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THE CREATION OF EMERGING TECHNOLOGIES BY INCUMBENT FIRMS IN ESTABLISHED INDUSTRIES

Abstract

Incumbent firms have come to be viewed as typically responding to major breakthroughs once the impact on established markets and/or dominant designs is clear. The paradox of why incumbents, which have substantial resources for innovation, take a passive role in technological change has been a topic of keen interest in strategy. In contrast, we show that firms may take a proactive inventive role in technology cycles, thereby not simply focusing on incremental invention with regard to dominant designs. Our interest is in the strategies that are successful for this inventive role in the early phases of an emerging field---the period after a major technological change in which it is unclear how the new technology will affect dominant designs. We hypothesize that the key is developing an understanding of the technology landscape. This is enabled by the search for novel technical knowledge, knowledge from dissimilar partners and scientific knowledge in the public domain so long as the benefits of searching for additional knowledge inputs outweigh the costs. We find support for our propositions using data from the global semiconductor industry between 1989 and 2002. 

Introduction

The role of incumbent firms in technological change is an important topic in strategy. Major changes in technology are often thought to begin with a new product threatening incumbents’ existing product markets, followed by an era of ferment when firms introduce competing designs, and ending with the establishment and incremental improvements of a new dominant design (Anderson and Tushman, 1990). A number of studies have addressed why incumbent firms fail to respond to these drastic transitions 
 ADDIN EN.CITE 
(e.g., Christensen and Rosenbloom, 1995; Hill and Rothaermel, 2003; Mitchell, 1989; Rothaermel, 2001; Sinha and Noble, 2005; Teece, 1986; Tripsas, 1997; Tushman and Anderson, 1986)
. A key insight from this literature is that survival depends on whether new products and new dominant designs challenge incumbent firms’ core technical strength, complementary assets or external value chain. 

However, what is less understood is the role of incumbent firms before the introduction of threatening products. In the case of revolutionary discovery such as recombinant DNA or atomic force microscopy, the introduction of new products enabled by the discovery follows after decades of invention in newly emerging technology fields the discovery spawns. Prior research suggests that invention in emerging fields is driven by new entrants and that incumbents tend to neglect these fields, concentrating instead on improving existing dominant designs 


(Christensen and Bower, 1996; Tushman and Anderson, 1986) ADDIN EN.CITE . There has been relatively little research explaining the inventive contribution of incumbent firms to emerging fields when the fields’ impact on product market is unclear (Libaers et al., 2006; Rothaermel and Thursby, 2007). 
In this paper, we adopt the view that invention or knowledge creation is a result of searching for and combining knowledge in the technological landscape (Fleming and Sorenson, 2001). We argue an incumbent’s inventive productivity during an emerging field’s infancy depends on the firm’s ability to understand and exploit a constantly changing landscape. We consider three types of knowledge in the firm’s search: knowledge in novel technology areas, scientific knowledge and knowledge of technologically-distant partners. Search in each of these cases is highly uncertain and likely to be subject to learning by doing. There is also an increasing opportunity cost of resources devoted to search because of the competitive pressure to improve designs in current products and processes. Thus there is a tension between the potential benefits and cost of search which determines the extent and productivity of search. For search in novel areas and search of scientific knowledge, we hypothesize an S-shaped relationship between search and inventive productivity. For knowledge gained from partners, we hypothesize that a heterogeneous mix of partners has a positive effect on invention. We find broad support for  these hypotheses for a novel dataset from the global semiconductor industry between 1989 and 2002, the period before nanotechnology had a significant impact on the industry’s dominant design 

Our study expands our understanding of the role of incumbent firms in technological change 
 ADDIN EN.CITE 
(Ahuja and Lampert, 2001; Darby and Zucker, 2003; Fleming, 2001; Fleming and Sorenson, 2001; Fleming and Sorenson, 2004; Henderson and Cockburn, 1994)
 and extends the study of corporate entrepreneurship to a context of the early stages of technological change. We find evidence against the view that incumbent firms are merely passive or reactive to major technological changes. Rather we find significant invention by incumbents, and we relate the relative success of incumbents to their willingness to search novel areas, science in the public domain, and alliances with a balanced portfolio of partners. 
Theoretical Background

An Emerging Technological Field

An emerging field is a recently developed body of leading-edge technological knowledge (Ahuja and Lampert, 2001). Although inventions in an emerging field create opportunities for existing firms and industries, they often also challenge the dominant design of existing products or methods of production, thereby creating opportunities for entirely new industries (Mitchell, 1989; Tushman and Anderson, 1986). For example, technological inventions at the atomic, molecular, or macromolecular range of approximately 1-100 nanometers, because of their novel properties have already enabled improvements in products and processes in a number of industries. In many cases, such as the semiconductor industry, such inventions also threaten the dominant design. 

Our interest is in emerging fields that eventually overturn the dominant design in one or more industries. We focus on invention strategies of incumbent firms during a field’s infancy when it is not clear whether or how an industry’s dominant design will be overturned.  During this period, knowledge from the emerging field enables engineers to improve existing products and processes without changing the dominant design, and there is considerable uncertainty as to how the dominant design will be affected by the emerging field. Gradually, however, the threat to the existing design, as well as the opportunities for the next generation of dominant designs, becomes increasingly visible. Industry incumbents then begin to compete for a new design using knowledge from the emerging field (Martin and Mitchell, 1998). Our focus is not on this eventual competition, but rather on the extent to which incumbent firms create technologies in the infancy of an emerging field prior to the realization of a paradigmatic shift. As noted by Ahuja and Lampert (2001), the creation of inventions in emerging fields is understudied.
Inventions in an Emerging Field

An invention in an emerging field refers to a new process, composition of matter, or design that adds to knowledge in an emerging field. Such inventions go beyond simply adding to the scope and precision of existing dominant designs. Emerging fields tend to be characterized by a flurry of inventions, which in combination can lead to a paradigmatic shift in an industry’s dominant designs. Thus what distinguishes the inventions we consider from others is their role in challenging and potentially overturning existing dominant product or process designs.

 By focusing on inventions in emerging fields, our analysis differs from the general literature on knowledge search 
 ADDIN EN.CITE 
(Fleming, 2001; Fleming and Sorenson, 2001; Fleming and Sorenson, 2004)
 as well as the literature on breakthrough inventions 
 ADDIN EN.CITE 
(Ahuja and Lampert, 2001; Fleming, 2002; Phene et al., 2006)
. Breakthrough inventions lead to subsequent inventions, but in many cases overcome important hurdles in refining an existing product/process design.  

We also distinguish inventions in emerging fields from so-called “Grilichesian breakthroughs” which are new methods of inventing that enable invention in emerging fields and the creation of new industries (Darby and Zucker, 2003). Such breakthroughs are rare, but more importantly, they introduce entirely new methods of discovery, thereby enabling the development of new scientific and industrial subfields. For example, Herbert Boyer and Stanley Cohen’s method for cloning genetically engineered molecules enabled the development of biotechnology. More recently, the scanning tunneling microscope (STM) and atomic force microscope (AFM) were breakthroughs that enabled subsequent inventions in nanotechnology. 

In the case of genetic engineering, the initial breakthrough invention originates from universities, and much of the invention in the emerging field of biotechnology (particularly in its infancy) came from new entrants (Zucker et al., 1998b). By contrast, the initial breakthrough for nanotechnology came out of IBM’s Zurich lab and incumbent firms have invested considerable resources in the area (Rothaermel and Thursby, 2007). This suggests it is important to understand the factors behind successful invention by incumbent firms early in the evolution of emerging fields. Thus our theory will focus on knowledge search in the early phases of an emerging field.

Incumbent Firm Incentives
There is a wealth of literature in economics, organizational theory and strategy on reasons that incumbent firms may lag entrants in entering product markets of new fields. In many cases, the underlying technical advances come from outside the incumbent’s industry, so incumbents may be at a disadvantage in adapting the new technology (Kline and Rosenberg, 1986). Even inventions created by the incumbent may fail to be commercialized because they do not support the existing value chain 
 ADDIN EN.CITE 
(Christensen and Rosenbloom, 1995; Tripsas, 1997)
. Incumbents may also face organizational rigidities that place them at a disadvantage relative to entrants 
 ADDIN EN.CITE 
(Henderson, 1993; Henderson and Clark, 1990)
. 

There is also a growing literature on ways in which incumbents can overcome commercialization hurdles 
 ADDIN EN.CITE 
(Day and Schoemaker, 2000; Gans et al., 2002; Hill and Rothaermel, 2003; Sinha and Noble, 2005; Teece, 1986)
. For instance, incumbents may enter niche markets and serve lead users to avoid cannibalizing their existing value chain (Day and Schoemaker, 2000). Alternatively, they may profit from innovation by licensing rather than commercialization per se (Arora and Fosfuri, 2003). In industries where standards are important, broadly licensing inventions is a common strategy for establishing the incumbent’s products as the industry standard (cf., Arora et al., 2001). 
Thus, much of the literature has focused on commercialization of new products rather than the creation of technology (exception Rothaermel and Thursby, 2007).  Issues of commercialization become increasingly relevant after the infancy of emerging fields—once there is competition for the dominant design and/or after rivals have commercialized products based on the dominant design 
 ADDIN EN.CITE 
(Anderson and Tushman, 1990; Christensen and Rosenbloom, 1995; Martin and Mitchell, 1998; Mitchell, 1989; Tripsas, 1997)
.  However, in emerging fields, particularly those spawned by Grilichesian breakthroughs, commercialization by either incumbents or entrants occurs only after a decade or more of technological invention and refinement (Rothaermel and Thursby, 2007). 
There are clear incentives for incumbent firms to create inventions in an emerging field during its infancy. First, early movers develop absorptive capacity in applying and building on the new technology (Cohen and Levinthal, 1989). This capacity is critical in the subsequent design competition because working with new technology often requires tacit knowledge that is difficult to acquire through licensing or acquisition without prior related experience (Zucker et al., 1998a). Additionally, an emerging field presents opportunities for an incumbent firm to influence its strength in product market competition (Mitchell, 1989). For instance, according to our interviews, early on semiconductor firms experimented with nanotechnology in attempts to extend the value of their existing fabrication facilities for as long as possible. Nonetheless, the same barriers that tend to impede incumbent commercialization may also delay incumbent technology creation. Thus it is important to understand why some incumbents are more productive than others in knowledge creation in the infancy of emerging fields. 
hypotheses

We argue that an incumbent firm’s inventive performance in an emerging field depends on the firm’s ability to understand and exploit the changing technological landscape. We examine three types of knowledge that influence this ability: knowledge in technological areas that are “novel” or new to the firm, knowledge gained from partnerships with dissimilar organizations, and scientific knowledge in the public domain.
 We adopt the view that invention results from a search process in which inventors gain information from the technological landscape and recombine the knowledge gained in new ways 
 ADDIN EN.CITE 
(Fleming, 2001; Fleming and Sorenson, 2001; Fleming and Sorenson, 2004; Nelson and Winter, 1982)
. Searching for each of the types of knowledge we consider has both benefits and costs, and we presume that firms search as long as the expected benefits outweigh the costs. An aspect of search that is particularly salient in the infancy of an emerging field is that outcomes are highly uncertain and meanwhile the firm is still able to exploit technologies within the dominant design. We propose that it is this tension that determines the extent and productivity of search for three types of knowledge we examine. 
We define inventive productivity as the inventive output from the recombinant search process. There are multiple outputs from invention, ranging from the immediate technical discovery to ultimate development new products and processes. We follow the Schumpeterian tradition of defining invention as technical discovery and innovation as the adaptation of inventions to practice (Schumpeter, 1939). For simplicity, we will define inventive productivity in any period as the number of inventions that result from search.
Inventive Productivity and Novel Technological Areas
Established firms tend to specialize in recombining knowledge drawn from familiar areas as long as this allows them to refine the existing dominant design 
 ADDIN EN.CITE 
(Ahuja and Lampert, 2001; Levitt and March, 1988; March, 1991)
. The incentives to specialize are particularly strong in the infancy of an emerging field since the threat to the existing dominant design is not clear. This specialization can be detrimental in the long run to the extent that it impedes firms’ ability to understand how the field is emerging. Firms that strictly adhere to familiar areas converge to an inferior state of knowledge (March, 1991).

In contrast, exploration in novel technological areas prevents this convergence (March (91).  Searching for knowledge in novel areas not only increases the combinations that are possible (Fleming and Sorenson, 2001), but also may expose the firm to new  problem-solving techniques 
 ADDIN EN.CITE 
(Ahuja and Lampert, 2001; Katila and Ahuja, 2002)
. These new inputs improve a firm’s knowledge of the changing landscape and thus the productivity of inventing.

More important, this positive effect is likely nonlinear. If successfully employing new problem-solving techniques involves learning by doing, then inventive productivity may improve slowly at first, but then increase more rapidly as R&D personnel become adept. As the firm increases the number of novel areas explored, there are diminishing returns to searching additional areas since there is a limit to the number of ways that knowledge from novel areas can be combined with existing knowledge.  There are also limits to the cognitive ability of R&D staff to absorb knowledge from novel areas. Furthermore, search may draw additional resources away from core business activities. For small scale search, firms may use slack resources with a small opportunity cost. But as search expands, resources used will most surely be drawn from current core activities. As long as the demand for products based on the existing dominant design is strong, there will be an increasing opportunity cost associated with search. 
If firms act optimally, they will increase their search of novel areas until the opportunity cost of searching one more novel area outweighs its expected benefit, i.e., before inventive productivity begins to fall. The combined results of diminishing returns and optimal search lead to the following hypothesis. 
Hypothesis 1: When an emerging field is in its infancy, the inventive productivity of searching novel technology areas is nonlinear (S-shaped) function of the number of new areas searched.
Creating Emerging Technologies and Learning from Collaborating Organizations

Inventive capability is one of the key motivations for inter-organizational collaboration 
 ADDIN EN.CITE 
(Ahuja, 2000; Hagedoorn and Duysters, 2002; Nicholls-Nixon and Woo, 2003; Rothaermel and Thursby, 2007; Sampson, 2007; Stuart, 2000)
. However, much of this literature examines the role of collaboration after the emerging technology has become a strategic focus in the industry (exception Rothaermel and Thursby, 2007). We examine collaboration through formal alliances and argue that in the infancy of an emerging field, a heterogeneous portfolio of learning alliances will enhance the firm’s inventive productivity. 

Learning alliances are alliances that allow a firm to acquire their partners’ capabilities (Mowery et al., 1996). Such alliances introduce new members to the organization. However, the roles of new members from partners working in areas that are close to the firm’s own areas of technology (proximal) and those working in areas further away (distal) are somewhat different. Alliances with distal partners augment the firm’s ability to search novel technology areas and thus improve the firm’s ability to understand the changing technology landscape. Hence, for the same reasons that search in novel areas by existing staff increases inventive productivity, we expect learning alliances with distal partners to increase productivity. 

 While distal partnerships have a higher expected benefit from search compared to proximal partnerships (holding other factors equal), distal partnerships also involve higher communication and coordination cost, as well as increasing opportunity cost. In contrast, collaborating with partners of similar expertise not only involves lower coordination costs, but also facilitates cumulative learning in existing dominant designs. Such incremental improvements are particularly important for improving short term financial performance in a competitive environment (Jansen et al., 2006), providing more slack resources for inventing. Therefore, balancing the firm’s portfolio of alliances should increase inventive productivity.
Hypothesis 2: The inventive productivity of incumbent firms in the infancy of an emerging field is positively related to the heterogeneity of the technological distance between this firm and its learning alliance partners.
Creating Emerging Technologies and Learning from Public Science 

Another important input to the invention process is scientific knowledge, which may be accessed by various methods, such as coauthoring with university scientists or reading academic publications. There is considerable evidence of industrial breakthroughs related to both knowledge in the public domain and firm participation in scientific research 
 ADDIN EN.CITE 
(Darby and Zucker, 2003; Henderson and Cockburn, 1994; Narin et al., 1997; Thursby and Thursby, 2006; Zucker et al., 2002)
. We argue that searching scientific knowledge will facilitate firm invention, but as with the search of novel areas (Hypothesis 1) the returns to this search are expected to be nonlinear. 

Search is a highly uncertain process during the infancy of an emerging field. Science provides a cognitive framework to predict the results of various knowledge combinations and thus reduce unproductive trials (Fleming and Sorenson, 2004). When a combination works serendipitously, science helps explain why it works and whether it is a replicable invention or an unpredictable random-error. This cognitive framework may help firms predict how an emerging field would later impact their industry, providing a better direction for firms to follow when inventing in this field. Moreover, uncertainty in an emerging field may give rise to frustration and inhibit inventing. Guidance from public science will motivate inventors to continue looking for alternatives and avoid being trapped in a local optimum 
 ADDIN EN.CITE 
(Fleming and Sorenson, 2004)
. We further expect firms’ use of scientific knowledge to be subject to learning by doing, so that invention productivity may initially increase at an increasing rate. However, if scientific knowledge is novel to the firm, there will be limits to the cognitive ability of R&D staff to absorb new scientific information as well as a limit to the ways that scientific knowledge can be combined with existing knowledge.  Thus scientific search will have diminishing returns at some point. Moreover, a strong focus on scientific knowledge may reflect an orientation that centers on scientific goals and standards, without a coupling with economic and business concerns. Such decoupling during the emerging field’s infancy has an increasing opportunity cost in terms of foregone short term profits. Optimally, the firm should pursue scientific knowledge as long as the net returns, taking this cost into account, are non-negative.

Hypothesis 3: During the infancy of emerging technological field, an incumbent firm’s inventive productivity is a nonlinear (S-shaped) function of its exploration of scientific knowledge in the public domain.

Methods

Setting

We test our hypotheses in the setting the semiconductor industry, where the current dominant design, the CMOS technology replaced bi-polar technology (which replace vacuum tubes), and now nanotechnology threatens CMOS (See Figures 1). 
 CMOS was invented in 1963 by Frank Wanlass at Fairchild who worked under Gordon Moore (Riezenman, 1991), co-founder of Intel and author of Moore’s Law which states that the number of transistors that can be inexpensively placed on a chip doubles every two years (Moore, 1965). The first CMOS product was introduced in 1967 while bi-polar technology was still vital. Gradually, bi-polar transistors consumed too much power, generated too much heat, and became less reliable as more components were added to chips. CMOS answered these challenges and became the dominant design in the late 1980s, with wide use in microprocessors, microcontrollers, RAMs, and other digital or analog logic circuits. 

[Insert Figure 1 about here]

 Today CMOS faces the same challenges, in part, because the limitations of solid state physics prevent this structure from approaching the performance implied by Moore’s Law (McCray, 2007). More importantly, as the scale of manufacturing processes goes below 100 nanometers, the properties of materials change substantially. Some materials conduct electricity better, some (e.g., carbon nanotube) are substantially stronger; some have different magnetic properties; and some (e.g., gold) reflect light better. These properties challenge design and manufacturing throughout the industry. As a result, competency in nanotechnology is now essential for firms to compete for the design of the next dominant products/processes. The Semiconductor Industry Association’s 2005 International Technology Roadmap for Semiconductors (Roadmap), predicts that alternatives such as “carbon nanotubes, nanowires, and other high transport channel materials” at the nanoscale will be required for Moore’s Law to continue to hold.

However, nanotechnology was hardly a strategic focus for semiconductor firms during the 1990s. Our interviews revealed that although some semiconductor firms used nanotechnology, it was not critical for product performance. Leading semiconductor companies did not mention nanotechnology related terms in annual reports until the early 2000s. Indeed, the scale of process technology at AMD (which introduced one of the enabling inventions), was still at a “bulk” scale (350~250 nanometers) from 1994 to 1999. The majority of nanotechnology inventions were in fact created outside the semiconductor industry (Rothaermel and Thursby, 2007) (Figure 2). 

[Insert Figure 2 about here]

Thus, the period between 1989, when the first AFM was commercially available, and 2002 meets our criterion for the infancy of an emerging field. Because CMOS had just replaced the bi-polar technologies in the late 1980s, industry incumbents elaborated on the CMOS design incrementally and competed with more reliable and better-performing CMOS-based products. While there was potential for inventions enabled by the AFM to replace CMOS, the dominance of nanoscale technology was far from clear. 

The interesting question is what enabled some incumbents to be more productive in generating nanotechnology inventions than others during this period (see Figure 3).
[Insert Figure 3 about here]

Sample

We obtained a cohort of firms active in the global semiconductor industry by 1989 in two steps. We started with all 1130 firms that had at least one semiconductor patent between 1980 and 1985. 
 Among these firms, we identified semiconductor firms based on the profiles of electronics firms in Moody’s Industrial Manual 1986, the documentation on U.S. semiconductor firms established between 1966 and 1976 (Dorfman, 1987: 184-185) and non-U.S. semiconductor firms 
 ADDIN EN.CITE 
(Braun and MacDonald, 1982; Dorfman, 1987; Malerba, 1985; Morris, 1990)
, as well as public records for firms whose industry SIC code at end of 2005 was 3674. For firms identified using patent or SIC code, we also searched the Internet and made sure they were in the semiconductor business in the 1980s. This produced 81 firms. 
We then attempted to capture the entire population of incumbent firms in the semiconductor industry. We selected companies with at least 20% of their patents between 1980 and 1985 being semiconductor patents. Among the 619 companies identified and for those not already identified as semiconductor incumbents, we searched the Internet to identify whether they were in the semiconductor industry in the 1980s. We also deleted firms without any public record in Compustat by 2005 as well as those that were acquired or merged by 1989.

This procedure gave us 75 distinct, independent firms in the semiconductor industry by 1989 that had applied for at least one semiconductor patent between 1980 and 1985. Among these firms, 68 had public financial data during 1989-2002, which allowed us to control for variables such as R&D expenditure. These 68 firms had statistically significantly (at 0.01 level) more semiconductor and nanotechnology patents per year than the nine firms without public financial data during our study period. Thus our empirical analysis only has implications for performance among public firms. The restriction to public firms is a clear limitation, but one that we cannot avoid since controlling for financial variables is critical. Finally, we note that the sample includes 48 US firms, 12 Japanese, 4 Canadian, 2 European, one in Taiwan and one in South Korea.

Interviews

We interviewed a number of experts with experience in the semiconductor industry to gain an understanding of the transition from the bi-polar to CMOS technology. These experts provided valuable insights into the role of nanotechnology in the eventual threats to CMOS as a dominant design. All of the experts interviewed had industrial experience in semiconductors and many are currently associated with nanotechnology research. We also conducted follow up interviews to explore the implications of our empirical results.
Dependent and Independent Variables

Inventive productivity. Our interest is in incumbent firm inventive productivity during the initial stages of an emerging field, which for the semiconductor industry was between 1989 and 2002. We measure incumbent firm inventive productivity in nanotechnology by the annual count of granted nanotechnology patents
  applied for by the firm (nano patents). 

Knowledge in novel technology areas.  Hypothesis 1 depicts the relationship between a firm’s inventive productivity and search in novel areas. Following Ahuja and Lampert (2001), we measure the search for novel technological inputs as the number of new U.S. patent classes that a focal firm entered in the previous three years. A firm enters a new technology class when this firm first applies for a patent in a class in which this firm has not patented in the previous five years. The choice of a five-year period accords both with Ahuja and Lampert (2001) and prior work on knowledge depreciation (Griliches, 1984). The square of this variable allows us to test the nonlinear relationship. 
Heterogeneity of technological distance between a firm and its partners.  Hypothesis 2 predicts a positive relationship between a firm’s inventive productivity and the heterogeneity of technology distances from learning alliance partners. Sampson (2007) measures the heterogeneity of technological distances at the alliance level, using the average distances between the participants in a focal alliance. We could similarly calculate an average technological distance between a focal firm and all its partners. But this method does not match our construct. Consider a firm A having two partners (X and Y). If we measure a technological distance ranging from zero to one and assume the distance between A and X is 0.2 and between A and Y is 0.8, then the mean distance is 0.5, which is the same as the mean distance if both A-X and A-Y distances are 0.5. Hypothesis 2 indicates that firm A is better off in the first situation than in the second. Thus, mean technological distance cannot capture our heterogeneity construct. Instead, we first identify this firm’s learning alliance partners, calculate a technological distance between this firm and each of its partners, and then obtain the statistical variance of all these distances. 

We obtained the alliance data from Thomson SDC Platinum (Oxley and Sampson, 2004; Rothaermel and Thursby, 2007). This database covers worldwide alliances, regardless of whether a participant is publicly traded. Our sample firms formed a total of 3,935 alliances from 1985 to 2005, excluding several alliances that either were terminated or rumored. We further identified 1,233 alliances associated with semiconductor technologies.
 Because many firms operate in various industries, we excluded alliances irrelevant to the semiconductor business. Of the 1,233 semiconductor alliances, 631 were learning alliances, of which 524 were R&D alliances flagged by SDC. By reading deal descriptions we identified an additional 107 alliances involving joint development or inflow technologies from a partner to our sample firms. For example, in an alliance between Motorola and Mosel, Motorola accessed Mosel’s production capacity and Mosel acquired proprietary chip-making technology from Motorola. We considered this case as a learning alliance for Mosel but not Motorola. 

With the 631 alliances, we then constructed a focal firm’s portfolio in year t-1. Identifying each sample firm’s partners generated 1,316 firm-partner pairs. Alliances typically spanned one to five years, but we were unable to identify the exact duration. We therefore included the firm’s set of partners from years t-3, t-2, and t-1 in the firm’s alliance portfolio for year t-1.

We computed technological distances using Jaffe’s (1986, 1989) measure of technological similarity which has been used in several studies (Galasso, 2007; Oxley and Sampson, 2004). We calculated it longitudinally, since a firms’ expertise may change over time.
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Tit is a 470-dimension vector representing the number of semiconductor patents firm i applied for between 1980 and t, in each of the 470 USPTO patent classes. Between 1980 and 2005, there were 58,776 semiconductor patents applied for by the sample firms in the 1,316 pairs, and 81,274 patents by the 385 partners outside the sample. We used all classes of a patent to avoid a bias toward the primary class (Jaffe et al., 1993, p. 596). Similar to Rosenkopf and Almeida (2003), we used the earliest year’s available data if a firm did not have patents at the time of its first alliance. Then for each year, we calculated the technological distances between a focal firm and its partners
 and the variance of these values.

Knowledge from public science. Hypothesis 3 predicts a nonlinear effect of exploring scientific knowledge gained either by working with university scientists or reading scientific publications. We measure the first mechanism by the number of scientific articles published by the firm along with at least one university scientist in year t-1 (scientific pubs with univ scientists), using data from the ISI Web of Science. To measure the second, we computed the number of semiconductor patents citing scientific articles that were applied for by the focal firm in year t-1, assuming that each such prior patent indicates prior exploration of scientific knowledge. The publication measure can be interpreted as tacit knowledge search while citation measure reflects search of codified knowledge 
 ADDIN EN.CITE 
(Rothaermel and Thursby, 2007; Zucker et al., 1998a; Zucker et al., 2002)
. The square of each variable allows us to test the nonlinear relationship stated in the hypothesis.
Control Variables

Technological opportunities. We used a count of all nanotechnology patents granted by USPTO in year t-1 as a proxy of opportunities to invent in the field. The greater the opportunities, the greater the incentives a firm will have to invent. There were about 4,800 nanotechnology patents granted by USPTO as of November 2007. 

Total technological classes. We included the number of patent classes a firm had entered in the past three years. One can think of these classes as part of the stock of knowledge the firm draws from in its search of novel areas. Thus it is likely to affect inventive productivity.
Portfolio content and size. We controlled for the mean technological overlap between a focal firm and the partners in its alliance portfolio (Sampson, 2007). Since having more partners increases the potential sources of knowledge, we included the number of partners a firm had in its alliance portfolio in year t-1(Rothaermel, 2001). The maximum number of partners a firm had was 47 in any year. Out of 68 sample firms, 22 had no semiconductor learning alliances.

Exploring knowledge from other firms outside or within the industry domains. Rosenkopf and Nerkar (2001) suggest that searching for other firms’ knowledge outside (inside) the firm’s domain is associated with inventions of higher overall (within-domain) impact than other search strategies. To allow for this effect, we included “citing non-semiconductor patents” (the number of non-semiconductor patents granted to other firms and cited by the focal firm’s semiconductor patents applied for in year t) and “citing semiconductor patents.”

Other controls. To control for unobserved effect of firm heterogeneity, we incorporate a pre-sample dependent variable, which is the number of nanotechnology patents applied for by a focal firm during the nine-year period before 1989. We also use the number of semiconductor patents a focal firm applied for in year t-1, which embodies unobserved inputs such as R&D effectiveness and other intangible assets dedicated to inventing activities in the semiconductor business. Larger or more profitable firms, as measured by annual R&D expenditure, total assets, number of employees, and net income should have more slack resources available for exploration. Number of employees is in thousands. All financial data were taken from Compustat and are stated in 2005 U.S. dollars (in millions). For non-U.S. firms, currencies were converted using the corresponding year’s real exchange rate. To capture other country-specific effects, we add US Incorporated with a value of one if a firm is headquartered in the U.S. Finally, we use a set of year dummies to control for time-specific factors not otherwise captured. 

Estimation

We use a negative binomial maximum likelihood estimation model in which the expected count of nanotechnology inventions is E (y|X) = exp (X(), where X is a vector of all independent variables and ( is a vector of coefficients. The rationale for this method is well known when the dependent variable is a count (such as the number of inventions).
 We estimate a negative binomial model that assumes firm random effects which, as opposed to a firm-fixed effect model, allows the inclusion of our time-invariant control variables. 

RESULTS

Tables 1 and 2 provide the descriptive statistics and estimates. In Model 1, we entered the control variables. We added three sets of independent variables respectively in Models 2, 3, 4a and 4b. We find an improvement in the model fit for Models 2, 4a and 4b in comparison to Model 1. Note that the number of observations in Model 3 falls below that in the other models because not all firms formed a learning alliance. In order for the variable Heterogeneity of technological distance to be meaningful, we limited the firm-year observations to those having at least one partner. This resulted in a subset of 348 observations across 46 firms. These 46 firms applied for 99.22 percent (55,096) of the semiconductor patents and all nanotechnology patents (335) among the 68 sample firms between 1989 and 2002. We then entered all the variables in Model 5a and 5b.

[Insert Table 1 and Table 2 Here]

Hypothesis 1 predicts that an incumbent firm’s inventive productivity in an emerging field increases with novel technological areas explored; the impact of additional novel areas initially increases but eventually diminishes. Table 2 shows that the estimated 
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is statistically significant and negative in both Model 2, 5a and 5b. Using the estimated coefficients from Model 5a, we plot the relationship between novel technological areas 
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, holding US incorporated at one, observation year equal to 1995 and all other variables at their medians. As shown in Figure 4, this plot has a smooth S-shape before 
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peaks. An alternative way to test Hypothesis 1 is to show that the first-order derivative of
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, holding technological opportunities at its median, US incorporated at one, observation year equal to 1995 and other firm-level variables at low, median and high levels (25%, 50% and 75% percentiles). This results in three inverse U-shape curves, thus further supporting our Hypothesis 1 (Figure 5). 

[Insert Figure 4, 5 About Here]

Hypothesis 2 predicts that an incumbent inventive productivity will increase with the heterogeneity of technological distance from the firm’s learning alliance partners. This variable is statistically significant in Models 3, 5a and 5b, providing overall support for this hypothesis.  Based on Model 5a, a standard deviation change in the distance heterogeneity increases the expected count of nanotechnology patents by a factor of 1.35 (=e 0.07* 4.3), holding other factors constant. 

Hypothesis 3 predicts that exploring scientific knowledge will improve inventive productivity, first at an increasing rate but eventually showing diminishing returns. Table 2 shows that Scientific pubs with univ scientists is statistically significant and positive, whereas its squared term is statistically significant and negative (Model 4a). The same pattern remains when we used patents citing scientific articles as a measure (Model 4b) and entered all other variables (Models 5a, 5b). Using the estimates from Model 5a, we plotted the relationship between Scientific pubs with univ scientists and the first-order derivative of 
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, we find all curves  are similar to Figure 5 with an inverse U-shape, thus supporting Hypothesis 3. 
Examining the control variables, we see Technological opportunities is statistically significant except in model 4a. The variable Total technological classes is not statistically significant once all key independent variables are included. The overall weak effect of the number of partners, consistent with the finding of Rothaermel and Thursby (2007), indicates that creating emerging technologies is a more subtle function of alliances. For the variables examined in Rosenkopf and Nerkar (2001), we do not find consistent and expected effects. Finally, Total assets has consistently positive effects whereas the number of employees has consistently negative effects, indicating established firms of a smaller size and more physical assets have higher inventive productivity in an emerging field. 

Robustness Check

 As noted earlier, we used real exchange rates to convert non-U.S. financial data to U.S. dollars, thus taking account of differences in inflation rates in our sample firms’ home countries. Because these firms tend to be multinationals with significant operations in the U.S., one could also argue that the nominal exchange would be appropriate. We estimated the model using the financials converted both ways and the results were virtually identical. We also estimated the model for different periods (e.g., from 1989 to 2003 or 2004) and our results continued to hold.
Additional Alliance Control. Finally, while alliances for the purpose of transferring nanotechnology, per se, were uncommon during our sample period, we add a control for the strength of alliance partners in the emerging field. It is not surprising that there were few formal knowledge transfer agreements since the impact of nanotechnology for the industry was so unclear at the time. Nonetheless, informal knowledge spillovers could well occur in alliances with partners with strength in the area. Models 6a and 6b add a variable for the count of the focal firm’s learning alliance partners in year t-1 that had applied for at least one nanotechnology patent in year t-1. This variable is statistically significant and positive in Model 6a, but it does not qualitatively affect our other results. 
Discussion 
This study addresses why some incumbents are more productive than others in creating new technologies during the infancy of an emerging field. We argue that some firms are more productive at invention in this phase because they invest in exploring the field even though the demise of existing dominant product/process designs is not evident. 

Consistent with this reasoning, we find that an incumbent’s inventive productivity increases with its exploration of novel technological areas. This adds a new perspective on how an organization can improve its knowledge of the changing environment. March (March, 1991) suggests that an organization improves its knowledge of the turbulent environment by absorbing new organizational members and slowing down an organization’s learning rate. We focus, instead, on exploration in novel technological areas as a mechanism for understanding of the emerging field and increasing inventive productivity. We further find that inventive productivity initially increases at an increasing rate because of learning-by-doing, but is eventually subject to diminishing returns as a result of inventors’ cognitive limitation and the increasing distraction of resources away from improving short-term profitability.

Second, we find that incumbents can increase inventive productivity by learning from partners whose knowledge distances to the incumbent are heterogeneous. This finding indicates that the role of alliances for creating emerging technologies is more subtle than prior studies suggest. Simply forming many R&D alliances does not affect inventive productivity in an emerging field (Rothaermel and Thursby, 2007). To improve this inventive productivity, an incumbent should learn from both distant and proximal partners, since such learning allows the incumbent to develop a more accurate understanding of the changing emerging field without losing focus on improving existing dominant designs.

Third, inventing in an emerging field requires that a firm not only increase its ability to understand the technological landscape, but also its mitigation of uncertainty. One way to accomplish this is by exploring scientific knowledge from the public domain, i.e., searching for guidance from the scientific literature and working with university scientists 
 ADDIN EN.CITE 
(Fleming and Sorenson, 2004; Zucker et al., 2002)
. According to our interviews of industry experts, the semiconductor companies that ventured into nanotechnology in the early years took advantage of intensive interaction with university scientists. Consistent with this view, we find as incumbents increase exploration of public science, their inventive productivity increases. This effect initially increases and then diminishes as the marginal cognitive benefit and opportunity cost change.
These findings contribute to the literature on technological change in two ways. First, it provides new insights on the role of incumbent firms. Much of this literature has focused on incumbent responses to technological advances once their impact on product markets is clear 
 ADDIN EN.CITE 
(e.g., Hill and Rothaermel, 2003; Mitchell, 1989; Rothaermel, 2001; Sinha and Noble, 2005; Teece, 1986; Tripsas, 1997; Tushman and Anderson, 1986)
. In contrast, we argue that incumbent firms have strong incentives to proactively create knowledge in an emerging field even before the impact of the field is known. By examining factors that affect inventive productivity in this stage, we show how incumbent firms can be a source of technological change.

Second, our results add to our understanding of the incremental phase of technology cycles. Technology cycles have been characterized as alternating periods of ferment (caused by major technological discontinuities) and periods of incremental improvements (following dominant design) (Anderson and Tushman, 1990).  A growing body of research has focused on how incumbent firms adapt to a new dominant design during the ferment and incremental phase 
 ADDIN EN.CITE 
(Hill and Rothaermel, 2003; Rothaermel and Hill, 2005; Tripsas, 1997; Tushman and Anderson, 1986)
. Once this transition is made, an incumbent is viewed as focusing on incremental improvements until the next discontinuity arises. In contrast, we find incumbent firms in the semiconductor industry explored and invented technologies in the emerging field from beginning of the industry’s incremental period. 
Finally, by examining incumbent invention we contribute to the literature on corporate entrepreneurship which has focused on the creation of new resources or product/services within established companies. In this context, Ahuja and Lampert (2001) examine the relationship between search of novel and emerging technologies and the creation of breakthrough inventions. We complement their analysis by examining the factors related to creation of emerging technologies, themselves, prior to the industry’s realization as to how they will influence dominant designs. In this period, invention not only provides entrepreneurial opportunities, but also can be viewed as necessary to survive a technological change. By inventing early, an incumbent firm may avoid being preempted by competitors and develop absorptive capacity for knowledge in this field as the field grows. Our interviews also support the conjecture that entering an emerging field early allows managers to better understand how to leverage existing specialized complementary assets as long as possible. Learning how to redeploy existing assets for future product market entry may further allow corporate entrepreneurs to lower entry cost (Helfat and Eisenhardt, 2004) when the new dominant design based on the emerging field reveals. On the other hand, corporate entrepreneurs in this period must compete to provide better and more reliable products through relentless incremental improvement based on existing product/process designs. 

Our study implies managers can address this tension by exploring novel technical knowledge, knowledge from dissimilar partners and scientific knowledge in the public domain so long as the benefits of searching for additional knowledge inputs outweigh the costs. Our hypotheses predict that search will continue as long as the net benefit of additional search outweighs the cost. Our data support this view. 
A final insight from our study is that it does not assume managers know exactly whether and when a new field will threaten existing dominant designs. None of the strategies we suggest require managers to know this ex ante. Indeed, complete information is unlikely given the uncertain nature of such technological changes. But these strategies allow managers to develop a better understanding about the ever-changing landscape, which in turn enables their companies to be more productive in finding useful knowledge searches in the important emerging field.

Limitations and Future Research Opportunities

While our study takes prior work in technological change and corporate entrepreneurship one step further, much work remains. First, our results should be interpreted with caution when they are generalized to other contexts in which incumbent firms do not face pressure to prepare for the next technological changes. A future research direction would be to study whether our theoretical relationships will hold in other industries, or to compare our findings across contexts that vary in dynamism or competitiveness.

The finding that Nano Partner is statistically significant indicates another future research avenue. Early-on nanotechnology was not a strategic focus of semiconductor companies so that few alliances were formally targeted to transfer knowledge of nanotechnology. However, firms may engage in informal knowledge transfer in the interactions among collaborating scientists and engineers, since we found that a focal firm’s inventive productivity in nanotechnology improves after allying with partners of expertise in nanotechnology. Thus, future research may examine the role of informal transfer of nanotechnology during nanotechnology’s early stage. 

Additionally, the lack of qualitative data does not allow us to uncover how the strategies we suggested were implemented by the most productive companies. For curiosity, we examined data for Intel Corp. In 2000 and 2001, Intel applied for its first seven nanotechnology patents despite that nanotechnology was not Intel’s strategic focus. It was not until 2002 that Intel reported that it would dedicate R&D spending for next-generation manufacturing technology, including development of 90-nanometer process. Thus, Intel might have practiced the strategies we identified through autonomous actions outside the companies’ strategic focus. Indeed, several major moves of Intel (e.g., focusing on microprocessors, chipsets and low-power microprocessors) all originated from engineers and middle-level managers’ autonomous effort (Burgelman and Grove, 2007). Hence, a future research avenue might empirically examine the role of autonomous inventive activities during an emerging field’s infancy phase.

Finally, it was not our research objective to theorize the entire innovation process from invention, development to commercialization, and we recognize an empirical study for such an attempt would confront the difficulty of identifying which inventions are applied to what product applications in most industries (except in pharmaceutical industry). Nevertheless, the connection between the upstream and downstream activities in an innovation process remains an important research area. Among others, it would be interesting to know how incumbent firms’ market performance in later stages of technological change benefit from their inventing activities during the early stage. For such questions, examining a complete technological change will be necessary to further improve our understanding of the dynamics of innovation process and technological change. 

ConclusionS 
In conclusion, our study proposes and tests explanations for why some established firms are more productive in inventing in an emerging field during its infancy. During this period, the firm is still able to exploit technologies within the dominant design and meanwhile inventing is important but highly uncertain. We argue that for incumbent firms to improve inventive productivity in an emerging field, they need to develop more accurate understanding of the changing technology landscape and be more capable of inventing under uncertainty without distracting themselves from competing in product markets. The efforts that enable this accomplishment include: exploring novel knowledge, knowledge from dissimilar partners and scientific knowledge in the public domain and knowledge. We predict that managers can initially improve inventive productivity by searching these inputs without distracting the company from improving short-term market performance. As benefits from additional search increase faster than costs, productivity increases at an increasing rate. But this increasing margin has a limit because of cognitive limits, opportunity and coordination costs. Thus, managers should support the search for those knowledge inputs as long as the increase in benefits outweighs the increases in costs. Otherwise, inventive productivity would eventually go beyond the plateau and decline. Our hypotheses receive support in the context of the global semiconductor industry between 1989 and 2002. The findings have the potential to contribute to the literature on technological change and corporate entrepreneurship. We hope by raising additional important research questions, our findings offer ground for future verification and falsification, and draw more definitive conclusions that policy makers and managers desperately needed.
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Table 1: Summary statistics

[image: image19.emf]Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

1 Nano patents

2 Novel technology areas 0.43

3 Heterogeneity of 

technological distances

0.22 0.45

4 Scientific pubs with univ 

scientists

0.45 0.49 0.27

5 Patents citing scientific 

articles

0.60 0.67 0.35 0.50

6 Technological 

opportunities

0.15 0.13 -0.09 0.17 0.17

7 Total technological 

classes

0.54 0.70 0.44 0.79 0.67 0.13

8 Number of partners  0.31 0.49 0.44 0.63 0.48 0.08 0.71

9 Mean technological 

overlap 

0.31 0.48 0.44 0.44 0.42 0.04 0.57 0.60

10 Citing semiconductor 

patents

0.49 0.55 0.25 0.25 0.90 0.21 0.42 0.25 0.30

11 Citing non-semiconductor 

patents 

0.46 0.52 0.21 0.29 0.85 0.22 0.44 0.26 0.29 0.95

12 Pre-sample dependent 

variable

0.27 0.17 0.11 0.30 0.30 0.04 0.45 0.29 0.26 0.12 0.12

13 Semiconductor patents 0.62 0.70 0.36 0.55 0.96 0.22 0.69 0.52 0.45 0.86 0.79 0.31

14 R&D expenditure 0.46 0.49 0.32 0.80 0.44 0.05 0.89 0.56 0.44 0.19 0.24 0.29 0.43

15 Total assets 0.49 0.45 0.28 0.73 0.42 0.03 0.86 0.52 0.41 0.17 0.21 0.35 0.42 0.96

16 Number of employees 0.40 0.45 0.28 0.78 0.39 0.06 0.86 0.55 0.41 0.15 0.20 0.31 0.39 0.95 0.91

17 Net income 0.15 0.31 0.23 0.24 0.14 0.02 0.30 0.15 0.14 0.07 0.09 0.06 0.14 0.36 0.33 0.2998

18 US incorporated -0.23 -0.31 -0.15 -0.49 -0.25 -0.17 -0.57 -0.40 -0.27 -0.07 -0.06 -0.25 -0.29 -0.61 -0.63 -0.606 -0.1044

Mean 0.32 12.56 0.05 12.04 21.60 289.79 93.12 3 0.29 309.73 79.63 0.13 49.25 794.93 12021.92 35.61 237.95 0.71

Std. Dev. 1.17 13.68 0.07 32.33 54.22 165.43 148.95 6.51 0.37 1089.16 278.94 0.66 116.16 1761.10 28629.67 81.95 1044.96 0.46

Min 0 0 0 0 0 62 0 0 0 0 0 0 0 0.00 1.77 0.03 -4491.66 0.00

Max 13 72 0.41 256 611 597 611 39 0.97 17854 4589 5 1154 9662.77 179729.00 484 11947.72 1


 Note. All correlation coefficients above 0.07 are significant at p<0.05. Monetary terms are in million U.S. dollars.

Table 2: Negative binomial regression results
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coefficient s.e. coefficient s.e. coefficient s.e. coefficient s.e. coefficient s.e.

Novel technology areas 0.07

**

(0.03)

Novel technology areas 

2 -6.16E-4

†

(3.66E-4)

Heterogeneity of technological distances 4.77

**

(1.81)

Scientific pubs with univ scientists 0.03

**

(0.01)

Scientific pubs with univ scientists 

2 -8.35E-5

**

(2.93E-5)

Patents citing scientific articles 0.01

*

(4.39E-3)

Patents citing scientific articles 

2 -2.74E-5

***

(7.43E-6)

Technological opportunities 2.90E-3

*

(1.33E-3) 3.33E-3

*

(1.34E-3) 3.78E-3

*

(1.56E-3) 1.89E-3

 

(1.41E-3) 2.65E-3

†

(1.42E-3)

Total technological classes 0.01

***

(1.98E-3) 3.99E-3

†

(2.08E-3) 4.96E-3

*

(2.10E-3) 0.01

***

(1.96E-3) 0.01

**

(2.00E-3)

Number of partners  -7.30E-4

 

(0.01) 1.07E-3
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-0.01   (0.01)
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(0.70) 0.35
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(0.41)

Citing semiconductor patents 7.65E-5
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(1.47E-4) 1.36E-4

 

(1.46E-4) -2.05E-5

 

(1.53E-4) 4.80E-5

 

(1.43E-4)

Total assets 2.25E-5

**

(8.20E-6) 1.89E-5

*

(7.98E-6) 2.01E-5

**

(6.89E-6) 2.18E-5

**

(8.32E-6) 2.26E-5

**

(7.91E-6)

Number of employees -0.01

**

(3.21E-3) -0.01

**

(2.98E-3) -0.01

*

(2.75E-3) -0.01

***

(3.29E-3) -0.01

*

(3.11E-3)

Net income -5.57E-5

 

(6.15E-5) -5.72E-5

 

(5.75E-5) -6.83E-5

 

(5.79E-5) -4.51E-5

 

(6.04E-5) -2.70E-5

 

(5.88E-5)

US incorporated 0.61

 

(0.54) 0.69

 

(0.50) 1.02

*

(0.49) 0.38

 

(0.54) 0.40

 

(0.50)

Year dummies (included) (yes)

 

(yes)

 

(yes)

 

(yes)

 

(yes)

 

Constant -3.27

***

(0.93) -4.27

***

(0.94) -4.28

***

(1.04) -2.89

**

(0.95) -3.28

***

(0.89)

Log likelihood -339.80 -333.57 -273.24 -335.49

-333.48

Wald Chi Square 190.80

***

221.45

***

214.26

***

208.99

***

216.77

***

N 702 702 348 702.00

702

Model 1 Model 2 Model 4a Model 4b Model 3


*** significant at 0.001, ** significant at 0.01, * significant at 0.05, † significant at 0.1.

Table 2: Negative binomial regression results (continued)

 [image: image21.emf]Independent Variables

coefficient s.e. coefficient s.e. coefficient s.e. coefficient s.e.

Novel technology areas 0.07

**

(0.03) 0.09

***

(0.03) 0.07

**

(0.03) 0.09

***

(0.03)

Novel technology areas 

2 -8.64E-4

*

(3.52E-4) -1.15E-3

***

(3.41E-4) -8.71E-4

*

(3.47E-4) -1.20E-3

***

(3.44E-4)

Heterogeneity of technological 

distances

4.30

*

(1.69) 3.05

†

(1.73) 4.05

*

(1.69) 3.07

†

(1.73)

Scientific pubs with univ scientists 0.02

*

(0.01) 0.02

**

(0.01)

Scientific pubs with univ scientists 

2 -6.39E-5

*

(2.55E-5) -6.97E-5

**

(2.41E-5)

Patents citing scientific articles

0.01 * (4.20E-3)

0.01

*

(4.00E-3)

Patents citing scientific articles 

2 -3.29E-5

***

(7.20E-6) -3.22E-5

***

(7.11E-6)

Nano Partner 0.15

**

(0.05) 0.07

 

(0.04)

Technological opportunities 2.55E-3

*

(1.03E-3) 2.90E-3

†

(1.52E-3) 3.38E-3

**

(1.24E-3) 1.91E-3

*

(9.56E-4)

Total technological classes 1.44E-3

 

(1.52E-3) 1.05E-3

 

(1.44E-3) 1.65E-3

 

(1.50E-3) 8.75E-4

 

(1.42E-3)

Number of partners  -0.02

 

(0.01) -0.01

 

(0.01) -0.04

**

(0.02) -0.02

 

(0.01)

Mean technological overlap  0.88

 

(0.63) 0.90

 

(0.60) 0.70

 

(0.63) 0.91

 

(0.57)

Cites of semiconductor patents 2.03E-4

 

(2.06E-4) 6.79E-4

***

(2.12E-4) 3.61E-5

 

(2.14E-4) 5.67E-4

**

(2.15E-4)

Cites of non-semiconductor patents  -1.49E-3

*

(6.18E-4) -1.14E-3

*

(4.96E-4) -1.07E-3

†

(6.26E-4) -8.82E-4

†

(4.82E-4)

Pre-sample dependent variable 0.11

 

(0.08) 0.13

†

(0.07) 0.09

 

(0.08) 0.14

†

(0.07)

Semiconductor patents 4.77E-3

***

(1.22E-3) 2.27E-3

 

(1.69E-3) 0.01

***

(1.28E-3) 2.78E-3

†

(1.58E-3)

R&D expenditure 1.78E-4

 

(1.37E-4) 1.92E-4

†

(1.13E-4) 1.45E-4

 

(1.38E-4) 2.10E-4

†

(1.11E-4)

Total assets 2.24E-5

***

(5.74E-6) 2.08E-5

***

(5.34E-6) 2.28E-5

***

(5.64E-6) 2.20E-5

***

(5.48E-6)

Number of employees -0.01

*

(2.10E-3) -3.77E-3

†

(2.05E-3) -4.71E-3

*

(2.09E-3) -4.17E-3

*

(2.08E-3)

Net income -1.11E-4

*

(5.33E-5) -4.59E-5

 

(4.97E-5) -1.39E-4

**

(5.29E-5) -9.35E-5

†

(4.89E-5)

US incorporated 1.22

***

(0.30) 0.96

**

(0.31) 1.39

***

(0.30) 1.17

***

(0.32)

Year dummies (included) (yes)

 

(yes)

 

(yes)

 

(yes)

 

Constant -4.93

***

(0.88)

-4.82

***

(1.12)

-4.99

***

(1.00)

-4.61

***

(1.09)

Log likelihood

-266.70 -259.63 -261.91 -258.56

Wald Chi Square

292.31

***

312.58

***

312.22

***

320.26

***

N

348.00 348.00 348.00 348.00

Model 6a  (include Nano 

Partner )

Model 6b (include Nano 

Partner ) Model 5b Model 5a


*** significant at 0.001, ** significant at 0.01, * significant at 0.05, † significant at 0.1.

Figure 1: A Timeline of dominant designs in the semiconductor industry
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Figure 2: A contrast between all nanotechnology patents granted by USPTO and those granted to a cohort of incumbent firms (established before 1990) in the global semiconductor industry between 1980 and 2005
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Figure 3: Semiconductor firms that were established before 1990 and filed more than ten granted nanotechnology patents during the period of 1989-2002.

	Firm Name
	Number of Nano patents 89-02

	HITACHI
	59

	ADVANCED MICRO DEVICES
	50

	MATSUSHITA ELECTRIC
	29

	TOSHIBA
	25

	MICRON TECHNOLOGY
	24

	MITSUBISHI ELECTRIC
	22

	NEC
	22

	VEECO INSTRUMENTS
	19

	MOTOROLA
	15

	INTEL
	14

	TEXAS INSTRUMENTS
	13

	FUJITSU
	11

	APPLIED MATERIALS
	10


Figure 4: The relationship between the expected count of nanotechnology inventions and the number of novel technological areas, holding US incorporated at one, observation year equal to 1995 and other variables at medians.

[image: image24.emf]
Figure 5: The relationship between the first-order derivative of expected count of nanotechnology inventions and the number of novel technological areas, holding US incorporated at one, observation year equal to 1995, technological opportunities at its median, and other firm-level variables at three different percentiles.
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�EMBED Equation.3���





� Our use of the term “novel” follows Ahuja and Lampert’s (2001) definition.


� Strictly speaking, a vacuum tube is not a semiconductor, but the term “semiconductor industry” usually broadly covers those products that were antecedents of semiconductors, starting with the vacuum tube.


� USPTO defines a semiconductor patent as in any one of 25 patent classes and about 1,000 subclasses, according to the USPTO Technology Profile Report for Semiconductor Device and Manufacture Patents. 


� We identified a nanotechnology patent using the USPTO’s classification number (977) (http://www.uspto.gov/go/classification/uspc977/defs977.htm). The use of this patent class to identify nanotechnology patents is validated externally, since the number of nanotechnology patents applied for by our sample firms is close to the number of nanotechnology patents applied for by semiconductor firms in another study that identifies nanotechnology patents based on a thorough keyword search (Rothaermel and Thursby, 2007).


� The SDC database has an indicator for the “primary industry of the alliance” and defines those alliances with an SIC code of 3674 as semiconductor alliances. But we recognized that the SIC is a poor indicator of the technologies. For instance, many alliances associated with integrated circuit designs were not categorized as SIC 3674. We manually identified those associated with semiconductor technologies based on the deal descriptions and information from online resources, a semiconductor expert familiar with design technology and an expert in the industry familiar with manufacturing technology..


� For a partner without semiconductor patents during the entire period, we used the average proximity of those pairs in which the partners had the same SIC code as the one with the missing patents. If a partner belonged to a SIC code that no other partners share, we used the average proximity of all pairs in which the partner’s SIC code was not 3674.


� With counts, a linear regression model would result in inefficient, inconsistent and biased estimates (Long, 97).  An alternative to the negative binomial would be the Poisson which assumes that the conditional mean of the outcome is the same as the conditional variance. But our over-dispersion test indicates that Poisson would upward bias the significance of the estimates (Cameron and Trivedi, 1986).
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