations show similar results when all category dummies are included.  
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round are private equity firms. 21  Results show that market category recombination is positive and 

significant for all round 1 investment (p < 0.10) and for round 1 investment from PE firms only (p = 

0.051).22 This provides additional support for hypothesis 1a. The coefficient for round 1 PE investment 

(n = 0.485	(0.249)) is 2.5x larger than the effect using all rounds from column (3) in table 3 ((n =

0.196	(0.0702)). The trend suggests that patents may be most important as signals when there is the most 

uncertainty surrounding the investment (Hsu and Ziedonis, 2013). 

An important concern in tests of hypothesis 1b might be that patent classification does not reflect 

technology categories in the software industry. To address this, estimations are run using three different 

classifications to calculate originality: the original and current USPTO class, and the WIPO IPC patent 

class. If the original USPTO class did not accurately reflect software categorization, either the IPC class 

or the current USPTO classification should capture technology categories.  

I further test against this concern by testing whether technology category recombination for 

software organizations’ patents has expected effects on future patent citations, the standard measure of 

patent importance. Negative binomial estimations are run on patent citations eight years after the grant 

date. This analysis focuses on effects of the dispersion parameter (alpha), as recombination is predicted to 

result in high-variance outcomes (Fleming, 2001). 23  Results show the expected effect for patent 

originality, the most commonly used measure for technology recombination (Gruber, Harhoff and Hoisl, 

2013), when computed using the USPTO current class. Patents based on recombination across current 

USPTO technology categories are more likely to land in the tails of the distribution: either especially 

important or especially unimportant. 24  For comparison, the patent-level measure of market-category 

                                                             
21 Previous research shows that in initial financing PE investors are especially novelty seeking (Pontikes, 2012). 
22 Round 1 models are run on all organizations, as the round 1 analysis is a substantial reduction in data. Further 
refining the data to patenters only results in small numbers of VC funding events (22 for all investment, 13 for PE 
only). Effects for round 1 funding should be interpreted as high values of recombination leading to higher rates of 
VC investment compared to both firms that patents and do not recombine and firms that do not patent. 
23 The above of effects on VC funding also investigate a high-variance outcome, since investing in high-risk, but 
potentially high-payoff companies – those in the tails of the distribution – is the VC business model. 
24 That the effect is restricted to recombination across current patent classes suggests that reclassifications provide 
more accurate technology categories. But note that models run on patents from all software organizations (including 
all ages and public firms) show a positive and significant effect on the dispersion parameter for all originality 
measures. The negative effect for market category recombination remains.  
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recombination (the natural log of equation (2)) was included in a separate estimation, and this has a 

negative effect on the dispersion parameter (p < 0.001). Technology category recombination has the 

expected effect on novelty for technical but not market evaluations. This suggests that results do not 

simply stem from market categories being a more precise classification.  

 

Effects of controls 

Number of patents does not have a significant effect on receiving funding. This may reflect that success in 

software is not predicated on IP protection. Category fuzziness has a positive effect on in models run on 

all organizations, but is insignificant in models on patenters only. For organizations that patent, 

combining elements across market categories may be a better indicator of novelty than being in a fuzzy 

category. The number of category members does not have a significant effect on venture capital 

investment,25 and the number of market category members that received VC funding has a quadratic 

effect. Together, these results indicate that market category crowding does not have a competitive effect, 

perhaps because it indicates that demand is growing. Controlling for other effects (like previous funding 

rounds), older firms are less likely to receive financing. The number of previous funding rounds is 

positively associated with receiving a subsequent round.  

 

Discussion  

The idea that recombination is the ultimate source of novelty underlies research on technical, economic, 

and social change. This paper suggests that recombination is inherently categorical and depends on the 

evaluator. Findings support this view. Venture capitalists are more likely to invest in organizations that 

engage in recombination across market categories, but measures of recombination across technology 

categories do not significantly correlate with investment. This support the idea that recombination is a 

basis for novelty, but with an important caveat: recombination cannot be properly studied without 

knowing the categorical system the evaluator is using.  

                                                             
25 Estimates were also run with a quadratic term for number of category members and effects reported are similar.  
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Previous research on recombination has given primacy to technology. Studies measure 

recombination across technology categories and also use a technical measure of importance: citations. 

They find that recombination across patent classes results in especially useful inventions. Findings here 

indicate that technology categories are not always the relevant classification and by no means are natural 

divisions that determine recombination. Many evaluators do not use technology categories, and as a 

result, recombination based on these categories does not reflect how novelty is construed. If one did not 

consider the categorical system for a VC, he might come to the erroneous conclusion that recombination 

is not associated with VC investment. But VCs do value firms that engage in recombination – if they 

combine elements across market categories. Recombination is defined with respect to the categorical 

system of the evaluator.  

Findings also indicate that whether recombination is valued also depends on the evaluator. There 

are positive effects of market category recombination on investment by high and low-status VCs, but not 

for middle-status investors. There is directional evidence that middle-status investors shy away from 

recombinatory firms and prefer those that develop within-category technologies. This is consistent with 

research on middle status conformity (Phillips and Zuckerman, 2001). Evaluators that challenge 

conventions value recombination; those who are predisposed to support the status quo are repelled by it.  

This study may help reconcile recent research that questions the link between recombination and 

novelty. Kaplan and Vakili (2014) analyze patent texts to identify when a patent originates a new topic. 

They show that both recombination across patent classes (using citations) and new topic formation (using 

text) result in high patent citations. But these effects are independent: recombination does not lead to new 

topic formation. They interpret these results as calling into question a whether recombination is the 

primary antecedent of novelty. Findings here suggest an alternative: perhaps text-based novelty and 

citation-based recombination rely on different categorical structures.  

In these data, recombination is not measured for firms that do not patent, and so this study does 

not speak to whether VCs invest in firms that engage in non-patented versus patented recombination. But 

the weak effect of number of patents on VC financing does suggest that VCs are not prioritizing IP 
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protection in this context. What matters is the type of patenting a firm engages in. Results indicate that 

patents can be studied not only as measures of IP protection, but also to measure the types of technologies 

a firm develops. Patents do matter in contexts like software because they provide the basis for reliable 

measures of technological advancement – here market category recombination, which is strongly 

associated with VC investment. It may be fruitful for researchers to expand patent studies beyond 

investigating IP.  

Previous research shows that patent counts have a positive effect on VC financing in industries 

like biotechnology and semiconductors with strong intellectual property protection (Baum and Silverman, 

2004; Hsu and Ziedonis, 2013). VCs also seek novel organizations in these contexts. Positive effects of 

recombination on VC financing should be observed even when IP protection is strong, as an effect in 

addition to patent counts. Future research in this area will be informative. 

This work has implications for research on categorization in markets. Much of this literature 

emphasizes how categories constrain individual action, reproducing existing structures (Zuckerman, 

1999). More recently, scholars have focused on actors that challenge institutional boundaries and cause 

categories to change over time (Lounsbury and Rao, 2004; Rao, Monin and Durand, 2005; Pontikes and 

Hannan, 2014). This study lends additional support to the second line of inquiry. VC investment in 

companies that combine elements across market categories results in the blurring of boundaries, leading 

institutional structures to evolve (Negro, Hannan and Rao, 2011).  

Findings also support an audience-based view of categorization (Hannan, Pólos and Carroll, 

2007; Hannan, 2010; Pontikes, 2012; Goldberg, Hannan and Kovács, 2016). Different actors, or the same 

actor in different roles, use different categorical systems. Most contexts yield multiple classifications: 

how academics and practitioners classify research, the critic versus layman’s categorization of music, 

technical versus use-based understanding of products. This study shows that recombination, a concept 

important to many literatures, is fundamentally dependent on these systems of classification.  



 26 

References  
Abernathy, William J, and Kim K. B. Clark. 1985. "Innovation: Mapping the Winds of Creative Destruction." 

Research Policy 14:3-22. 
Audretsch, David B, Werner Bönte, and Prashanth Mahagaonkar. 2012. "Financial Signaling by Innovative 

Nascent Ventures: The Relevance of Patents and Prototypes." Research Policy 41:1407-1421. 
Barsalou, Lawrence W. 1983. "Ad Hoc Categories." Memory & Cognition 11:211-227. 
------. 1991. "Deriving Categories to Achieve Goals." The Psychology of Learning and Motivation: Advances 

in Research and Theory 27:1-64. 
Baum, Joel AC, and Brian B. S. Silverman. 2004. "Picking Winners or Building Them? Alliance, Intellectual, 

and Human Capital As Selection Criteria in Venture Financing and Performance of Biotechnology 
Startups." Journal of Business Venturing 19:411-436. 

Beckman, Christine M., Pamela P. R. Haunschild, and Damon D. J. Phillips. 2004. "Friends or Strangers? 
Firm-Specific Uncertainty, Market Uncertainty, and Network Partner Selection." Organization Science 
15:259-275. 

Bingham, Christopher B, and Steven S. J. Kahl. 2013. "The Process of Schema Emergence: Assimilation, 
Deconstruction, Unitization and the Plurality of Analogies." Academy of Management Journal 56:14-34. 

Clemens, Elisabeth S. 1996. "Organizational Form As Frame: Collective Identity and Political Strategy in the 
American Labor Movement, 1880-1920." Pp. 204-226 in Comparative Perspectives on Social 
Movements, edited by Doug McAdam, John D McCarthy and Mayar N Zald. Cambridge University 
Press. 

Cockburn, Iain M, and Megan M. J. MacGarvie. 2009. "Patents, Thickets and the Financing of Early-Stage 
Firms: Evidence From the Software Industry." Journal of Economics and Management Strategy 18:729-
773. 

Cockburn, I M, and M. J. MacGarvie. 2011. "Entry and Patenting in the Software Industry." Management 
Science 57:915-933. 

Cohen, Julie, and Mark Lemley. 2001. "Patent Scope and Innovation in the Software Industry." California Law 
Review 89:1-57. 

Dahlander, Linus, Siobhan O'Mahony, and David D. M. Gann. 2016. "One Foot In, One Foot Out: How Does 
Individuals' External Search Breadth Affect Innovation Outcomes?" Strat. Mgmt. J 37:280-302. 

DiMaggio, Paul J. 1991. "Constructing An Organizational Field As a Professional Project: U.S. Art Museums, 
1920-1940." Pp. 267-292 in The New Institutionalism in Organizational Analysis, edited by Walter J 
Powell and Paul J DiMaggio. Chicago: The University of Chicago Press. 

Duguid, Michelle M, and Jack J. A. Goncalo. 2015. "Squeezed in the Middle: The Middle Status Trade 
Creativity for Focus." J Pers Soc Psychol 109:589-603. 

Durand, Rodolphe, and Lionel Paolella. 2013. "Category Stretching: Reorienting Research on Categories in 
Strategy, Entrepreneurship, and Organization Theory." Journal of Management Studies 50:1100-1123. 

Dushnitsky, G, and Z Shapira. 2010. "Entrepreneurial Finance Meets Organizational Reality: Comparing 
Investment Practices and Performance of Corporate and Independent Venture Capitalists." Strategic 
Management Journal 31:990-1017. 

Eggers, J.P., and Aseem Kaul. 2014. "Fools Rush In: A Behavioral Perspective on Incumbent Pursuit of 
Radical Technologies." Working Paper, NYU Stern. 

Fleming, Lee. 2001. "Recombinant Uncertainty in Technological Search." Management Science 47:117-132. 
Foster, J. G., A. Rzhetsky, and J. J. A. Evans. 2015. "Tradition and Innovation in Scientists' Research 

Strategies." American Sociological Review 80:875-908. 
Goldberg, Amir, Michael Hannan, and Balázs Kovács. 2016. "What Does It Mean to Span Cultural 

Boundaries? Variety and Atypicality in Cultural Consumption." American Sociological Review. 
Goldfisher, Alastair. 2014. "'Category Kings' Are Better Than Unicorns." The PE Hub Network, November 13. 
Gompers, Paul A. 1996. "Grandstanding in the Venture Capital Industry." Journal of Financial Economics 

42:133-156. 
Graham, S, and T Sichelman. 2008. "Why Do Start-ups Patent." Berkeley Technology Law Journal 23:1063-

97. 



 27 

Gruber, M, D Harhoff, and K Hoisl. 2013. "Knowledge Recombination Across Technological Boundaries: 
Scientists Vs. Engineers." Management Science 59:837-851. 

Guler, Isin. 2007. "Throwing Good Money After Bad? Political and Institutional Influences on Sequential 
Decision Making in the Venture Capital Industry." Administrative Science Quarterly 52:248-285. 

Hall, Bronwyn, Adam Jaffe, and Manuel Trajtenberg. 2001. "The NBER Patent Citations Data File: Lessons, 
Insights, and Methodological Tools." in NBER Working Paper Series. Cambridge, MA: National Bureau 
of Economic Research. 

Hall, Bronwyn H. 2005. "A Note on the Bias in Herfindahl-type Measures Based on Count Data.". 
Hall, Bronwyn H, and Josh Lerner. 2010. "The Financing of R&D and Innovation." Pp. 609-639 in Handbook 

of the Economics of Innovation, vol. 1, edited by Bronwyn Hall and Nathan Rosenberg. 
Hall, Bronwyn H, and Megan MacGarvie. 2010. "The Private Value of Software Patents." Research Policy 

39:994-1009. 
Hannan, Michael T. 2010. "Partiality of Membership in Categories and Audiences." Annual Review of 

Sociology 36:159-181. 
Hannan, Michael T, László Pólos, and Glenn Carroll. 2007. Logics of Organization Theory: Audiences, Codes 

and Ecologies. Princeton, NJ: Princeton University Press. 
Hargadon, Andrew, and Robert Sutton. 1997. "Technology Brokering and Innovation in a Product 

Development Firm." Administrative Science Quarterly 42:716-749. 
Henderson, Rebecca, and Kim Clark. 1990. "Architectural Innovation: The Reconfiguration of Existing 

Product Technologies and the Failure of Established Forms." Administrative Science Quarterly 35:9-30. 
Hisrich, R D, and A. D. Jankowicz. 1990. "Intuition in Venture Capital Decisions: An Exploratory Study 

Using a New Technique." Journal of Business Venturing 5:49-62. 
Hoberg, G, and G Phillips. 2010. "Product Market Synergies and Competition in Mergers and Acquisitions: A 

Text-Based Analysis." Review of Financial Studies 23:3773-3811. 
Hoberg, Gerard, and Gordon Phillips. 2015. "Text-Based Network Industries and Endogenous Product 

Differentiation." Journal of Political Economy. 
Hoberg, Gerard, Gordon Phillips, and Nagpurnanand Prabhala. 2014. "Product Market Threats, Payouts, and 

Financial Flexibility." The Journal of Finance 69:293-324. 
Hsu, David H, and Rosemarie R. H. Ziedonis. 2013. "Resources As Dual Sources of Advantage: Implications 

for Valuing Entrepreneurial-firm Patents." Strategic Management Journal 34:761-781. 
Hsu, Greta. 2006. "Evaluative Schemas and the Attention of Critics in the US Film Industry." Industrial and 

Corporate Change 15:467-496. 
Hsu, Greta, Michael Hannan, and Ozgecan Koçak. 2009. "Multiple Category Memberships in Markets: An 

Integrative Theory and Two Empirical Tests." American Sociological Review 74:150-69. 
Kaplan, Sarah, and Keyvan Vakili. 2014. "The Double-edged Sword of Recombination in Breakthrough 

Innovation." Strat. Mgmt. J n/a-n/a. 
Katila, R, and G Ahuja. 2002. "Something Old, Something New: A Longitudinal Study of Search Behavior 

and New Product Introduction." Academy of Management Journal 45:1183-1194. 
Kogut, Bruce, and Udo Zander. 1992. "Knowledge of the Firm, Combinative Capabilities, and the Replication 

of Technology." Organization Science 3:383-397. 
Leahey, E., C. C. M. Beckman, and T. T. L. Stanko. 2016. "Prominent but Less Productive: The Impact of 

Interdisciplinarity on Scientists Research." Administrative Science Quarterly. 
Leahey, Erin. 2006. "Gender Differences in Productivity Research Specialization As a Missing Link." Gender 

& Society 20:754-780. 
Lee, Peggy M, Timothy T. G. Pollock, and Kyuho Jin. 2011. "The Contingent Value of Venture Capitalist 

Reputation." Strategic Organization 9:33-69. 
Lee, Peggy M., and Sunil Wahal. 2004. "Grandstanding, Certification and the Underpricing of Venture Capital 

Backed IPOs." Journal of Financial Economics 73:375-407. 
Lemley, M A. 2000. "Reconceiving Patents in the Age of Venture Capital." J. Small & Emerging Bus. L 4:137. 
Lerner, Joshua. 1994. "The Importance of Patent Scope: An Empirical Analysis." The RAND Journal of 

Economics 25:319. 



 28 

Leung, Ming, and Amanda Sharkey. 2013. "Out of Sight, Out of Mind? Evidence of Perceptual Factors in the 
Multiple-Category Discount." Organization Science 25:171-184. 

Lewis, Michael. 1999. The New New Thing: A Silicon Valley Story. WW Norton & Company. 
Li, Guan-Cheng et al. 2014. "Disambiguation and Co-authorship Networks of the U.S. Patent Inventor 

Database (1975–2010)." Research Policy 43:941-955. 
Lounsbury, Michael, and Hayagreeva Rao. 2004. "Sources of Durability and Change in Market Classifications: 

A Study of the Reconstitution of Product Categories in the American Mutual Fund Industry, 1944-1985." 
Social Forces 82:969-999. 

Lupyan, Gary, Daniel Mirman, Roy Hamilton, and Sharon S. L. Thompson-Schill. 2012. "Categorization Is 
Modulated by Transcranial Direct Current Stimulation Over Left Prefrontal Cortex." Cognition 124:36-49. 

MacMillan, Ian C, lauriann Zemann, and P. N. Subbanarasimha. 1987. "Criteria Distinguishing Successful 
From Unsuccessful Ventures in the Venture Screening Process." Journal of Business Venturing 2:123-
137. 

Mann, R J, and T. W. Sager. 2007. "Patents, Venture Capital, and Software Start-ups." Research Policy 
36:193-208. 

Mann, Ronald J. 2005. "Do Patents Facilitate Financing in the Software Industry?" Texas Law Review 83:1-71. 
March, James G. 1991. "Exploration and Exploitation in Organizational Learning." Organization Science 2:71-

87. 
Marks, Howard S. 1993. "The Value of Predictions, or Whered All This Rain Come From?" Financial 

Analysts Journal 49. 
Merluzzi, J., and D. D. J. Phillips. 2015. "The Specialist Discount: Negative Returns for MBAs with Focused 

Profiles in Investment Banking." Administrative Science Quarterly 61:87-124. 
Montauti, Martina, and Filippo F. C. Wezel. 2016. "Charting the Territory: Recombination As a Source of 

Uncertainty for Potential Entrants." Organization Science 27:954-971. 
Murphy, Gregory. 2004. The Big Book of Concepts. Cambridge, MA: MIT Press. 
Negro, G, . T. Hannan, and H Rao. 2011. "Category Reinterpretation and Defection: Modernism and Tradition 

in Italian Winemaking." Organization Science 22:1449-1463. 
Negro, Giacomo, Michael M. T. Hannan, and Hayagreeva Rao. 2010. "Categorical Contrast and Audience 

Appeal: Niche Width and Critical Success in Winemaking." Industrial and Corporate Change 19:1397-
1425. 

Nelson, R, and S Winter. 1982. An Evolutionary Theory of Economic Change. Cambridge: Harvard University 
Press. 

Nerkar, Atul. 2003. "Old Is Gold? The Value of Temporal Exploration in the Creation of New Knowledge." 
Management Science 49:211-229. 

Onorato, Nicole. 1997. Trends in Venture Capital Funding in the 1990s. Washington, DC: U.S. Small 
Business Administration Office of Advocacy. 

Phillips, Damon J, and David Owens. 2004. "Incumbents, Innovation, and Competence: The Emergence of 
Recorded Jazz, 1920 to 1929." Poetics 32:281-295. 

Phillips, Damon J, and Ezra E. W. Zuckerman. 2001. "Middle-status Conformity: Theoretical Restatement and 
Empirical Demonstration in Two Markets." American Journal of Sociology 107:379-429. 

Podolny, J. 2001. "Networks as the Pipes and Prisms of the Market." American Journal of Sociology 107:33-60. 
Podolny, Joel, Toby Stuart, and Michael M. T. Hannan. 1996. "Networks, Knowledge, and Niches: 

Competition in the Worldwide Semiconductor Industry, 1984-1991." American Journal of Sociology 
102:659-689. 

Pollock, Neil, and Robin Williams. 2009. "The Sociology of a Market Analysis Tool: How Industry Analysts 
Sort Vendors and Organize Markets." Information and Organization 19:129-151. 

Pontikes, E. G., and W. W. P. Barnett. 2016. "The Non-consensus Entrepreneur: Organizational Responses to 
Vital Events." Administrative Science Quarterly. 

Pontikes, Elizabeth G. 2012. "Two Sides of the Same Coin: How Ambiguous Classification Affects Multiple 
Audiences' Evaluations." Administrative Science Quarterly 57:81-118. 



 29 

Pontikes, Elizabeth G, and Michael M. T. Hannan. 2014. "An Ecology of Social Categories." Sociological 
Science 1:311-343. 

Pontikes, Elizabeth G., and William W. P. Barnett. 2015. "The Persistence of Lenient Market Categories." 
Organization Science 26:1415 - 1431. 

Ramadan, Al, Christopher Lochhead, Dave Peterson, and Kevin Maney. 2013. "Time to Market Cap: The New 
Metric That Matters." Play Bigger Advisors, LLC. 

Rao, Hayagreeva. 1998. "Caveat Emptor: The Construction of Nonprofit Consumer Watchdog Organizations." 
American Journal of Sociology 103:912-961. 

Rao, Hayagreeva, Phillipe Monin, and Rodolphe Durand. 2005. "Border Crossing: Bricolage and the Erosion 
of Categorical Boundaries in French Gastronomy." American Sociological Review 70:968-991. 

Rindova, V P, and . P. Petkova. 2007. "When Is a New Thing a Good Thing? Technological Change, Product 
Form Design, and Perceptions of Value for Product Innovations." Organization Science 18:217-232. 

Rosenkopf, L, and A Nerkar. 2001. "Beyond Local Search: Boundary-spanning, Exploration, and Impact in the 
Optical Disk Industry." Strategic Management Journal 22:287-306. 

Rzhetsky, Andrey, Jacob J. G. Foster, Ian I. T. Foster, and James J. A. Evans. 2015. "Choosing Experiments to 
Accelerate Collective Discovery." Proc Natl Acad Sci U S A 112:14569-14574. 

Sahlman, W. 1990. "The Structure and Governance of Venture-Capital Organizations." Journal of Financial 
Economics 27:473-521. 

Schoenmakers, Wilfred, and Geert Duysters. 2010. "The Technological Origins of Radical Inventions." 
Research Policy 39:1051-1059. 

Schumpeter, Joseph. 1942. Capitalism, Socialism, and Democracy. New York: Harper & Brothers Publishers. 
------. 1934. The Theory of Economic Development. Cambridge, MA: Harvard University Press. 
Smith, Edward Bishop. 2011. "Identities As Lenses: How Organizational Identity Affects Audiences' 

Evaluation of Organizational Performance." Administrative Science Quarterly 56:61-94. 
Sorenson, Olav, and Toby Stuart. 2008. "Bringing the Context Back In: Settings and the Search for Syndicate 

Partners in Venture Capital Investment Networks." Administrative Science Quarterly 53 53:266-294. 
Stuart, Toby E, Ha Hoang, and Ralph R. C. Hybels. 1999. "Interorganizational Endorsements and the 

Performance of Entrepreneurial Ventures." Administrative Science Quarterly 44:315. 
Thiel, Peter A, and Blake Masters. 2014. Zero to One: Notes on Startups, or How to Build the Future. New 

York: Crown Business. 
Trajtenberg, Manuel. 1990. "A Penny for Your Quotes: Patent Citations and the Value of Innovations." The 

RAND Journal of Economics 21:172. 
Trajtenberg, Manuel, Rebecca Henderson, and Adam Jaffe. 1997. "University Versus Corporate Patents: A 

Window on the Basicness of Invention." Economics of Innovation and New Technology 5:19-50. 
Tushman, Michael, and Philip Anderson. 1986. "Technological Discontinuities and Organizational 

Environments." Administrative Science Quarterly 31:439-465. 
Uzzi, Brian, Satyam Mukherjee, Michael Stringer, and Ben Jones. 2013. "Atypical Combinations and 

Scientific Impact." Science 342:468-72. 
Vilhena, Daril, Jacob Foster, Martin Rosvall, Jevin West, James Evans, and Carl Bergstrom. 2014. "Finding 

Cultural Holes: How Structure and Culture Diverge in Networks of Scholarly Communication." 
Sociological Science 1:221-238. 

Wang, Ping. 2010. "Chasing the Hottest IT: Effects of Information Technology Fashion on Organizations." 
MIS Quarterly 34:63-85. 

------. 2009. "Popular Concepts Beyond Organizations: Exploring New Dimensions of Information Technology 
Innovations." Journal of the Association for Information Systems 10:1-30. 

Weitzman, Martin L. 1998. "Recombinant Growth." The Quarterly Journal of Economics 113:331-360. 
Wezel, Filippo, Balazs Kovacs, and Gianluca Carnabuci. 2014. "Being There: Patent Class Contrast and the 

Impact of Technological Innovations." Working Paper, University of Lugano and Yale University. 
Zuckerman, Ezra W. 1999. "The Categorical Imperative: Securities Analysts and the Illegitimacy Discount." 

American Journal of Sociology 104:1398-1438. 
  



 30 

Figures 
 

Figure 1. Example of two types of recombination in athletic wear.  
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Figure 2. Mean VC funding events by market category recombination.* 

 
 
 
 
Figure 3. Mean VC funding events by technology category recombination (originality, USPTO current class).* 

 
 
*Data include patenting organizations only. 
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Tables 
 
Table 1. Descriptive statistics (age < 15 years, 1995 - 2002). 
 

All organizations (N=9,049) Patenting organizations only (N=1,057) 

  
Mean Std. Dev. Min. Max.   Mean Std. Dev. Min. Max. 

Received VC funding (1) 0.1550 0.3620 0 1 Received VC funding (1) 0.1646 0.3710 0 1 

Market category recombination (2) 0.1085 0.4775 0 3.962 Market category recombination (2) 0.9292 1.0909 0 3.962 

Develops within market categories (3) 0.0124 0.0905 0 1.631 Develops within market categories (3) 0.1061 0.2454 0 1.631 

Originality (USPTO original class) (4) 0.0461 0.1869 0 1 Originality (USPTO original class) (4) 0.3944 0.4024 0 1 

Originality (IPC class) (5) 0.0354 0.1576 0 1 Originality (IPC class) (5) 0.3035 0.3626 0 1 

Originality (USPTO current class) (6) 0.0469 0.1902 0 1 Originality (USPTO current class) (6) 0.4016 0.4092 0 1 

No. subclasses (7) 0.0977 0.3842 0 2.773 No. subclasses (7) 0.8367 0.8035 0 2.773 

No. classes (8) 0.0650 0.2558 0 2.303 No. classes (8) 0.5561 0.5358 0 2.303 

No. future citations (8 years) (9) 0.2406 0.9641 0 7.568 No. future citations (8 years) (9) 2.060 2.053 0 7.568 

Number of patents (10) 0.1670 0.9772 0 21 Number of patents (10) 1.430 2.525 0 21 

Category fuzziness (11) 0.3785 0.2766 0 0.8332 Category fuzziness (11) 0.5354 0.1194 0 0.7974 

No. members of categories 
(weighted; logged) 

(12) 2.432 1.964 0 6.549 No. members of categories 
(weighted; logged) 

(12) 3.452 1.275 0 6.121 

No. category members received VC 
funding (weighted) 

(13) 3.133 4.126 0 25.07 No. category members received VC 
funding (weighted) 

(13) 2.693 3.703 0 25.07 

No. category members received VC 
funding squared (weighted) 

(14) 26.84 70.44 0 628.8 No. category members received VC 
funding squared (weighted) 

(14) 20.96 59.12 0 628.8 

Number of acquisitions (15) 0.0082 0.0971 0 4 Number of acquisitions (15) 0.0255 0.1905 0 4 

Tenure in data (16) 1.823 2.028 0 13 Tenure in data (16) 3.547 2.245 0 13 

Number of previous rounds of 
financing 

(17) 0.646 1.626 0 20 Number of previous rounds of 
financing 

(17) 1.105 2.124 0 15 

Ranked in Software 500 (18) 0.061 0.239 0 1 Ranked in Software 500 (18) 0.1003 0.3005 0 1 

Year (19) 1999 2.049 1995 2002 Year (19) 1999 1.947 1995 2002 
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Table 2. Piecewise continuous models hazard rate models on likelihood to receive VC funding. Effects of 
market category recombination.1  
 

 (1) (2) (3) (4) 
 < 15 years < 15 years < 15 years < 15 years; 

patenters 
Market category recombination  0.147* 0.196** 0.199* 
  (0.0604) (0.0702) (0.0953) 
Develops within market categories   -0.408 -0.422 
   (0.325) (0.359) 
Number of patents 0.0243 -0.0277 -0.0274 -0.0686 
 (0.0226) (0.0344) (0.0331) (0.0446) 
Category fuzziness 1.368*** 1.335*** 1.288*** 0.192 
 (0.240) (0.241) (0.246) (0.857) 
No. members of categories (weighted; logged) 0.0396 0.0398 0.0465 0.0840 
 (0.0301) (0.0303) (0.0309) (0.0646) 
No. category members received VC funding 

(weighted) 
0.0377* 0.0379* 0.0383* 0.0928+ 
(0.0182) (0.0183) (0.0183) (0.0553) 

No. category members received VC funding 
squared (weighted) 

-0.00262* -0.00264* -0.00266* -0.00650+ 
(0.00108) (0.00108) (0.00108) (0.00378) 

Number of acquisitions -0.00333 0.0113 0.0158 0.680* 
 (0.314) (0.320) (0.326) (0.313) 
Tenure in data -0.0590* -0.0645* -0.0634* -0.0421 
 (0.0287) (0.0290) (0.0291) (0.0457) 
Number of previous rounds of financing 0.159*** 0.160*** 0.160*** 0.109** 
 (0.0287) (0.0284) (0.0284) (0.0411) 
Ranked in Software 500 -0.195 -0.199 -0.198 -0.679* 
 (0.159) (0.158) (0.157) (0.316) 
Time piece: 0-1 year -2.125*** -2.123*** -2.125*** -1.281+ 
 (0.146) (0.146) (0.146) (0.687) 
Time piece: 1-3 years -3.876*** -3.861*** -3.862*** -2.676*** 
 (0.157) (0.157) (0.157) (0.638) 
Time piece: 3-5 years -4.689*** -4.661*** -4.664*** -3.474*** 
 (0.229) (0.230) (0.230) (0.673) 
Time piece: 5+ years -5.711*** -5.663*** -5.669*** -5.023*** 
 (0.434) (0.434) (0.433) (0.954) 
Year Dummies Yes Yes Yes Yes 
Category dummies No No No No 
Log pseudo likelihood -3587.4 -3584.7 -3584.1 -356.3 
Degrees of freedom 20 21 22 22 

 
+p<.10 *p<.05 **p<.01 *** p < 0.001 
1.For all organizations, there are 1,403 events for 3,298 organizations over 9,049 organization-years. For patenters 
only, there are 174 events for 368 organizations over 1,057 organization-years. Risk set restricted to organizations < 
15 years old (or founding date unknown). All independent variables are lagged. 
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Table 3. Piecewise continuous models hazard rate models on likelihood to receive VC funding. Effects of technology category recombination.1 

 
  All organizations (age < 15 years) 
 Originality  

(USPTO original class) 
Originality 
(IPC) 

Originality  
(USPTO current class) 

No. subclasses No. 
classes 

Technology category recombination 0.159 0.0732 0.283 0.133 0.230+ 
 (0.181) (0.231) (0.180) (0.0906) (0.138) 
Number of patents 0.00182 0.0166 -0.0173 -0.0191 -0.0252 
 (0.0319) (0.0299) (0.0344) (0.0359) (0.0369) 
Log pseudo likelihood -3587.0 -3587.3 -3586.1 -3586.3 -3585.8 
      
  Patenting organizations (age < 15 years) 
Technology category recombination -0.0286 -0.265 0.133 0.0537 0.142 
 (0.198) (0.234) (0.212) (0.105) (0.151) 
Number of patents -0.0438 -0.0290 -0.0565 -0.0560 -0.0630 
 (0.0404) (0.0375) (0.0427) (0.0428) (0.0444) 
Log pseudo likelihood -358.2 -357.7 -358.1 -358.1 -357.9 

 
+p<.10 *p<.05 **p<.01 *** p < 0.001 
1 For all organizations, there are 1,403 events for 3,298 organizations over 9,049 organization-years. For patenters only, there are 174 events for 368 
organizations over 1,057 organization-years. Risk set restricted to organizations < 15 years old (or founding date unknown). There are 21 degrees of freedom in 
all models. All models include controls for category fuzziness, number of category members (logged), number of category members that received VC funding 
(and squared), number of acquisitions, tenure in data, number of previous rounds of funding, whether ranked in the Software 500, and year dummies. Time 
pieces are included for 0–1, 1-3, 3-5, and 5+ years. All independent variables are lagged. 
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Table 4. Piecewise continuous models hazard rate models on likelihood to receive VC funding. Effects of market and technology category 
recombination.1 

 
  All organizations (age < 15 years) 
 Originality  

(USPTO original class) 
Originality 
(IPC) 

Originality  
(USPTO current class) 

No. subclasses No. 
classes 

Market category recombination 0.236* 0.224** 0.206* 0.213* 0.186+ 
 (0.0939) (0.0793) (0.0990) (0.102) (0.0981) 
Develops within market categories -0.370 -0.405 -0.405 -0.402 -0.411 
 (0.311) (0.321) (0.320) (0.320) (0.324) 
Technology category recombination -0.195 -0.216 -0.0410 -0.0360 0.0277 
 (0.264) (0.270) (0.266) (0.143) (0.205) 
Number of patents -0.0135 -0.0128 -0.0250 -0.0217 -0.0302 
 (0.0352) (0.0345) (0.0363) (0.0376) (0.0387) 
Log pseudo likelihood -3583.7 -3583.7 -3584.0 -3584.0 -3584.0 

        Patenting organizations (age < 15 years) 
Market category recombination 0.248* 0.235* 0.236* 0.241* 0.213+ 
 (0.111) (0.0953) (0.112) (0.114) (0.113) 
Develops within market categories -0.377 -0.409 -0.411 -0.412 -0.419 
 (0.347) (0.350) (0.352) (0.356) (0.358) 
Technology category recombination -0.282 -0.408+ -0.160 -0.100 -0.0484 
 (0.253) (0.248) (0.251) (0.139) (0.196) 
Number of patents -0.0529 -0.0471 -0.0618 -0.0565 -0.0650 
 (0.0440) (0.0429) (0.0451) (0.0450) (0.0465) 
Log pseudo likelihood -355.7 -355.1 -356.1 -356.1 -356.3 

 
+p<.10 *p<.05 **p<.01 *** p < 0.001 
1 For all organizations, there are 1,403 events for 3,298 organizations over 9,049 organization-years. For patenters only, there are 174 events for 368 
organizations over 1,057 organization-years. Risk set restricted to organizations < 15 years old (or founding date unknown). There are 23 degrees of freedom in 
all models. All models include controls for category fuzziness, number of category members, number of category members that received VC funding (and 
squared), number of acquisitions, tenure in data, number of previous rounds of funding, whether ranked in the Software 500, and year dummies. Time pieces are 
included for 0–1, 1-3, 3-5, and 5+ years. All independent variables are lagged. 
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Table 5. Piecewise continuous hazard rate models on likelihood to receive funding from high, middle, and 
low status VCs. Effects of market category recombination.1 
 
  All organizations (age < 15 years) 
  High status Middle status Low status 
Market category recombination 0.314** -0.0355 0.254* 
 (0.113) (0.125) (0.110) 
Develops within market categories -0.630 0.142 -0.339 
 (0.550) (0.543) (0.454) 
Number of patents -0.0468 -0.0721 -0.0686 
 (0.0663) (0.0675) (0.0717) 
No. events 440 588 681 
Log pseudo likelihood -1548.6 -1928.3 -2169.1 

      Patenting organizations (age < 15 years) 
  High status Middle status Low status 
Market category recombination 0.276+ 0.147 0.173 
 (0.151) (0.175) (0.144) 
Develops within market categories -0.480 0.311 -0.135 
 (0.602) (0.586) (0.491) 
Number of patents -0.0869 -0.126 -0.0945 
 (0.0775) (0.0885) (0.0771) 
No. events 63 63 91 
Log pseudo likelihood -178.3 -181.3 -236.6 

      All organizations (age < 15 years) 
  High status only Middle status only Low status only 
Market category recombination 0.372+ -0.419 0.411* 
 (0.202) (0.315) (0.175) 
Develops within market categories -1.135 0.447 -0.913 
 (1.225) (1.509) (0.830) 
Number of patents 0.00505 -0.264 -0.0300 
 (0.117) (0.177) (0.109) 
No. events 120 186 272 
Log pseudo likelihood -582.4 -848.7 -1154.5 

 
+p<.10 *p<.05 **p<.01 *** p < 0.001 
1 For all organizations, there are 1,403 events for 3,298 organizations over 9,049 organization-years. For patenters 
only, there are 174 events for 368 organizations over 1,057 organization-years. Risk set restricted to organizations < 
15 years old (or founding date unknown). There are 22 degrees of freedom in all models. All models include 
controls for category fuzziness, number of category members, number of category members that received VC 
funding (and squared), number of acquisitions, tenure in data, number of previous rounds of funding, whether 
ranked in the Software 500, and year dummies. Time pieces are included for 0–1, 1-3, 3-5, and 5+ years. All 
independent variables are lagged. 
 


