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ABSTRACT 

This dissertation comprises three essays of a multilevel investigation into the strategies of 

high-technology firms to build and maintain competitive advantage through effective 

policies for innovation, global sourcing, and knowledge management. Through a 

combination of conceptual and empirical analyses that extend the existing theoretical 

boundaries in each of these areas, I contribute to our current body of knowledge and 

establish a solid foundation on which future related research will be built. In particular, I 

weave together classic and contemporary literature of strategic management, 

entrepreneurship, international business, and organizational economics to reveal how 

macro- and micro-level factors impact the activities selected, tradeoffs made, and 

performance of firms in regional and global settings.  
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CHAPTER 1 

ENTREPRENEURIAL INTEGRATION AND INNOVATION PERFORMANCE: 

IDENTIFYING AND EVALUATING STRATEGIES FOR EXPLORATION 

IN THE MEDICAL DEVICE INDUSTRY 

 

Abstract 

An implicit prerequisite for advanced theory-building in the fields of 

corporate and strategic entrepreneurship (SE) is an understanding of how 

established firms ambidextrously organize both exploration and 

exploitation activities. However, strategies for exploration have been 

problematically vague and have limited scholars’ ability to build 

consensus and gain deeper understanding of the SE-performance 

relationship. We diverge from standard approaches to these efforts and 

consider how similarities - rather than differences - between exploration 

and exploitation provide a basis for integrating theories of organization 

and entrepreneurship and clarifying these strategies. We introduce 

entrepreneurial integration as a strategy for exploration that reflects a 

firm’s choice to pursue different combinations of uncertain opportunities 

for innovation across a strong-to-weak continuum. While traditional 

vertical integration strategies which reduce a firm’s exposure to secondary 

and behavioral uncertainty are more associated with exploitation activities, 

entrepreneurial integration strategies are designed to address the primary 

uncertainty associated with new discoveries and the pursuit of 

entrepreneurial opportunities through exploration. We develop and test our 

theory and performance hypotheses using 27 years of patent data for a 

sample of firms in the medical device industry. We find that innovation 

performance is linked to the strategic combinations of exploration 

opportunities – i.e. the level of entrepreneurial integration - that firms 

pursue.   
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Introduction 

Organizational ambidexterity is a foundational concept in the study of strategic 

entrepreneurship. Ambidexterity broadly refers to an organization’s capacity to do two 

different things equally well, but scholars have converged to accept the tension between 

exploitation and exploration (March, 1991) as the main duality of interest and theoretical 

anchor for the construct (Birkinshaw & Gupta, 2013). By simultaneously exploiting 

current capabilities while exploring and developing new competencies, ambidextrous 

organizations can adapt to changing environments to achieve superior performance and 

long-term success (Gibson & Birkinshaw, 2004; Levinthal & March, 1993; Tushman & 

O'Reilly, 1996). Ambidexterity is particularly important for established firms (as opposed 

to new startups from independent entrepreneurs), on which the related fields of corporate 

and strategic entrepreneurship (and this chapter) are centered. Strategic entrepreneurship 

(SE) is primarily focused on the question of how established organizations1 balance 

strategic efforts to exploit current competitive advantages with entrepreneurial efforts to 

explore new opportunities, to continuously innovate and create new value for society 

                                                 

1 There is some debate over how to classify and position the relatively new field of 

strategic entrepreneurship (SE) in the broader scholarly literature. To some, SE is viewed 

as a subfield of the entrepreneurship discipline which focuses solely on corporate 

entrepreneurship (i.e. venturing by established firms) as opposed to independent 

entrepreneurship (i.e. startup of new and small businesses); to others SE is a subfield 

within the strategic management discipline. A discussion is found in Schindehutte and 

Morris (2009). In this chapter, we investigate SE as the process of entrepreneurial 

venturing that takes place within established firms, and in particular within some of the 

largest and most well-established companies in the medical device industry. We 

acknowledge, however, that startups and small businesses involve many strategic aspects 

of entrepreneurial venturing that may suggest potential parallels and/or incongruities with 

the present study, which we hope will inspire further investigation and debate.   
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(Guth & Ginsberg, 1990; Hitt, Ireland, Sirmon, & Trahms, 2011; Schendel & Hitt, 2007; 

Schindehutte & Morris, 2009). In a Porterian sense, the choices and tradeoffs made 

regarding exploitation activities and those regarding exploration activities establish two 

distinct strategies that coexist within the firm; fundamentally different capabilities and 

modes of organizing are required for exploration and exploitation activities (Alvarez & 

Barney, 2005; Shane & Venkataraman, 2001). Moreover, scholars suggest that high 

performing firms exhibit ‘sequential’ rather than ‘contemporaneous’ ambidexterity, 

exploiting strengths and advantages over long periods of relative stability interrupted by 

infrequent bouts of costly exploration (Mudambi & Swift, 2014). Hence, an implicit 

prerequisite for advanced theory-building in SE research is a fundamental, preliminary 

understanding of how firms organize each type of activity through these complementary 

exploitation and exploration strategies. 

 

However, while a large body of theoretical and empirical literature examines and 

explains strategies for organizing exploitation activities, e.g. vertical integration 

(Harrigan, 1984; Joskow, 2008; Monteverde & Teece, 1982), counterpart strategies for 

organizing exploration activities have been particularly difficult to articulate and pin 

down. This discrepancy presents a challenge not only to researchers examining the SE-

performance relationship but also to managers seeking to design and implement 

transitional strategies to make their firms “more entrepreneurial” (Foss & Klein, 2012; 

Ireland, Covin, & Kuratko, 2009; Meyer & Heppard, 2000). In part, this challenge stems 

from long-debated definitional issues surrounding entrepreneurship itself (e.g. What is 

entrepreneurship? Who is an entrepreneur? What constitutes an entrepreneurial 
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opportunity?) which, given the expanding scope of attention to the field, are unlikely to 

be settled anytime soon (Hébert & Link, 2009).  

 

In addition, the literature produced by various research foci includes many different 

labels to describe exploration strategies created by an “entrepreneurial dominant logic” in 

the firm (Meyer & Heppard, 2000: 1). Such strategies are difficult to precisely define, 

signal many things, and trying to label strategies as entrepreneurial is awkward 

(Eisenhardt and Hitt, in Meyer & Heppard, 2000). Moreover, fundamental distinctions 

between the core concepts of exploration and exploitation in theoretical and empirical 

work have been “incomplete, at times contradictory, and at best ambiguous” (Gupta, 

Smith, & Shalley, 2006: 693). For example, numerous studies have sought to distinguish 

exploration and exploitation efforts through different measures, including the radicalness 

of the learning pursued (Bierly & Chakrabarti, 1996), patent search scope and depth 

(Katila & Ahuja, 2002), the degree of technological and organizational boundary 

spanning involved in the search (Rosenkopf & Nerkar, 2001), and dimensions of learning 

behavior (He & Wong, 2004). Recently, Mudambi and Swift (2014) identified firms’ 

transitions between periods of exploration and exploitation, indicated by abrupt and 

significant changes in R&D expenditures. However, the distinction between exploration 

and exploitation remains blurry, and despite the concerted research effort to find 

convergence in SE theories over the past decade, many aspects of its key variables and 

how they are linked are still unclear in this emerging field (Foss & Lyngsie, 2011).  
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The centrality of the exploration concept and the challenges described suggest that efforts 

to refine our understanding of how firms organize their exploration activities, and how 

performance is linked to these strategic choices, are intrinsically valuable to SE research. 

This chapter contributes directly to these efforts by examining three specific questions: 

What is a firm’s strategy for exploration? How can this type of strategy be measured for 

comparative analysis? And, are particular strategies for exploration associated with 

higher or lower levels of innovation performance? By addressing these fundamental 

questions, we hope to illuminate the strengths of extant approaches to understanding the 

nature and performance implications of SE and exploration strategies, and identify areas 

in which a new theory of organization - entrepreneurial integration - may add value.  

 

We define entrepreneurial integration as the degree to which a firm engages in a 

combination of upstream and downstream exploration activities to pursue sequentially-

linked opportunities occurring along a strong-to-weak spectrum. Simply put, we consider 

a firm that explores both upstream and downstream entrepreneurial opportunities (i.e. it 

seeks to discover and develop innovations that are more, and less, technologically 

advanced, respectively) to be ‘entrepreneurially integrated’, while a firm that limits its 

exploration to either upstream or downstream opportunities (but not both) to be 

‘entrepreneurially specialized’. Whereas traditional vertical integration strategies involve 

the organization of exploitation-based inputs, activities, and outputs that are relatively 

known and certain (e.g. petroleum, automotive components, or computers), 

entrepreneurial integration involves the choices and tradeoffs associated with relatively 

unknown exploration-based inputs, activities, and outputs which are inherently less 
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tangible and less certain (e.g. nascent ideas and unproven innovations). We suggest that 

by examining a firm’s vertical integration strategy (which reflects how exploitation 

activities are organized) together with the firm’s entrepreneurial integration strategy 

(which reflects how exploration activities are organized), scholars can advance toward a 

more comprehensive understanding of ambidextrous organizations and in turn, the SE-

performance relationship. 

 

Exploration and Exploitation: Different yet Similar 

Logically, much of the research on SE and ambidexterity is framed around the differences 

between exploration and exploitation (Gupta et al., 2006). In the discussion that follows, 

we step back from this traditional starting point to consider that while exploration and 

exploitation activities are different in many critical aspects (Knight, 1921; March, 1991; 

Schumpeter, 1947), they also share certain basic characteristics that can guide our 

approach to addressing the fundamental questions specified above. We speculate further 

that an overemphasis on these differences, to the exclusion of any similarities, may in fact 

constrain the development of advanced SE theory. This can occur if concepts, tools, and 

theories developed to examine exploitation strategies could also provide insights into 

exploration strategies, but are not used because points of intersection between the 

domains and potential boundary-spanning applications are not recognized or pursued. By 

highlighting areas of overlap and complementarity between exploration and exploitation, 

we hope to facilitate SE theory development using a multiple-lens approach, which is 

how advanced research is routinely conducted in our field (Okhuysen & Bonardi, 2011).  
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We focus our analysis on three similarities, which cut across multiple and at times 

conflicting perspectives on how firms organize productive activities. First, both 

exploration and exploitation fundamentally involve actions that combine and transform 

resources, and can therefore be modeled as input-process-output systems existing within 

the firm. Second, exploration and exploitation occur within firms, which are collections 

of interrelated labor processes that are separated by an internal division of labor, 

structured as value chains, and coordinated by managerial authority (Coase, 1937; Porter, 

1985; Smith, 1776). And third, the firms in which exploration and exploitation occur are 

themselves situated within a social division of labor, and thus transact business with other 

firms across external markets to create value (Mudambi, 2008; Scott, 1986; Williamson, 

1971). We surmise, therefore, that for the purpose of understanding how firms select, 

organize, and manage exploration activities, the often highlighted differences between 

exploration and exploitation may in some aspects be less germane than the transactional 

and structural characteristics that are shared by both.  

 

Neoclassical Economics and the Role of the Entrepreneur 

Our research questions and many others lie at the intersection of entrepreneurship and 

organizational economics, and scholars have long debated the role and relationship of the 

entrepreneur in the economic theory of the firm.  Baumol (1993: 197) describes the 

entrepreneur as the “specter who haunts our economic models”, someone who influences 

our economic destiny as few others are able to do, yet is conspicuously absent from 

mainstream models of value theory and the theory of the firm. More recent assessments 

(including many from the Austrian perspective) that the literatures of these fields have 
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remained distinctly separate (Alvarez & Barney, 2005, 2007b; Foss & Klein, 2012; 

Jacobides & Winter, 2007; Klein, 2008) appear to converge on this view, yet Baumol and 

others argue that a deeper analysis reveals strong underlying linkages between the theory 

of entrepreneurship and the neoclassical theory of the firm. That is, a body of 

entrepreneurship theory does indeed exist in economics, and that tools of formal 

theoretical analysis provided by the economics literature for other inputs of the 

productive process can, in some cases but not in others, be used to study the entrepreneur 

(Baumol, 1993). Casson (2005) raises a similar argument, that despite their traditional 

separation, many of the key strategic issues in the theory of the firm are clarified when 

viewed from the standpoint of the entrepreneur, and the entrepreneurial process can be 

analyzed by extending orthodox modelling techniques.  

 

Our goal here is not to resolve this longstanding debate, but by acknowledging and 

focusing on these underlying theoretical connections and the characteristics shared by 

exploration and exploitation - i.e. capturing what is common to the uncommon (Jacobides 

& Winter, 2007) - we strive to bring the theory of entrepreneurship and the economic 

theory of the firm into closer contact, a necessary step in building an entrepreneurial 

theory of the firm (Alvarez & Barney, 2007b; Foss & Klein, 2012). Importantly, this 

approach enables us to utilize concepts and tools traditionally reserved for examining 

exploitation strategies to identify and evaluate exploration strategies, as scholars have 

suggested (Baumol, 1993; Casson, 2005). Specifically, we use these similarities to link 

together core constructs (e.g. value chains, firm boundaries, vertical integration, and the 

judgmental pursuit of uncertain opportunities) from the fields of strategic management, 
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organizational economics, and entrepreneurship. From the insights we gain, we formalize 

the construct of entrepreneurial integration, a distinct competitive strategy for 

exploration that reflects the choices and tradeoffs made by a firm when it selectively 

engages the entrepreneurial process to pursue different combinations of uncertain 

opportunities throughout the value chain (Schumpeter, 1947; Shane & Venkataraman, 

2000).  

 

Vertical Integration, Entrepreneurial Integration, and Opportunity Uncertainty 

Uncertainty is the fundamental problem for complex organization (Thompson, 1967), and 

vertical integration can reduce a firm’s exposure to different types of uncertainty 

(Harrigan, 1984; Williamson, 1971). However, it has been argued that vertical integration 

has no impact on “primary” uncertainty (Helfat & Teece, 1987), which results from 

random acts of nature, new discoveries, and unpredictable changes in consumers’ 

preferences (Koopmans, 1957). If, as Helfat and Teece (1987) argue, vertical integration 

provides only a partial solution to the uncertainties firm face, an important question is 

raised: how do firms organize production to address and compete under this other type of 

irreducible uncertainty - i.e. primary uncertainty - which lies at the heart of 

entrepreneurial opportunities (Barney, 1986; Knight, 1921)? This question appears to be 

at the center of the efforts to define, identify, and evaluate strategies for exploration. 

Here, the insights from considering both the similarities and differences between 

exploration and exploitation activities begin to emerge. On the one hand and consistent 

with the ideas of Baumol (1993) and Casson (2005) above, the shared characteristics 

should allow concepts and tools already developed to study vertical integration (and other 
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organizing decisions for exploitation activities) to be reasonably applied to examine 

exploration strategies. On the other hand, the differences between exploration and 

exploitation suggest that, at any given time, an ambidextrous firm will have two distinct 

integration strategies in play. The first is a ‘traditional’ vertical integration strategy, 

designed to address the secondary and behavioral uncertainty or calculable risk (Knight, 

1921) that surrounds exploitation activities. The second type of integration strategy is 

designed to address the primary uncertainty resulting from new discoveries and 

unpredictable shifts in consumer tastes and technologies (Koopmans, 1957) associated 

with the pursuit of entrepreneurial opportunities through exploration activities. This latter 

type of strategy - entrepreneurial integration - is the focus of this chapter.  

 

Opportunities are the basis of entrepreneurial activity, but research describing and 

distinguishing different types of opportunities is sparse (Shane, 2012). Opportunities are 

heterogeneous, differing in factor and product markets (Sarkar, Echambadi, & Harrison, 

2001), occurring throughout the value chain along a strong-to-weak continuum 

(Schumpeter, 1947; Shane & Venkataraman, 2000) and encompassing different 

knowledge requirements (Mudambi, 2008).  Opportunities are also not isolated or free-

standing phenomena, but are connected to other “higher-order” opportunities that have 

occurred in the past and to future “lower-order” opportunities that have yet to be 

discovered (Buenstorf, 2007). In other words, opportunities for new technologies 

discovered yesterday can lead to new product opportunities today, which in turn can lead 

to new market opportunities tomorrow. For example, exploration into new technologies 

may generate innovative outputs that become the inputs to new product venturing, which 
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in turn may generate outputs that become the input for new market venturing. As such, a 

firm’s efforts to pursue different but related opportunities (upstream or downstream) can 

be viewed as a strategic move to gain access to complementary cospecialized assets that 

are required to generate greater value from a focal exploration activity (Teece, 1992).  

 

Our theory of entrepreneurial integration provides a new formalized perspective on the 

choice to internalize or outsource these cospecialized exploration activities, which can be 

viewed as a ‘make-or-buy’ decision for venturing activities. For example, a firm engaged 

in entrepreneurial exploration within a particular ‘mid-stream’ technological area may 

also choose to explore opportunities within the more advanced, upstream technologies, 

and/or areas of application downstream from the focal technology, thus becoming 

‘entrepreneurially integrated’. Or, the firm may choose to be ‘entrepreneurially 

specialized’, limiting its exploration within a narrow technological area and leaving the 

related upstream and downstream venturing to others. Whereas traditional vertical 

integration strategies are designed to achieve ownership or control of known and required 

factors of production (components and raw materials) and/or output markets that are 

sequentially linked (Harrigan, 1984; Monteverde & Teece, 1982), entrepreneurial 

integration strategies involve the ‘make-or-buy’ decisions related to heterogeneous, 

sequentially-linked opportunities throughout the value chain2, i.e. the control or external 

                                                 

2 Value chain analysis can be traced to early work focused on disaggregating the 

individual business firm into its constituent activities with the objective of identifying its 

sources of competitive advantage (Porter, 1985). Here, we consider the value chain of 

exploration activities. Value chain activities are often directed by ‘orchestrating’ firms 

which disaggregate and distribute the activities to ‘specialist’ firms (Mudambi, 2013).  
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sourcing of uncertain exploration activities. Through these choices, the entrepreneurial 

boundary of the firm is established. 

 

The structural aspects of entrepreneurial integration are not new. Faced with uncertainty, 

firms often maintain capabilities that extend beyond the needs of their production 

activities, i.e. their technical knowledge boundaries are separate and distinct from, and 

extend beyond, their functional, production boundaries. This enables integrators of 

complex, multitechnology products to coordinate loosely-coupled networks of suppliers 

to address system-wide performance problems that occur in situations where the 

underlying technologies advance at different rates (Brusoni, Prencipe, & Pavitt, 2001). 

We see no compelling reason why such ‘salients’ or imbalanced advances could not also 

occur across the spectrum of exploration opportunities, requiring the conscious 

coordination of entrepreneurial integration strategies. Scholars have also recently begun 

to investigate the nature and consequences of firms’ integration choices in industries 

characterized by successive technological innovations. In their study, Helfat and Campo-

Rembado (2013) find that firms in these industries choose to remain vertically integrated 

long after market factors and underlying technologies favor specialized firms. While 

incurring costs to do so, such firms remain integrated to gain a countervailing benefit 

from their integrative capabilities when subsequent innovations occur.  Our study builds 

on these ideas and emphasizes the coordination of efforts that involve primary 

(entrepreneurial) uncertainty, and is the first in this area to explicitly examine exploration 

strategies as the vertical integration of sequential venturing activities to pursue different 

types of interconnected entrepreneurial opportunities. 
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Our Study: Identifying and Evaluating Strategies for Exploration 

Through the entrepreneurial process, firms create, discover, imagine, evaluate, and 

exploit uncertain opportunities (Alvarez & Barney, 2007a; Klein, 2008; Shane & 

Venkataraman, 2000), but resource limitations restrict a firm’s ability and/or willingness 

to pursue all opportunities it perceives, i.e. those in its productive opportunity set 

(Penrose, 1959). Smaller firms in particular, faced with limited resources and intense 

competition from larger firms, are likely to be both very selective and discreet with their 

exploration activities (Katila, Chen, & Piezunka, 2012). The unclear nature of exploration 

strategies makes it difficult to study the links between ambidexterity and SE 

performance, and to provide meaningful managerial decision-making guidance. To assist 

scholars and practitioners, our study has two main objectives. First, we aim to identify 

and measure strategies for exploration with greater clarity and precision than the 

literature currently provides. Second, we seek to assess whether particular, chosen 

combinations of exploration activities correspond with higher or lower levels of 

innovation performance, a finding which has important theoretical and practical 

implications given the resource constraints that firms face.   

 

When transactions occur under high levels of uncertainty, internalization of the 

corresponding value chain activities is a more efficient form of organization, and is thus 

likely to occur despite the substantial setup and operating costs (Leiblein & Miller, 2003; 

Williamson, 1971). As industries evolve, firms may remain vertically integrated to offset 

their inability to predict future change and maintain their ability to innovate over multiple 

technological cycles (Helfat & Campo-Rembado, 2013). Exploration activities are 
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characterized by high levels of uncertainty (Gupta et al., 2006; March, 1991) and vertical 

integration supports the expansion of a firm’s product portfolio under these conditions 

(Rothaermel, Hitt, & Jobe, 2006). Therefore, we hypothesize in general that firms that are 

more entrepreneurially integrated will produce higher levels of innovation outputs than 

firms that are more entrepreneurially specialized; we discuss and develop more specific 

hypotheses below.  

 

We test our hypotheses by examining the exploration activities of 169 firms in the 

medical device industry over a 27-year period. Using patent data from 1976 through 

2002, we analyze each firm’s patents in multiple three-year periods, and calculate the 

‘degree of entrepreneurial integration’ to measure strategies for exploration. This 

measure, described in detail below, reflects the slope of a fitted line corresponding to the 

dispersion of ‘new class’ and ‘new subclass’ (i.e. new to the firm) patenting activity over 

the strong-to-weak opportunity spectrum, for each firm in each period. We then examine 

the relationship between each firm’s exploration strategy (i.e. its calculated slope, or 

degree of entrepreneurial integration) and its innovation performance on several 

dimensions in the corresponding period. While this study has limitations, our research 

generates three important findings that contribute to the SE literature. First, we find that 

although there is considerable heterogeneity in the levels of activity, firms explore 

broadly across the strong-to-weak opportunity spectrum. Also, our results show that there 

is a tendency to engage in more weak-side exploration than strong-side or balanced 

exploration. And finally, we find evidence to support our hypotheses of a curvilinear 

relationship between the degree of entrepreneurial integration and innovation outcomes, 
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i.e. an increasing and then diminishing performance impact as innovation strategies shift 

from an emphasis on strong-side to weak-side exploration.   

The remainder of the chapter is structured as follows. We proceed in the next section with 

a more extensive review of the literature and the development of our theory, a refined 

definition of strategies for exploration, and our hypotheses. We then describe the 

empirical context, data sources, variables, and analysis method. The following section 

presents the results, and the final section discusses the theoretical and practical 

implications of this research.  

 

Theoretical Background 

Challenges to Identifying Exploration Strategies 

There is broad and increasing recognition in the academic and practitioner literatures that 

becoming “more entrepreneurial” is critical to the survival and performance of existing 

firms (Ahuja & Lampert, 2001; Drucker, 1985; Guth & Ginsberg, 1990; Stevenson & 

Jarillo, 1990). However, there is little consensus on how this important goal should be 

defined, operationalized for research, and pursued as a strategy (Ireland et al., 2009; 

Meyer & Heppard, 2000). A strategy for exploration should create a sense of unity and 

direction throughout the organization, guide the particular entrepreneurial activities 

taking place, and establish how entrepreneurial the firm strives to be and how it will 

achieve that level of entrepreneurship (Kuratko & Audretsch, 2009). We briefly 

summarize three prominent streams of research that address this issue.    
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Corporate Entrepreneurship Strategy 

Entrepreneurship has become the new “dominant logic” in organizations, and researchers 

have diversely conceptualized the content and character of corporate entrepreneurial 

behavior (Meyer & Heppard, 2000; Simsek & Heavey, 2011). Corporate 

entrepreneurship (CE) activities are organized in heterogeneous ways and the nature of 

these activities can change over the life-cycle of the firm (Phan, Wright, Ucbasaran, & 

Tan, 2009). The direct association between corporate entrepreneurship (CE) and 

performance has been widely examined (Dess et al., 2003) but a precise specification of 

what a CE strategy actually is has been elusive, and knowledge on the topic remains 

fragmented and non-cumulative (Ireland et al., 2009). Ireland and colleagues (2009) 

propose a model of corporate entrepreneurship (CE) strategy that includes three 

foundational elements: an entrepreneurial strategic vision, a pro-entrepreneurship 

organizational architecture, and entrepreneurial processes and behavior (which include 

opportunity recognition and exploitation). To possess such a strategy, firms must 

significantly and regularly display these elements throughout the organization; the 

absence or weakness of any of these elements would indicate the lack of a CE strategy in 

the focal firm. They conclude, however, that CE strategies as defined are not as clearly 

distinguishable as other corporate strategies (e.g. vertical integration or acquisition 

strategies) and may not be robust. To claim the presence or strength of a CE strategy is 

inherently a judgment call on the observer’s part, based on the variability of the 

foundational elements’ degrees of intensity and/or organizational pervasiveness (Ireland 

et al., 2009).  
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Entrepreneurial Orientation 

Another growing stream of research considers the strategic importance of an 

entrepreneurial orientation (EO), which enables firms to perform in an “entrepreneurial 

manner” (Covin & Slevin, 1991; Lumpkin & Dess, 1996). Although EO has been used in 

over one hundred studies, the scholarly community has yet to resolve whether it exists as 

a dispositional or behavioral phenomenon, or both (Covin & Lumpkin, 2011). For 

example, EO has been defined as both “a firm-level disposition to engage in behaviors” 

reflecting risk-taking, innovativeness, proactiveness, autonomy, and competitive 

aggressiveness (Voss, Voss, & Moorman, 2005: 1134) and as “a set of distinct but related 

behaviors” that have these qualities (Pearce, Fritz, & Davis, 2010: 219). Scholars have 

also debated whether this well-established construct is a suitable indicator of a firm’s 

strategy for exploration. Strategies are identified by the activities selected and tradeoffs 

made by the firm (Porter, 1996). An organizational strategy reflects the specific pattern or 

approach to resource allocations and structural arrangements to achieve the long-term 

goals of the enterprise, and can be understood as an aggregation of the longitudinal 

deployments of resources to the firm’s functional areas (Chandler, 1962; Mintzberg, 

1978; Schendel & Patton, 1978). While EO “does address a basic issue: what it means to 

be entrepreneurial” (Lumpkin, 2011: 4), recent work argues that it does not alone 

constitute actual behavior, patterns of resource allocations, or an opportunity-based 

organizing strategy per se (Foss & Klein, 2012; Simsek & Heavey, 2011).  
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The Entrepreneurial Theory of the Firm 

In recent years, theories of entrepreneurship and organization have been converging to 

build an entrepreneurial theory of the firm (Alvarez & Barney, 2005; Jacobides & 

Winter, 2007; Klein, 2008; Langlois, 2007). Rooted in Coase’s (1937) seminal essay, 

work in this area focuses on the ex ante and ex post uncertainty surrounding 

entrepreneurial actions and processes, the impact of uncertainty on the choice of firm 

boundaries and modes of governance, and the ability of firms to appropriate rents from 

exploration activities (Foss & Klein, 2012; Kaul, 2013). However, despite a growing 

body of research in this area, a systematic understanding of entrepreneurship as an 

organizational process - and a process to be organized - has been slow to emerge, and the 

literatures on entrepreneurship and organization have remained distinctly separate 

(Alvarez & Barney, 2007b; Klein, 2008; Sørensen & Fassiotto, 2011). Integrating the 

conversations of entrepreneurship and economics scholars has been a challenge for both 

groups: much of the received entrepreneurship literature has been silent on alternative 

governance modes to organize the process of exploration, and much of the received 

theory of the firm literature has been silent on the unique organizational problems of 

entrepreneurs (Alvarez & Barney, 2007b). The entrepreneurial act is conceived by many 

scholars as exceptional, free-floating, and disconnected from the organizational and 

strategic decision-making processes of incumbent firms (Foss & Klein, 2012), and in 

many studies has been limited to the pursuit of a rather narrow range of possible 

exploration opportunities (Eckhardt & Shane, 2003). The lack of interaction between the 

theory of the firm and the theory of entrepreneurship has prevented substantial cross-

fertilization, and there is as yet no serious theory of the entrepreneurial firm to guide 
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decision-making for problems that involve both entrepreneurship and organizing (Foss & 

Klein, 2012). As noted above, however, some scholars contend that despite the 

differences there are inherent similarities in methods and conceptualizations that in some 

cases constitute a potentially productive area of intersection between entrepreneurship 

theory and neoclassical economic theory (Baumol, 1993; Casson, 2005). 

 

In summary, the disparity with which exploration strategies have been depicted has led to 

a less than satisfying level of cumulative knowledge on the topic, and confusion for 

managers seeking to make their organizations more entrepreneurial (Ireland et al., 2009). 

Reviews and editorial analyses have consistently stressed the need to more precisely 

identify, within the broader set of organizational choices, the pattern of decisions 

regarding goals, resource allocations, structural arrangements, and tradeoffs designed to 

leverage entrepreneurial resources for opportunity- and advantage-seeking purposes (Hitt, 

Ireland, Camp, & Sexton, 2002; Ireland et al., 2009; Russell & Russell, 1992).  

 

Digging Deeper: Building Theory based on Shared Characteristics 

Framing a particular problem as an instance of a more general case facilitates theory 

building through engaged scholarship, allowing different perspectives and competencies 

to be leveraged to coproduce knowledge about complex phenomena (Van De Ven & 

Johnson, 2006). Jacobides and Winter suggest that because entrepreneurial activity is 

extraordinary, idiosyncratic, unusual and/or peculiar, “[t]heories of entrepreneurial 

behaviour must therefore be founded on the effort to capture what is common to the 

uncommon” (2007: 1214). As noted above, much of the research on SE and 
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ambidexterity is logically designed using the differences between exploitation and 

exploration as the starting point. Below, we consider several shared characteristics and 

insights from these generalizations.  

 

Transformational Processes 

First, although the details are unique to each setting, both exploitation and exploration 

fundamentally involve transformational processes that convert various inputs into various 

outputs. For example, exploitation converts factors of production (e.g. raw materials, 

knowledge, labor, and capital) under conditions of calculable risk (Knight, 1921; March, 

1991) via a manufacturing or similar process that generates relatively known and certain 

outputs. In exploration, other combinations of factors (ideas, knowledge, venture capital, 

and so on) are converted under conditions of uncertainty via the entrepreneurial process 

(Shane & Venkataraman, 2000) which generates relatively unknown and uncertain 

outputs. As such, both exploitation and exploration can be comparably viewed as input-

process-output systems existing within the firm. Accordingly, managers of each type of 

activity must make decisions regarding the source, quality, and quantity of inputs; the 

location, speed, and efficiency of the conversion process; and the volume and final 

disposition of outputs. Thus, while the distinctions proposed by Knight (1921), March 

(1991), and others are critical for analyzing the contrasting nature of exploitation and 

exploration in a broader sense, these differences may be less germane to understanding at 

a more basic level how these conversion processes are systematically managed within the 

scope of the firm’s operations.  
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The Locus of Exploration and Exploitation 

A second similarity is that both exploitation and exploration occur within firms, which 

are collections of interrelated labor processes separated by an internal division of labor 

and coordinated by managerial authority (Smith, 1776). As production activities, 

exploitation and exploration constitute a series of transactions linking one kind of labor 

process to another, controlled by a managerial hierarchy and coordinated by 

administrative rules and decisions (Coase, 1937; Williamson, 1971). The technical 

fragmentation of tasks within each firm enables managers to dynamically allocate 

resources to these connected processes, and configure operations in any number of ways 

(Scott, 1986). Continuously advancing technologies also allow firms to disaggregate 

business activities into progressively finer slices, and specialize in those activities over 

which they have a competitive advantage (Mudambi, 2008). The resulting internal value 

chains comprise many different stages of production that use and yield increasingly finer 

grained intermediate and final goods (Mudambi, 2008; Scott, 1986). Thus, whether these 

activities and their related inputs and outputs (e.g. semifinished pins, or new chemical 

compounds with uncertain applications) are associated with exploitation or exploration 

may not be the crucial factor in a firm’s organizing decisions. Rather, as both exploitation 

and exploration activities constitute value chains within a firm, the organization of each 

may instead be driven by the increasingly fragmented, sequential, and interconnected 

nature of the activities themselves.  

 



22 

No Firm is an Island 

A third similarity is that the firms in which exploitation and exploration activities take 

place are themselves situated within a social division of labor, and thus transact business 

with other firms across external markets (Coase, 1937; Scott, 1986). As such, managers 

must weigh the transaction costs and efficiencies of producing inputs and using outputs 

within the hierarchy of the firm, or buying inputs and selling outputs on the open market 

(Williamson, 1971). As technology-enabled firms dissect their business processes into 

progressively finer slices, complex activities can be disaggregated, relocated, and 

reintegrated with fewer limitations on placing activities within (or sourcing them from) 

the most efficient global location (Mudambi, 2008). The often highlighted distinctions 

between exploration and exploitation may have less explanatory power at this level of 

organizational analysis. Rather, the transactional nature of both activities may offer 

greater insights into managers’ decisions to configure business processes and set the 

exploration and exploitation boundaries of the firm.   

 

 

Identifying and Measuring Strategies for Exploration 

We suggest that a holistic view of entrepreneurial opportunities (Alvarez & Barney, 

2005; Alvarez, Barney, & Anderson, 2013; Eckhardt & Shane, 2003; Foss & Klein, 2012; 

Shane, 2012) is a key requirement for effectively examining a firm’s strategy for 

exploration. Holistic approaches add value to organizational research by generating 

critical insights about complex, aggregate phenomena that are ultimately studied in more 

detail (Barney, 1990; Simon, 1991). In this section, we describe the procedures used in 

this study to identify and measure firms’ strategies for exploration, which build on prior 
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research that asserts the ubiquity of entrepreneurial opportunities throughout the value 

chain. Given the many interpretations of strategy and exploration used in the literature, 

we begin by clarifying our working definition of a firm’s strategy for exploration. 

 

Strategies for Exploration Defined 

An organizational strategy is the integrated and reinforcing pattern of choices made 

regarding goals, outputs, levels of scope and diversity, and policies that define and 

coordinate work to achieve the goals of the enterprise (Rumelt, Schendel, & Teece, 1991; 

Schendel & Patton, 1978). Porter (1996) suggests that the essence of strategy is found in 

the activities selected and tradeoffs made by the organization, and a strategy for 

entrepreneurship is the distinct set of innovation-based activities, resource allocations, 

and tradeoffs related to the pursuit of opportunities (Hitt et al., 2002; Ireland et al., 2009; 

Russell & Russell, 1992).  

 

While many studies implicitly assume that entrepreneurial pursuits are limited to changes 

in products or services (Eckhardt & Shane, 2003), opportunities for creative responses, or 

doing “something else, something that is outside the range of existing practice”, occur 

throughout the value chain (Schumpeter, 1947: 150). These can include the exploration 

and development of breakthrough technologies (invention), new products and services 

from existing technologies (innovation), and new markets for existing products 

(imitation). Innovation, which Schumpeter (1942) defined as the commercialization of 

inventions, occupies the center of this activity spectrum, but the entrepreneurial process 

reveals itself in many activities besides innovation (Foss & Klein, 2012). Opportunities 
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for invention, innovation, and imitation manifest themselves in a variety of different ways 

(Alvarez et al., 2013; Eckhardt & Shane, 2003), and can be categorized along multiple 

dimensions, including strong vs. weak opportunities (Shane & Venkataraman, 2000); 

factor market vs. product market opportunities (Sarkar et al., 2001); upstream 

opportunities associated with R&D-related knowledge vs. downstream opportunities 

associated with marketing knowledge (Mudambi, 2008); and “higher-order” 

opportunities that generate new and different opportunities downstream (Buenstorf, 

2007). Moreover, differences in the nature of entrepreneurial opportunities themselves 

influence the resources, organizational forms, and modes of action required for their 

exploitation (Alvarez & Barney, 2005; Shane & Venkataraman, 2001). And yet, few 

studies consider the difference between factor and product market opportunities, and few 

authors have categorized opportunities along a strong (Schumpeterian) to weak 

(Kirznerian) continuum (Shane, 2012).  

 

We maintain, however, that these categorizations are essential to understanding the 

underlying choices and tradeoffs that define a strategy. Accordingly, since the activities 

selected and tradeoffs made are essential elements of strategy identification (Porter, 1996; 

Schendel & Patton, 1978), we refine the working definition of strategies for exploration 

in this study as the distinct and dynamic combination of opportunities the organization 

chooses to pursue across the entire strong-to-weak spectrum, in technological areas 

where the firm has not previously ventured.  
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Illustration of the Theoretical Construct using Patent Data 

To identify and measure a firm’s exploration strategy as proposed, the location and level 

of the firm’s exploration activity across the opportunity spectrum must first be 

determined and quantified. We accomplish this in four steps, using USPTO patent data 

obtained through the National Bureau of Economic Research Patent Data Project (NBER-

PDP, available at www.nber.org), which provides details on USPTO patents granted from 

1976 through 2006. Patent data have been used extensively in prior research to measure a 

firm’s innovation efforts, innovation performance, and the technological value and 

impact of a firm’s innovations (Acs & Audretsch, 1989; Ahuja & Lampert, 2001; 

Argyres & Silverman, 2004; Griliches, 1990; Roach & Cohen, 2012; Rosenkopf & 

Nerkar, 2001; Winston Smith & Shah, 2013). Firm financial and related data were 

obtained from Compustat (which is linked to patent details via the NBER files). 

Step 1: Determining the Location of Opportunities on the Strong-to-Weak Continuum 

First, the opportunities themselves must be differentiated and positioned on the strong-to-

weak continuum. For this study, we distinguish the different types of opportunities a firm 

could opt to pursue at two levels of granularity: using patent classes (coded in the NBER-

PDP as ‘icl_class’ and labeled ‘Main 4-character International Patent Classification’, 

which we refer to as ‘ICL1’) and subclasses (coded in the NBER-PDP as the ‘icl_class’ 

code plus the ‘icl_maingroup’ and labeled ‘Main group within the 4-character IPC’, 

which we refer to as ‘ICL2’). In the related NBER-PDP main file, there are over 4,400 

unique ICL1 classes, and over 24,000 ICL2 subclasses. Classes and subclasses serve as 

proxies for the basic building blocks of a technological community (Fleming, 2001), and 
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as the USPTO objectively assigns these as indicators of a patent’s technological content, 

subclasses are not biased by firms’ strategic considerations (Carnabuci & Operti, 2013).  

The technological impact of an individual patent has been measured in prior studies by 

the number of citations the focal patent receives compared to other patents in the same 

period (Ahuja & Lampert, 2001; Argyres & Silverman, 2004; Rosenkopf & Nerkar, 

2001; Trajtenberg, 1990). In this study, we extend this logic to measure the technological 

importance of each class (and subclass) in each period using citation pair data, to 

determine the relative impact of each class (and subclass) and the position of each on the 

strong-to-weak opportunity axis at any given time. Because the importance of a particular 

technology changes over time, we generated a period-specific impact value for each of 

the approximately 4,400 classes and approximately 24,000 subclasses in the NBER-PDP 

by dividing the total number of patents issued in each class and subclass by the total 

number of forward citations made to those patents in each class and subclass. Time limits 

on forward citations are commonly used to improve the calculation of impact and avoid 

truncation bias from citations that continue to be received at a nondeclining rate (Hall, 

Jaffe, & Trajtenberg, 2005). Accordingly we limit our consideration of forward citations 

to those within five years of the cited patent application year. Consistent with prior 

studies (e.g. Miller, Fern, & Cardinal, 2007; Rosenkopf & Nerkar, 2001), self-citations 

are also excluded from our impact calculations.  

The impact values for all classes and subclasses in each period were then converted to a 

ten-point scale (where 1 represents the “strongest” or highest-impact opportunities and 10 

represents the “weakest” or lowest-impact opportunities), and the appropriate scaled 
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impact value was assigned back to each patent class-period and subclass-period 

combination. For example, ICL1 patent class A61F (“Filters implantable into blood 

vessels, e.g. stents”) was assigned a scaled impact value = 6 for period 3 (1982-84), a 

scaled impact value = 3 (indicating a stronger impact) for period 6 (1991-1993), and so 

on according to its corresponding citation activity in each period. Conversely, ICL1 

patent class A61J (“Containers specially adapted for medical or pharmaceutical 

purposes”) was assigned a scaled impact value = 4 in period 2, an impact value = 6 in 

periods 3 through 6, and an impact value = 8 in period 7 (a pattern of increasingly weaker 

impact over the periods). The scaled impact value provides the link that will enable each 

firm’s exploration activity in each period (defined in the next step) to be positioned on 

the strong-to-weak opportunity axis. 

Step 2: Identifying and Positioning Firms’ Exploration Activities 

Next, we separated the exploration activity of each firm from its exploitation activity, 

following the distinctions recommended by Gupta et al. (2006). They conclude that 

March’s (1991) logic is best captured when exploration is identified by innovation that 

involves a shift to a different technological trajectory (Benner & Tushman, 2002), is 

aimed at entering new product-market domains (He & Wong, 2004), and involves 

concerted variation and planned experimentation (Baum, Li, & Usher, 2000). 

Exploitation, on the other hand, involves local search and reuse of existing routines 

(Baum et al., 2000), efforts to improve existing components and build on the existing 

technological trajectory (Benner & Tushman, 2002), and innovation aimed at improving 

existing product-market domains (He & Wong, 2004). As patents can be a form of 

exploration or exploitation activity (Rosenkopf & Nerkar, 2001), we classified a firm’s 



28 

patents in new classes and subclasses (i.e. classes and subclasses in which the firm has 

had no prior patents) as exploration activity. Conversely, patents in classes and subclasses 

already in the firm’s grant history were classified as exploitation activity. We concluded 

this intermediate step by assigning the scaled impact value (calculated in Step 1) to each 

of a firm’s exploration patents based on its class, subclass, and period values. By 

assigning the period-specific scaled impact value to each new class and subclass patent, 

the full set of a firm’s exploration activities in each period was given a relative position 

on the strong-to-weak impact axis.  

Step 3: Determining the Levels of Exploration throughout the Opportunity Spectrum 

The identification of new class and subclass patents and the assignment of corresponding 

scaled impact values reveal a firm’s range of exploration throughout the opportunity 

spectrum  in a given period. However, these steps do not by themselves indicate the 

differing levels of activity that accompany decisions to pursue or avoid opportunities 

throughout the range. These details are needed to understand how firms differ in their 

strategies for selecting and organizing exploration activities, and how the level of 

investment in any technological area changes over time. To identify these choices and 

tradeoffs in each period, we measured the aggregate levels of exploration patents across 

the entire strong-to-weak spectrum. Examining the aggregate set of patents in a period, as 

opposed to individual patents, gives an overall picture of the type of exploration strategy 

that predominates in the firm (Rosenkopf & Nerkar, 2001).  
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Figure 1-1: A Graphical Depiction of an Exploration Strategy 

 

A graphical depiction of an exploration strategy and the degree of entrepreneurial 

integration reflected by the EI Slope. The relative proportions of exploration patents 

across the strong-to-weak opportunity scale by Boston Scientific Corporation in Period 9 

(2000-2002) are depicted above; the majority of exploration activity in this period was in 

the “weaker” opportunity areas (impact values >5) with the highest proportion (46%) in 

subclasses where scaled impact value = 8. The fitted slope in the diagram (EI Slope) 

provides the standardized, comparable measure of exploration strategy, i.e. the degree of 

entrepreneurial integration. 

 

For each firm, we consolidated all exploration activity according to its scaled impact 

value, and calculated the ratio of the total number of new class and subclass patents in 

each scaled impact value “bucket” to the firm’s total number of new class and subclass 

patents for the period. As the sum of these ratios for each firm is always 1, this provides a 

standardized measure of exploration strategies for all firms in our sample. The ratios of 

activity at each point on the impact scale can thus be arranged to offer a more intuitive 

visual depiction of the firm’s strategy for exploration in a particular period, i.e. its pattern 
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of investment in venturing activity across the entire strong-to-weak opportunity spectrum 

[Figure 1-1]. 

Step 4: Measuring Strategies for Exploration – The Degree of Entrepreneurial 

Integration 

Finally, to measure firms’ exploration strategies in each period for the analysis that 

follows, we examine the overall pattern of exploration activities as defined above as the 

distribution and level of activities across the strong-to-weak spectrum. For this we 

calculated the slope of a regression line fit to the ratios of new class and subclass patents 

at each point on the impact scale [Figure 1-1]. We label this slope value ‘EI Slope’ to 

represent the degree of entrepreneurial integration as it reflects the distribution of each 

firm’s exploration activities across the strong-to-weak opportunity spectrum. Because the 

impact scale ranges from 1 (strong opportunities) to 10 (weak opportunities) as described 

in step 1, a negative slope indicates a greater proportion of strong-side exploration 

activity, and a positive slope indicates a greater proportion of weak-side activity. A slope 

of zero would indicate a balanced strategy, with relatively equal proportions of strong- 

and weak-side exploration across the scale.  

The results of steps 1-4 are further illustrated in the examples in Figures 1-2 and 1-3. 

Figure 1-2 shows the relatively “strong” (i.e. higher impact) distribution of new subclass 

patenting activity across the strong-to-weak spectrum reflected by a negative EI Slope for 

Spectranetics Corporation in Period 6 (1991-1993). Figure 1-3 shows the relatively 

balanced distribution of new class patenting activity across the strong-to-weak spectrum 

reflected by a “flat” EI Slope for the American Sterilizer Company in Period 3 (1982-

1984).  
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Figure 1-2: A Relatively ‘Strong’ Exploration Strategy 

 

The relatively “strong” (i.e. higher impact) exploration strategy of the Spectranetics 

Corporation in Period 6 (1991-1993), with the distribution of new subclass patenting 

activity generating a negative EI Slope value (-0.0318). The greatest proportion (50%) of 

exploration in this period occurred in subclasses with a scaled impact value = 2. 

 

Figure 1-3: A Relatively ‘Balanced’ Exploration Strategy 

 

The relatively balanced distribution of new class patenting activity across the strong-to-

weak spectrum for the American Sterilizer Company in Period 3 (1982-1984), reflected 

by the “flat” EI Slope value (0.000).  
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Evaluating Strategies for Exploration 

Having established a precise definition and an internally consistent and comparable 

measure of a firm’s strategy for exploration in each period (i.e. the EI Slope), we are now 

able to examine our third question: Are particular strategies for exploration associated 

with higher or lower levels of innovation performance? To this end, we consider the 

relationship between the degree of entrepreneurial integration (the calculated ‘EI Slope’) 

and three dimensions of innovation performance. First, we examine the overall level of 

innovation (the number of successful exploration and exploitation activities, i.e. the total 

patents in each period) which has been a commonly used performance measure in prior 

studies (Acs & Audretsch, 1989; Trajtenberg, 1990). Second, we examine the expansion 

of a firm’s exploration horizons or venturing into new areas following the distinctions 

specified in Gupta et al. (2006), by measuring the number of new classes and patent 

classes added to the firm’s portfolio in the period. And third, we examine the level or 

extent of venturing in new directions, measured as the number of patents received in the 

new classes and subclasses, which provides a measure that captures both “search depth” 

and “search scope” in each period (Katila & Ahuja, 2002). 

 

Product, service, and process innovations are driven by new knowledge, which is created 

through a dynamic learning cycle of acquiring, exchanging, combining, and recombining 

existing knowledge (Nonaka, 1994). The potential for recombinant innovation 

diminishes, however, as technologies mature (Ahuja & Lampert, 2001; Levinthal & 

March, 1993), and as core capabilities developed from prior innovation and learning 

become core rigidities in the form of cognitive predispositions, patterns of interpretation, 
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and change-resistant behaviors that undermine the entrepreneurial process (Leonard-

Barton, 1992). To escape learning traps caused by practices that are both necessary and 

efficient, firms must experiment with a range of novel, emerging, and pioneering 

technologies (Ahuja & Lampert, 2001).  

 

Prior research suggests that vertically integrated firms are more likely to have higher 

levels of innovation, which is facilitated by both the presence of a technological dialog 

that allows greater integration of tacit knowledge (Carnabuci & Operti, 2013), and 

improved access to complementary technologies existing throughout the value chain 

(Teece, 1986). Thus, as firms expand their operations to participate in a broader range of 

value chain activities, they increase their stock of resources needed to identify and exploit 

new opportunities. In addition, the cyclical and compounding nature of knowledge 

(Nonaka, 1994) permits an increasing number and variety of opportunities to be 

recognized and exploited as new knowledge is obtained from other parts of the value 

chain. As firms’ exploration strategies shift from an emphasis on strong-side to weak-side 

opportunities, the EI Slope measure captures the decreasing and increasing level of 

specialization. As a broader range of exploration exposes the firm to more knowledge and 

opportunities, we hypothesize that the three distinct measures of innovation will be 

curvilinearly related to a firm’s degree of entrepreneurial integration:  

H1: The overall level of innovation, reflected by the total number of all 

(exploration and exploitation) patents granted, will be curvilinearly 

related to the degree of entrepreneurial integration. 
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H2: The expansion of a firm’s activities into new areas of technology, 

reflected by the number of new classes and subclasses in which the firm 

receives patents, will be curvilinearly related to the degree of 

entrepreneurial integration. 

 

H3: The success of the firm’s exploration activities, reflected by the total 

number of patents granted in new classes and subclasses for the firm, will 

be curvilinearly related to the degree of entrepreneurial integration. 

 

 

Research Method 

Sample and Data Selection 

We tested our hypotheses using USPTO patent data covering a 27-year period (1976-

2002) for a sample of medical device companies identified in Compustat with primary 

SIC codes of 3841, 3842, and 3845. We initially calculated the EI Slope values for all 

firms in the NBER-PDP. We then limited this set of observations to actively patenting 

firms in each period, defined as those with a minimum of five or more patents during the 

corresponding three years, and reduced the file further to include only the firms with the 

SIC codes related to medical devices. USPTO patent data were obtained through the 

National Bureau of Economic Research Patent Data Project (NBER-PDP). Our dataset 

was created by combining multiple files in the PDP that separately contain data for each 

patent number on assignees, application and grant dates, patent class and subclass 

assignments, and citation pairs. We obtained firm size and age data for each period from 

Compustat, by linking the ‘pdpass’ assignee code in the PDP with the ‘gvkey’ firm 

indicator in Compustat. The ‘gvkey’ was also used to consolidate multiple patent 
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assignee codes into single corporate families which share common financials.  Our focal 

unit of analysis is the combination of the firm (consolidated using the ‘gvkey’ indicator 

from Compustat) and three-year period (beginning with period 1 = 1976-1978 and ending 

with period 9 = 2000-2002). Our final analysis of class-level “ICL1” data was conducted 

on a final sample of 232 firm-period observations, and our final analysis of subclass-level 

“ICL2” data was conducted on a final sample of 305 firm-period observations; 

 

Dependent Variables 

Patent counts have been recognized in prior studies as a valid measure of the level of 

innovation within the firm (Acs & Audretsch, 1989). Aggregated counts of patents over a 

period of time gives an overall picture of the type of exploration that predominates in the 

firm, and suggest exploration strategies while still encompassing great variation 

(Rosenkopf & Nerkar, 2001).   

  

We measured innovation performance using three aggregated measures of patents granted 

to the firms. First, we used the total number of patents granted in a period (Total Patents 

in Period) to reflect overall innovation performance for the firm, which could reflect the 

theorized effect of ambidexterity, i.e. achieving improved performance by balancing 

exploration and exploitation activities (March, 1991; Tushman & O'Reilly, 1996).  

 

Second, we used the number of new patent classes added to the firms’ portfolio (New 

Classes Added, and New Subclasses Added) to measure successful innovation in 

previously unexplored directions. The movement of a firm into new classes and 
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subclasses indicates a technological diversification which provides a basis for future 

product diversification and product/process improvements (Benner & Tushman, 2002; 

Craig & Mudambi, 2013; Gupta et al., 2006). Therefore, by adding new classes and 

subclasses to its patent portfolio, the firm expands the range of technologies in which it is 

engaged, and thus its capability for future innovations.    

 

Our final dependent variable, the number of patents granted in new classes for the firm 

(Patents in New Classes, and Patents in New Subclasses) was used to measure innovation 

performance beyond our second measure (New Classes Added and New Subclasses 

Added), which reflects new directions and trajectories for the firm’s exploration which 

facilitate future innovations (Gupta et al., 2006; He & Wong, 2004). With our third 

measure, the number of patents granted in new classes and subclasses, we capture the 

intensity of innovation into the areas of expansion.  Our hypotheses predict that all three 

of these measures of innovation will be curvilinearly related to the degree of 

entrepreneurial integration.   

 

Independent Variables 

Our focal independent variable is the degree of entrepreneurial integration, which is 

calculated for each firm-period combination i as the slope of a regression line fit to the 

ratios of new subclass patents at each point on the CR scale j, or:   

Ratio of new class or subclass patents i,j  =  β0 + β1 Citation Ratio Scale Value i,j  + e 
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Construction of this variable is described in the illustration provided in the previous 

section. In our analyses we refer to the degree of entrepreneurial integration as the ‘EI 

Slope’. To examine the hypothesized curvilinear relationship between the degree of 

entrepreneurial integration and our dependent variables, we also generate the squared 

term ‘EI Slope2’. 

 

Control Variables 

We also control for several variables that may influence the innovation performance of 

each firm.  

Firm Size 

Larger firms may have higher levels of innovation owing to their scale. We use the log 

value of annual revenues, averaged over each three-year period, as a proxy for firm size.  

Firm Age 

Gittelman and Kogut (2003) have suggested that older firms possess greater stocks of 

knowledge that may influence their ability to innovate. Therefore we control for the age 

of the firm in each period, calculated as the log value of the ending year of each period 

minus the first year in which financial data is reported in Compustat.  

Prior Patenting 

Firms vary significantly in their levels of patenting activity, which may influence the 

number of patents applied for and granted in subsequent periods. We control for this 

effect by calculating the log value of the total number of patents applied for by each firm 

in the previous three-year period.  
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Technological Experience 

Firms with greater levels of technological diversity may have other characteristics that 

impact innovation performance that are not captured in our data. We control for this 

effect using the log value of the total number of patent classes and subclasses in which 

the firm has previously received patents, measured at the beginning of each period.  

 

Analytical Approach 

Our dependent variables of innovation performance (Total Patents in Period, New 

Classes and Subclasses Added, and Patents in New Classes and Subclasses) take on only 

non-negative whole number values. Using linear regression models on such data can 

result in inefficient, inconsistent, and biased coefficients (Smith, Ferrier, & Grimm, 

2001). In such situations, a negative binomial specification is preferred (Hausman, Hall, 

& Griliches, 1984), and has been widely used in previous studies to analyze patent count 

data (Cascio, 2005). The alpha values in our regressions are significantly greater than 

zero, indicating the data are over dispersed and are better estimated using a negative 

binomial model over a Poisson model3.  

 

The expected value of each innovation performance measure is assumed to be an 

exponential function of the degree of entrepreneurial integration (i.e. EI Slope), and Xij, a 

vector of technological, firm age, and firm size controls. We model the innovation 

                                                 

3 Stata Annotated Output: Negative Binomial Regression. UCLA: Statistical Consulting 

Group. From http://www.ats.ucla.edu/stat/stata/output/stata_nbreg_output.htm (accessed 

January 20, 2015) 

 

http://www.ats.ucla.edu/stat/stata/output/stata_nbreg_output.htm
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performance for each measure (Total Patents in Period, New Classes and Subclasses 

Added, and Patents in New Classes and Subclasses) as:  

E[innovation performance] = exp (β1*Degree of Entrepreneurial Integration + β’Xij  + ε ) 

All regressions are carried out with heteroskedasticity-robust standard errors, clustered at 

the firm (i.e. ‘gvkey’) level.    

 

Results 

Tables 1-1 and 1-2 summarize the descriptive statistics, including the means, standard 

deviations, and correlations of the variables for the ICL1 (patent class) and ICL2 (patent 

subclass) level analyses, respectively. Tables 1-3 and 1-4 present the results of our 

negative binomial regression analysis of innovation performance for ICL1 (patent class) 

and ICL2 (patent subclass) level data. Our results demonstrate curvilinearity, a necessary 

condition for a function to exhibit an inverted U-shape. 

 

Hypothesis 1 stated that innovation performance, reflected by the total number of patents 

granted in new classes and subclasses (Total Patents in Period), will be curvilinearly 

related to the degree of entrepreneurial integration. A significant and negative coefficient 

for the squared term EI Slope2 demonstrates this relationship supporting Hypotheses 1. 

At the class level (Table 1-3, column 1), our analysis reveals that the squared term is 

negative and significant (α = .05), and therefore the data in our sample provide support 

for Hypothesis 1 at the broader class level. At the subclass level (Table 1-4, column 1), 
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our analysis reveals that the squared term is negative but only minimally significant (α = 

.10), providing limited support for Hypothesis 1 at the subclass level. 

 

Hypothesis 2 stated that a firm’s expansion into new areas of technology, reflected by the 

number of new classes and subclasses in which the firm receives patents (New Classes 

Added and New Subclasses Added), will be curvilinearly related to the degree of 

entrepreneurial integration. The significant, negative coefficient of the squared term for 

our class analysis (Table 1-3, column 2) and subclass analysis (Table 1-4, column 2) 

predicts strong support in our data for Hypothesis 2.  

 

 

And finally, Hypothesis 3 stated that the success of the firm’s exploration activities, 

reflected by the total number of patents granted in new classes and subclasses for the firm 

(Patents in New Classes and Patents in New Subclasses), will be curvilinearly related to 

the degree of entrepreneurial integration. We find support for this hypothesis, predicted 

by the negative and significant coefficient for the squared term EI Slope2 (α = .05) at the 

subclass level (Table 1-4, column 3), but we find no support for this hypothesis in our 

data at the class level (Table 1-3, column 3).   
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Table 1-1:  Descriptive Statistics for ICL1 Class Level Analysis (n = 232)                 

    Mean S.D. Min Max (a) (b) (c) (d) (e) (f) (g) (h) 

Total Patents in Period (a) 51.45 116.51 3.00 877.00 --- 
       

New Classes Added (b) 7.22 6.23 1.00 35.00 0.65 
       

Patents in New Classes (c) 15.88 17.30 1.00 199.00 0.32 0.50 
      

EI Slope (d) 1.00 0.01 0.96 1.04 0.24 0.35 0.01 
     

Firm Size (e) 4.08 2.48 0.00 8.79 0.45 0.56 0.20 0.34 
    

Firm Age (f) 2.09 0.95 0.00 3.97 0.35 0.39 -0.01 0.34 0.66 
   

Prior Patenting (g) 1.65 1.78 0.00 6.69 0.62 0.63 0.06 0.43 0.72 0.73 
  

Tech Experience (h) 1.41 1.48 0.00 4.82 0.51 0.56 0.02 0.44 0.72 0.80 0.95 --- 

              

              Table 1-2:  Descriptive Statistics for ICL2 Subclass Level Analysis (n = 305)               

    Mean S.D. Min Max (a) (b) (c) (d) (e) (f) (g) (h) 

Total Patents in Period (a) 47.09 103.47 3.00 877.00 --- 
       

New Subclasses Added (b) 12.63 13.33 1.00 93.00 0.78 
       

Patents in New Subclasses (c) 19.76 21.12 3.00 199.00 0.66 0.83 
      

EI Slope (d) 1.01 0.01 0.97 1.04 0.17 0.28 0.09 
     

Firm Size (e) 4.19 2.36 0.00 8.79 0.43 0.57 0.41 0.39 
    

Firm Age (f) 2.20 0.91 0.00 3.97 0.33 0.42 0.22 0.37 0.68 
   

Prior Patenting (g) 1.87 1.70 0.00 6.69 0.58 0.63 0.37 0.39 0.70 0.72 
  

Tech Experience (h) 1.88 1.67 0.00 5.94 0.49 0.60 0.32 0.41 0.73 0.80 0.95 --- 
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Table 1-3. Negative Binomial Results of Innovation Performance (ICL1 - Class Level) 

 (1) (2) (3) 

 Total Patents New Classes Patents in 

VARIABLES in Period Added in Period New Classes 

    

EI SLOPE 638.713** 583.267*** 519.058 

 (2.09) (2.71) (1.52) 

EI SLOPE2 -323.432** -286.268*** -260.816 

 (-2.12) (-2.66) (-1.53) 

Firm Size 0.123** 0.126*** 0.130*** 

 (2.42) (4.67) (2.64) 

Firm Age -0.069 -0.149** -0.106 

 (-0.79) (-2.27) (-1.18) 

Prior Patenting 0.748*** 0.263*** 0.174** 

 (9.46) (4.25) (2.47) 

Tech Experience -0.359*** -0.120 -0.251* 

 (-2.59) (-1.16) (-1.85) 

Period 0.091*** -0.010 0.060*** 

 (5.60) (-0.51) (2.60) 

    

Observations 232 232 232 

Wald chi2 340.82 248.77 38.28 

Prob > chi2 0.000 0.000 0.000 

Max Likelihood R2 0.802 0.516 0.186 

Robust z-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10  
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Table 1-4. Negative Binomial Results of Innovation Performance (ICL2 – Subclass Level) 

 (1) (2) (3) 

 Total Patents New Subclasses Patents in 

VARIABLES in Period Added in Period New Subclasses 

    

EI SLOPE 478.418 992.316*** 696.217** 

 (1.61) (4.03) (2.35) 

EI SLOPE2 -242.843* -488.444*** -347.392** 

 (-1.66) (-4.00) (-2.37) 

Firm Size 0.150*** 0.143*** 0.154*** 

 (3.12) (4.72) (3.28) 

Firm Age -0.123 -0.234*** -0.173* 

 (-1.43) (-3.42) (-1.95) 

Prior Patenting 0.712*** 0.212*** 0.216*** 

 (9.01) (3.15) (2.80) 

Tech Experience -0.286*** 0.046 -0.114 

 (-2.58) (0.53) (-1.02) 

Period 0.053*** -0.023 0.020 

 (3.61) (-1.23) (0.89) 

    

Observations 305 305 305 

Wald chi2 311.56 238.71 68.48 

Prob > chi2 0.000 0.000 0.000 

Max Likelihood R2 0.773 0.567 0.301 

Robust z-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10
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Discussion 

The ability to balance exploration and exploitation activities is a foundational concept in 

field of strategic entrepreneurship. We have considered how the often highlighted 

distinctions between exploration and exploitation (Gupta et al., 2006; March, 1991; 

Rosenkopf & Nerkar, 2001) can be useful for examining strategies, but how few studies 

have emphasized their shared characteristics that may hold the key to better 

understanding the SE-performance relationship. We feel that this study provides a solid 

foundation for greater communication and contact between the fields of entrepreneurship 

and organization, and provides a new perspective and direction from which future 

research can explore the complex relationship between venturing choices and innovation 

outcomes. 

 Our examination of historical patent activity for a sample of medical device companies 

predicts that the choices to pursue different venturing strategies are associated with the 

levels of innovation performance that result. In particular, we find in the data that we 

examined that three different measures of innovation performance, reflecting the breadth 

and depth of a firm’s expansion into new technological areas, are positively and 

negatively impacted by the shape of the firm’s venturing strategy. We find evidence that 

firms whose strategy for exploration was more ‘entrepreneurially-specialized’ at one end 

of the impact spectrum or the other tended to have relatively lower overall levels of 

innovation, whereas their counterpart firms whose strategies for exploration were more 

broadly dispersed (or ‘entrepreneurially integrated’) tended to exhibit higher levels of 

innovation.   
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It is important to note that although our analyses of the data demonstrates the presence of 

a curvilinear relationship,  we can only conclude the presence of decreasing marginal 

innovation performance from the significant and negative squared term EI Slope 2.  

Although our results find the necessary precondition for the presence of an inverted-U 

shaped relationship and a ‘tipping point’, further research to include dummy values 

below and above a selected benchmark value is needed to investigate if and where such a 

maximum value exists (Laursen & Salter, 2006).  

 

Future research can expand on the findings of this study to elicit more nuanced alternate 

explanations. For example, a low measure of impact for a class or subclass (calculated 

using the Rosenkopf and Nerkar (2001) approach as a low number of forward citations 

received by the patents in that class and/or subclass) may not necessarily be a sign of low 

technology, but could be a signal that the technology represented by the class or subclass 

is actually a very radical technology, and difficult to understand. Extensions of this study 

could investigate this possibility by examining the impact of patents in subsequent 

periods (beyond the five year impact window we examine).  

   

Our study is not without limitations, and we see these as opportunities for enhanced 

research into clarifying, expanding, and debating the idea of entrepreneurial integration. 

One limitation is that we restricted our analysis to firms in the medical device industry, 

although this sample provided a rich set of data assess our focal questions. Future 

research could expand this analysis to a broader set of industries and a broader range of 

firms, which will likely enhance our understanding of how firms in other high-patent, 
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high technology arenas (e.g. semiconductors, chemicals, and electronics) structure their 

strategies for exploration. Another limitation is our reliance on patent data, which despite 

its strengths, has acknowledge weaknesses including the validity of citations and the level 

of ‘true’ innovation that is captured (Alcácer & Gittelman, 2006; Roach & Cohen, 2012). 

Future extensions would benefit from the inclusion of non-patent measures of innovation, 

e.g. scientific papers and manager surveys, with the usual caveats. In particular, recent 

studies using the international patent class codes, including those related to the PatVal-

EU survey (e.g. Gambardella, Harhoff, & Verspagen, 2008), would present an interesting 

comparison and area for collaborative research. Alternate research designs could also use 

this study as a basis from comparing the medical device industry with other innovative 

industries.  

 

And finally, this research could be extended by using our analysis method to examine a 

firm’s patents in subclasses in which they are already involved (i.e. the exploitation 

patents). By separating exploration and exploitation activities as described, we can then 

further and more critically examine current theories of the SE-performance and 

ambidexterity-performance relationships. 
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CHAPTER 2 

 

TIME TO LEARN? 

ASSIGNMENT DURATION IN GLOBAL FACTORY ORGANIZATION 

 

Abstract 

Over the past several decades, several theoretical perspectives have 

emerged with varying degrees of success to analyze modern international 

economic activity, which has evolved to an unprecedented state of 

connectivity and governance that includes disaggregated and globally 

dispersed actors and activities orchestrated in dynamic organizational 

networks. In examining the physical and functional aspects of global value 

chains (GVCs), scholars have focused almost exclusively on two key 

decisions – control and location – as the primary determinants of these 

organizational structures. In this chapter, we examine how the dynamic, 

temporal nature of GVCs can be further explained via a third organizing 

decision that has received surprisingly little attention in this literature: the 

length of time that each control and location setting remains in effect for 

each activity. We advance the theory that while control and location are 

critical decisions facing GVC orchestrators, assignment duration also 

plays a critical but overlooked role in value chain organization. We assert 

that the choice of assignment duration is logically tied to the type of 

activity involved, and is based on the value-creating mechanisms of 

flexibility and capability enhancement which are not identical for all 

activities. We develop propositions for the organizational structure of 

global production activities using the ‘smile of value creation’ framework, 

which implicitly predicts efficient control and location organizing choices, 

and as we argue, accurately explains the efficient assignment duration 

choice as well.  
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Introduction 

Over the past several decades, global value chains (GVCs) and global production 

networks (GPNs) have become the dominant conceptual approaches for analyzing 

modern international economic activity (Bair, 2008; Coe, Dicken, & Hess, 2008; Crang, 

Hughes, Gregson, Norris, & Ahamed, 2013; Gibbon, Bair, & Ponte, 2008; Hess, 2008). 

To better understand these evolving organizational forms and explain their role in 

determining firm-level activities, network effects, and regional impacts, scholars have 

focused predominantly on two strategic decisions - control and location - as the primary 

determinants of GVC structure. In general, control choices to internalize or outsource 

each activity address the indirect, agency-related costs of global production (e.g. 

transaction costs with customers and suppliers, investments in proprietary know-how, and 

financing costs), and location choices that determine where each activity is performed 

address the direct costs of production (e.g. material inputs, labor wages, and fixed assets). 

Orchestrating or lead firms (typically large, established MNEs) take center stage in this 

research stream, being largely responsible for these decisions and the corresponding 

disaggregation and geographic dispersion of value chain activities. Orchestrators create 

value initially by configuring the activities of emerging GVCs in various control-location 

combinations to minimize these direct and indirect costs. As GVCs evolve, orchestrators 

continue to generate additional value by adjusting the organizational and spatial 

configurations of GVC activities to further control and reduce these costs under 

constantly changing environmental conditions. Flexibility to rapidly and effectively 

reconfigure these control-location combinations to continuously capture increasing value 
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(via reduced costs and enhanced capabilities) is a core competence of successful GVC 

orchestrators (Liesch, Buckley, Simonin, & Knight, 2012). 

 

Although great strides in our understanding of GVCs and GPNs have been made since 

the early 1990s, scholars have acknowledged shortcomings in the initial phase of 

investigation and the need for a reformulated research agenda. For example, Yeung and 

Coe (2015) argue that conceptual frameworks developed in the seminal and subsequent 

literature (labeled ‘GPN 1.0’) provide only static interpretations of production networks 

which “tend to under-theorize the origins and dynamics of these important organizational 

platforms and to overemphasize their governance typologies…or analytical categories” 

(2015: 1). A review by Dussel Peters (2008) concludes that, while numerous empirical 

studies have methodologically revealed the specifics of particular chains, firms, and 

regions, theoretical work to account for these findings in a systematic and integrated way 

is conspicuously lacking. Seeking to advance the next phase of research (‘GPN 2.0’) that 

will identify more generalizable characteristics of emerging and evolving GPNs and yield 

greater explanatory and predictive power, Yeung and Coe (2015) propose a novel 

theoretical framework that links exogenous factors which influence firms’ value chain 

decisions to their unique organizing strategies. Three specific competitive dynamics or 

‘causal drivers’ are highlighted in this framework: the need to optimize cost-capability 

ratios; the need to sustain market development; and the need to work within the 

constraints of financial discipline. Together, these dynamic forces compel GVC 

orchestrators to make specific control and location choices for each activity that 

contribute to the observed structure of each GPN.  
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However, while the prevailing focus on control and location choices in GPN 1.0 has 

advanced our knowledge of the organizational and spatial dimensions of GPN structures, 

there is another, relatively unexplored temporal dimension of GVCs. This dimension 

relates to both the evolving nature of GVCs and their constituent activities, and the 

varying lengths of time that the chosen control and location settings for each activity 

remain in effect. Orchestrating firms are compelled to continuously adapt to changing 

competitive and environmental conditions by altering the control and location 

assignments of GVC activities, but the contracted length or duration of these assignments 

is neither fixed nor immaterial to cost structures and capability development. Scholars 

assert that in the new global economy, the underlying foundations and temporal aspects 

of strategic advantage are changing. The ability of firms to develop and leverage core 

competencies and key resources over extended periods of time is being challenged as 

more flexible contracting arrangements, which temporarily integrate broad networks of 

specialized providers, are able to be quickly and successfully formed and disbanded. 

Such ‘project-based enterprises’, initially prevalent in the film, construction, and 

semiconductor industries (DeFillippi & Arthur, 1998), have gained prominence over the 

years in other knowledge-intensive industries such as law, management consulting, 

architecture, aerospace, engineering, video games, and cartoon animation (De Vaan, 

Boschma, & Frenken, 2012; DeFillippi & Arthur, 1998; Gann & Salter, 2000; Prencipe & 

Tell, 2001; Yoon & Malecki, 2010). 

 

This dynamism indicates the importance of another driver of competitive behavior - the 

need for flexibility - which we see as separate and distinct from the control- and location-
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based structural determinants specified in previous works, including those recently 

highlighted in Yeung and Coe’s (2015) framework. The need for flexibility is addressed 

in GPN structures not by control or location choices alone, but through a third key 

organizing decision: assignment duration. And yet, this decision specifically and the 

temporal dimension of GVC structures in general have received surprisingly little 

attention in the GPN 1.0 literature, despite the inherently temporal nature of competitive 

phenomena which has brought the issue of time to the forefront of research on strategic 

management and in particular, competitive dynamics (Derfus, Maggitti, Grimm, & 

Smith, 2008; Nadkarni, Chen, & Chen, 2015). In this literature, both macro and micro 

temporal forces impact competitive behaviors and in turn, firm performance.  

 

Macro temporal factors are features of the environment that determine the degree of 

sustainability of a firm’s competitive advantage - the “time windows of opportunities” or 

rate at which new opportunities emerge and disappear (Nadkarni et al., 2015: 2) - such as 

industry clockspeed (Fine, 1998, 2000; Nadkarni & Narayanan, 2007; Souza, Bayus, & 

Wagner, 2004), industry dynamism (Davis, Eisenhardt, & Bingham, 2009), and industry 

velocity (Eisenhardt & Martin, 2000). Micro temporal factors are reflected in the 

advantage-seeking competitive actions of individual firms to create and pursue 

opportunities, including the speed, intensity, timing, and sequencing of strategic actions 

and responses (Derfus et al., 2008; Ferrier, Smith, & Grimm, 1999). Importantly, these 

macro and micro forces interact and the benefits that individual firms (and in our context, 

GVC orchestrators) derive from micro-level sequencing and timing actions depend on the 

macro-level temporal features of the industry (Derfus et al., 2008; Katila & Chen, 2008). 
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Scholars in this area contend that competitive behavior and thus performance are 

enhanced when micro-level temporal actions by the firm and macro-level temporal 

dimensions of the environment are aligned, but mismatches between the two will 

undermine competitiveness and performance (Nadkarni et al., 2015). In parallel with this 

competitive dynamics logic, our focus on assignment duration calls attention to an 

important theoretical puzzle with direct managerial implications: that GVC activities, 

when organized in seemingly optimal control and location combinations, may still 

generate suboptimal value due to mismatches in the length of time the particular 

control/location arrangements are in effect. These insights suggest that the organization 

and study of efficient GPNs requires attention to three critical decisions and not two, as 

has been the standard operating procedure to date. 

 

In our view, new theories of GPN emergence and evolution that continue to be based 

exclusively on organizational (control) and spatial (location) dimensions of GVCs, with 

only collateral integration of the temporal (assignment duration) dimension, will be 

limited to small, incremental refinements to the foundational but static theories of GPN 

1.0. Instead, we propose that more radical advances will be achieved in GPN 2.0 via 

more direct and intense exploration of this temporal dimension, aided primarily by a 

corresponding emphasis on assignment duration as the third key organizing decision in 

GVCs. Our goal for this chapter is to steer the emerging GPN 2.0 agenda toward a more 

thorough investigation and understanding of the interactions among control, location, and 

assignment duration decisions, which collectively drive value creation in evolving GPNs 

via their impact on the changing disaggregation and dispersion of GVC activities over 
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time. In recent years, two related and complementary theoretical perspectives - the 

‘global factory’ (Buckley, 2009a, b; Buckley & Ghauri, 2004) and the ‘smile of value 

creation’ (Mudambi, 2007, 2008) - have emerged within the expanding body of GVC and 

GPN literature. These perspectives sharpen the analytical focus of earlier works by 

distinguishing the types of actors and activities that embody the structural and functional 

aspects of global production systems. Importantly, these actor and activity distinctions 

also provide a solid footing for a deeper examination and integration of the assignment 

duration decision and the temporal dimension of GVCs.   

 

In the sections that follow, we explore the collective role of these three key decisions as 

determinants of GVC structure, beginning with a discussion on the theoretical 

foundations and core ideas of the global factory and the smile of value creation 

perspectives. We then describe how the need for flexibility (or stability) is an additional 

causal driver of the organizational decisions, and particularly the assignment duration 

decision, leading to our propositions for the activity structure of the efficient GVC. A 

discussion concludes.    

 

 

Theoretical Background and Conceptual Structure 

Trends Impacting the Modern Global Economy 

Globalization is a set of ongoing transformations, material processes, and outcomes 

which are changing both the volume and composition of international trade, with 

profound impacts across a broad spectrum of human activity (Dicken, 2004; Jones, 

2008). Over the past few decades, two trends in the technological and competitive 
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landscapes have led to dramatic shifts in the world economy. Together, these trends have 

transformed the global economy from yesterday’s ‘trade in goods’ to today’s ‘trade in 

activities’ (Mudambi, 2013), prompting a need for corporate managers and policy makers 

to rethink critical strategic decisions pertaining to their organizations’ mission and goals, 

operational boundaries, structural arrangements and resource allocations, and 

interorganizational relationships. 

 

First, technological advances - especially in the areas of communications, information 

technology, and transportation - have made it possible to dissect business processes into 

progressively finer slices (Mudambi, 2008). Complex activities can be disaggregated, 

modularized, relocated to a wide range of geographic locations and then reintegrated by 

the orchestrating firm, with fewer limitations on placing activities within (or sourcing 

them from) the most efficient global location. Activities and the users of the outputs of 

activities can be separated both in time and space.4 Firms are now able to reconfigure 

themselves in very basic ways so they can outsource activities deep in the heart of their 

operations with surgical precision and focus on activities where they have superior 

competencies. For example, it is now routine for firms to outsource functions involving 

sensitive information like payroll, pensions and accounts receivable (Metters, 2008). 

Through such “fine slicing”, firms are able to specialize in increasingly narrow niches, 

which need not even be contiguous in the value chain (Mudambi, 2008). This makes it 

                                                 

4 Teleradiology is a typical example of this trend. X-rays and MRI scans can be 

performed at the patient site in the U.S., transmitted via secure electronic link and read in 

India, with the results transmitted back to the originating site (Pollack, 2003; Levy and 

Yu, 2006).  
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crucial for the firm to identify and concentrate on process activities in which it has 

competitive advantage, since these are the basis of the firm’s core competencies that 

enable it to generate rents (Prahalad & Hamel, 1990). The robustness of modern 

information technologies also allows firms a great deal of latitude in terms of the 

geographic location to which these outsourced activities relocate (Mithas & Whitaker, 

2007). The importance of fragmented production and intermediates trade has been widely 

documented in academic research (e.g. Baldwin, 2006; Dedrick, Kraemer, & Linden, 

2010; Ernst & Kim, 2002; Gereffi, 1999; Grossman & Rossi-Hansberg, 2008; Pyndt & 

Pedersen, 2006; Storper, 2009).   

 

The second trend, occurring in conjunction with the first, is the rapid expansion and 

improvement of capabilities among firms in advanced and emerging economies that can 

effectively perform these increasingly fine-sliced activities. The number of locations 

where such activities can be undertaken has risen dramatically over the last two decades, 

with the increasing sophistication of infrastructure and other resources in a wide range of 

emerging markets from China and India to Mexico and Turkey. Production networks are 

truly global within industries ranging from apparel (Gereffi, 1999; Smakman, 2003) and 

shoes (Pyndt & Pedersen, 2006), to electronics (Ernst and Lim, 2002), pharmaceuticals 

(Dunlap-Hinkler, Kotabe, & Mudambi, 2010) and commercial aircraft (Kotha & 

Srikanth, 2013). The activities associated with even the simplest products like T-shirts 

today span a large number of countries (Rivoli, 2005), as do the activities of more 

complex products and services such as filmmaking, animation, and video games (De 

Vaan et al., 2012; DeFillippi & Arthur, 1998; Yoon & Malecki, 2010). This trend has 
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substantially increased the global sourcing options for large, established firms seeking to 

reconfigure their value chains, and has generated greater opportunities - and more intense 

competition - for smaller regional firms seeking to participate meaningfully in the global 

economy. 

More acutely, the trends described above have also led to the reconceptualization of 

global production along two important dimensions. The first dimension identifies GVC 

actors as either orchestrating firms (which organize and coordinate different chains of 

globally-dispersed innovation, production, and distribution activities) or specialist firms 

(subsidiaries and SMEs that are assigned by the orchestrators to perform some or all of 

the constituent activities in a particular chain). The second dimension distinguishes 

standardized (low value-added, low-knowledge, repetitive) activities from specialized 

(high value-added, knowledge-intensive, creative) activities. Each of these dimensions 

has been the focus of approaches to explain the changing nature of global economic 

activity, and the impacts of this change on participants in the global economy, that are 

caused by the trends of globalization.  

 

Separation of Actors and Activities 

Orchestration and Specialization within GVCs 

There are two roles that firms can play within a GVC: orchestration and specialization. 

Orchestration, typically performed by MNEs, involves configuring and reconfiguring the 

structure of the GVC to capture increasing value from disaggregated and dispersed 

global production activities. Orchestrators are the key players within any GVC, 

exercising the greatest degree of control over what gets done, where it is done, and who 
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does it. These decisions are driven in large part by policy, technology, and resource 

availability factors that impact the characteristics of geographic locations. Strategies for 

fine-slicing of activities have combined with internet and communication technologies 

to allow control at a distance (without ownership) even for activities requiring tight 

control (Buckley, 2009). The innovation and production systems of MNEs have 

advanced to the point that even their subsidiaries often have sophisticated mandates to 

orchestrate lower order GVCs, to produce complex inputs and new competencies for 

higher order GVCs (Feinberg, 2000; Cantwell and Mudambi, 2005; Mudambi 2008). 

Such sophisticated MNE subsidiaries have also been called “flagship firms”, a term that 

recognizes their role as local hubs of innovative and creative networks (Rugman & 

D'Cruz, 1997). These mandates also generate spillover effects that benefit the local and 

regional suppliers to a competence-creating subsidiary, who can maintain operations in 

close proximity to their customer (Seppälä and Kenney, 2013). Orchestrators engage the 

core knowledge and expertise of specialist firms (local SMEs) to perform specific, 

value-creating activities in the GVC. 

Standardized and Specialized Activities 

At the most general level, activities in a GVC may be classified as ‘standardized’ or 

‘specialized’. All GVCs contain standardized and specialized activities, and these differ 

significantly in terms of their contribution to value creation, a good measure of local 

direct and spillover benefits (Mudambi, 2008). Standardized activities are repetitive, low 

value-adding commoditized activities that can be performed by many firms using limited 

knowledge-based resources. Examples include bulk finished goods assembly and large-

batch production of components and products with relatively simple and/or stable 
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designs. Specialized activities, on the other hand, are the most valuable activities in a 

location both in terms of per-capita income generation and new industry emergence. It 

has been documented that the locations where these knowledge-intensive activities are 

located capture the lion’s share of the overall value created within the GVC (Dedrick et 

al., 2010). These high value-adding activities are typically associated with the intangible 

components of the product or service (Mudambi, 2008), and are directly or indirectly 

related to R&D knowledge (at the upstream end of the GVC) or marketing knowledge (at 

the downstream end). It is important to recognize that in this context, specialization refers 

to extent of non-repetitious knowledge deployed; the creation of new knowledge at the 

upstream end of the GVC is an obvious example. As local firms and locations increase 

their capabilities to perform specialized knowledge-intensive activities, they also increase 

their ability to make unique contributions to the GVC, their attractiveness to 

orchestrators, and their potential to capture greater GVC value.  

Concepts of Globalization: 

Value Chains, Commodity Chains, Production Networks, and Factories 

These trends and the resulting disintegration of trade and production in the world 

economy have been conceptualized and explained by several frameworks and 

perspectives, including global value chains, global commodity chains, global production 

networks, and global factories. 

Global Value Chains: The Functional Model of Global Economic Activity  

Value chain analysis is an innovative tool that views the economy in terms of activities 

instead of its constituent industries and firms (Mudambi, 2008). The value chain 
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approach analyzes, at the sector level, each link in the ‘chain of activity’ - from the 

ideation of a product or service to its post-use disposal.5 A value chain for any product 

or service consists of a number of inter-linked activities extending from ideation and 

R&D, to raw materials and component supply, production, and delivery to buyers, and 

often beyond that to disposal and recycling. When these activities are disaggregated and 

dispersed across national borders, a GVC exists. GVCs are an integral part of 

international trade and have existed as long as there have been trade relations between 

countries. Since the Second World War, the global economy has been growing more 

economically integrated, nudged by organizations like the GATT and its successor 

WTO. Worldwide trade in goods has grown at about 6% annually over the period.6 

However, it is now widely recognized by international trade theorists, economic 

geographers and international business scholars that the nature of international 

integration is changing in fundamental ways. As activities, tasks, and their related profits 

are increasingly dispersed across firm and national boundaries (Kenney & Florida, 2003; 

Mudambi, 2008; Seppälä, 2013), the global economy is transforming from one 

dominated by ‘trade in goods’ to one dominated by ‘trade in activities’, operationalized 

by GVCs (Mudambi, 2013). GVCs reflect the variety of governance structures in sectors 

producing for global markets (Gereffi, Humphrey, & Sturgeon, 2005), and incorporate 

all the geographically-dispersed activities related to producing a good or service and 

                                                 

5 Value chain analysis can be traced to early work focused on disaggregating the 

individual business firm into its constituent activities with the objective of identifying its 

sources of competitive advantage (Porter, 1985). The firm-centric focus of this work has 

been extended and generalized in recent years to analyze the overall creation of value.   

6 UNCTADStat, accessed March 28, 2012. 
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delivering the good or service to the end user. Modern value chain analysis enables us to 

pinpoint the relative contributions to value creation associated with each activity. This 

approach helps us to understand that as far as a geographic location is concerned, 

success in terms of creating prosperity is based on the activities performed in the 

location rather than the identity of local firms or industries. In particular, specialized 

knowledge-intensive activities such as R&D, product design, and marketing are critical 

to GVCs and are consequently the most valuable activities in a location both in terms of 

per-capita income generation and new industry emergence.  

The GVC framework (Gereffi et al., 2005) emphasizes the globally-organized, buyer- and 

producer-driven chains of activities that form the production and distribution systems 

created by vertically integrated transnational manufacturers. GVC theory focuses on the 

increased value able to be obtained by MNEs, arising from knowledge and wage 

differentials, as they reconfigure the standardized and specialized activities of their GVCs 

across geographically-dispersed networks of suppliers (Mudambi, 2008). Coasean logic 

asserts that a firm should retain control over the activities and operations in which it 

creates and can appropriate the most value, while outsourcing to others those activities in 

which it creates or can appropriate less value. Accordingly, by continuously 

reconfiguring the geographic distribution of GVC activities, orchestrating firms (MNEs 

and their dominant subsidiaries) exploit the persistent differences in skill and labor 

markets to capture increasing value from their overall operations (Buckley, 2009a).  

 

Global Commodity Chains and Global Production Networks 

Global commodity chains (GCCs) were initially identified in the work of Gereffi and 
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colleagues (Gereffi, 1994; Gereffi & Korzeniewicz, 1994). These works distinguished 

between producer-driven and buyer-driven commodity chains, and the GCC framework 

was one of the first to link the value chain concept to global economic organization. 

Producer-driven commodity chains (PDCCs) involve large global manufacturers and 

which own or control multiple tiers of vertically integrated suppliers, while buyer-driven 

commodity chains (BDCCs) involve dominant retailers and marketers with strong non-

equity ties to contract manufacturers, calling the shots for these globally-dispersed 

producers to keep the retailers’ shelves stocked (Bair, 2008). Despite its early theoretical 

contributions and some limited support from empirical studies, however, the GCC 

framework was deemed insufficient for explaining newer organizational forms that 

subsequent research was identifying (Gereffi et al., 2005).  The increased attention to 

intermediate network forms within the market-hierarchy analysis spectrum gave rise to 

the global production network (GPN) framework (Coe et al., 2008; Hess, 2008; Hess & 

Yeung, 2006), which draws upon the work of the so-called ‘Manchester school’ of global 

production (e.g. Coe, Hess, Yeung, Dicken, & Henderson, 2004). The GPN framework 

offers expanded explanatory power and theoretical advantages over the lacunae in the 

GCC literature, by directing additional attention to the importance of additional economic 

and political network actors such as governments and labor unions (Bair, 2008). 

Analyzing the increasingly complex global economy requires a heuristic framework that 

is both time- and space-sensitive, and the GPN framework is argued to capture the 

complex processes and interactions that are shaping and reshaping the global economy 

(Coe et al., 2008).  
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Global Factories: The Structural Model of Global Economic Activity 

The new institutional form known as “the global factory” was identified by Buckley 

(2004) and further developed by Buckley and Ghauri (2004). The global factory 

framework emphasizes the changing structural characteristics of multinational firms 

(orchestrators) as they are increasingly able to coordinate globally dispersed value chain 

activities through a more precise use of ownership and location strategies (Buckley, 

2009a, 2011). Although the globalization of economic activities and firms has prompted 

theories of a ‘borderless’ world, national and regional boundaries still matter (Yeung, 

1998).  

 

A driving factor in the structural composition of global factories is the different speeds 

with which three levels of markets – financial capital markets, goods and services 

markets, and labor markets – have moved from differentiation to global integration. 

Markets for financial capital have, with some localized exceptions, become closely 

integrated internationally with little differentiation to be exploited by MNEs. Goods and 

services markets have also become more regionally integrated, albeit at a slower pace 

than the financial capital markets, enabling firms to adjust ownership and location 

strategies to capture intra-regional economies of scale. Markets for labor, however, have 

been the slowest to integrate and achieve international parity, due to national policies and 

local endowments of capital, knowledge, and technology. The disparity in labor markets 

is most acute between advanced and less developed countries, and these persistent 

differences drive the formation of global factories to organize innovation, production, and 
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distribution by opportunity-seeking MNEs that are well positioned to exploit them 

(Buckley, 2004).  

 

Many of today’s global factories evolved from vertically integrated MNEs, as 

technological and competitive shifts enabled the disaggregation and distribution of 

previously integrated core activities to lower-cost, external suppliers (Buckley, 2011). 

The rise of ‘distributed manufacturing’, in which products and services are quickly 

designed, developed, and adapted by multinational firms to meet the specific needs of 

diverse markets, has led to the emergence of flexible, global factories. These entities are 

capable of rapid adjustment to local consumers’ needs through the integration and 

orchestration of value chain activities, from upstream design, R&D, and engineering 

services, midstream manufacturing and assembly, and downstream warehousing, 

distribution, and local market adaptation (Buckley, 2009a). These activities of these 

‘differentiated networks’ are organized to maximize profits, yet need not be entirely 

internalized within the MNE. Rather, production activities are vertically disintegrated and 

dispersed (via outsourcing or offshoring) to take advantage of quality-differentiated labor 

markets, which unlike markets for capital and goods and services, have been slow to 

advance toward global or regional parity (Buckley & Ghauri, 2004). National policies, 

domestic market conditions, culture, and geography are factors that reinforce the intra-

regional wage differentials (Subramanian and Lawrence, 1999), which MNEs are well 

suited to exploit (Buckley, 1997).  
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Global factories embody the vertical, structural organization of GVCs and are divided 

into three parts [Figure 2-1]. These include upstream core functions related to brand 

development (product design, engineering, branding, and marketing), distributed 

manufacturing (component supply and finished goods assembly), and downstream local 

market adaptation (differentiation, warehousing, and distribution). The strategies of 

MNEs to orchestrate the complex arrangements of GVC activities are of primary 

importance to understanding the nature of the global factory.  However, despite the 

underlying complexity, there are but two key questions at the core of this analysis 

(Buckley, 2011). For each activity, the orchestrating MNE must decide where it will be 

performed, and whether it should be retained in-house or outsourced, to capture the 

greatest overall value from the chosen GVC configuration.  

 

The growing literature on GVCs and global factories emphasizes two leading factors that 

drive the optimizing decisions of a multinational firm with respect to its value chain 

activities: control and location (Bair, 2008; Buckley, 2004; Buckley & Ghauri, 2004; 

Gereffi et al., 2005; Gibbon et al., 2008; Mudambi, 2008; Ponte & Gibbon, 2005). The 

centrality of the control and location questions is due in large part to the efforts of MNEs 

to capture increasing value through cost-efficient production while overcoming liabilities 

of foreignness through the possession and control of intangible, knowledge-based assets 

(Buckley & Casson, 1976; Hymer, 1960; Kogut & Zander, 1993).  
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Figure 2-1:  The Three-Part Structure of the Global Factory (Buckley, 2009) 
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Two Main Organizing Decisions: Control & Location 

Control decisions, which establish the governance structure of the firm’s value chain, i.e. 

whether each activity should be internalized or outsourced, emerge from the application 

of transaction cost analysis (Coase, 1937; Williamson, 1975), and are particularly 

important for MNEs as they engage in global outsourcing (Buckley & Casson, 1976). 

Additionally, while non-ownership forms of control are increasing in importance, such as 

joint ventures which have elements of market relationships and management fiat, the 

Coasean “externalize or internalize” choice is at the heart of the control decision 

(Buckley, 2009a, 2011). As the costs of coordinating and enforcing market transactions 

increase, firms obtain benefits from internalizing value chain activities through which 

they can appropriate the most value, while externalizing operations in which they can 

create and appropriate less value. Advances in communications, information technology, 

and transportation have enabled both the ‘finer-slicing’ and dispersion of value chain 

activities, and the improved monitoring and enforcement of outsourced transactions. 

Accordingly, firms simultaneously disaggregate their value chains and select activities 

over which to maintain control, making it crucial to identify and internalize those 

activities over which they have a competitive advantage (Prahalad & Hamel, 1990), and 

where the costs of using market transactions are relatively high and outsourcing is 

unattractive (Mudambi, 2008). Classic studies of supplier relations (e.g. Monteverde & 

Teece, 1982) indicate that technologically sophisticated, specialized activities tend to be 

retained in-house, while simpler, standardized activities are most often outsourced.  
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In addition to analyzing their value chain activities based on the optimal control 

arrangement, firms must also identify the most advantageous geographic locations for 

labor costs, knowledge abundance, and other factors where production activities can be 

distributed to generate the greatest value (Dunning, 1988). Improvements in public 

policies, infrastructures, technologies, and other resources in a wide range of emerging 

markets have dramatically increased the number of locations where value chain activities 

can be effectively performed (Gereffi et al., 2005; Mudambi, 2008). The opening up of 

the global factory has enabled firms in emerging markets such as China, Vietnam, India, 

Mexico, and Turkey to compete for business against the internalized activities of the 

MNE, subjecting each internalized activity to ‘the market test’ in which the principles of 

least cost dominate  (Buckley, 2009a). Although processes of ‘catch-up’, ‘spillover’, and 

‘industry creation’ are impacting the current pattern of activity location in GVCs, high 

value-adding specialized activities are still predominantly performed in advanced market 

economies, while low value-adding standardized activities are predominantly performed 

in emerging market economies (Kumaraswamy, Mudambi, Saranga, & Tripathy, 2012; 

Mudambi, 2008).  

 

Together, the control and location choices of MNEs in response to technology-enabled 

fine slicing and wider geographic dispersion of GVC activities serve to establish the 

physical structure (core functions, distributed manufacturing, and local market 

adaptation) of the global factory depicted in Figure 2-1 (Buckley, 2009a).  
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The Smile of Value Creation: 

Explaining Control and Location Decisions in Global Factories 

Control and location choices in GVCs are implicitly captured on the vertical axis of 

Mudambi’s (2008) “smile of value creation”, which provides the critical link connecting 

the functional aspects of the GVC perspective and the structural aspects of the global 

factory perspective [Figure 2-2]. This unifying ‘smile’ framework identifies the pattern of 

value generated throughout the GVC by integrating the forces driving the disaggregation 

and dispersion of production activities, with the control and location decisions of global 

factory organization. In addition to explaining the forces behind catch-up, spillover and 

industry creation (Kumaraswamy et al., 2012; Mudambi, 2008), the ‘smile’ predicts the 

organizational and spatial configuration of GVCs and global factories. In this framework, 

the y-axis implicitly represents the likely control and location choices across the spectrum 

of activities. The efficient global factory will internalize the specialized, high value-

added activities of the GVC, and outsource the standardized, low value-added activities. 

Additionally, knowledge-intensive specialized activities are still predominantly 

performed in advanced market economies, while low-knowledge standardized activities 

are predominantly performed in emerging market economies (Mudambi, 2008). 

 

To summarize, high value-added activities at the ‘ends’ of the smile (e.g. R&D, design, 

and marketing) will tend to be internalized and located in advanced market economies, 

whereas low value-added activities in the ‘middle’ of the smile (e.g. high volume 

manufacturing and bulk assembly) will tend to be outsourced and located in emerging 

market economies. These relationships, which explain the potential for value creation 
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from different control and location choices and by extension the organizational structure 

of the efficient global factory, are conceptually depicted in Figure 2-3. 

 

 

 

 

 

 

               

 

 

Figure 2-2:  The Smile of Value Creation (Mudambi, 2008) 

The ‘Smile of Value Creation” (Mudambi, 2008) integrates the GVC and global 

factory perspectives, capturing the potential for value creation from the control and 

location decisions related to specialized and standardized activities. 

Figure 2-3:  Control and Location Decisions in the Efficient Global Factory Derived 

from the Smile of Value Creation 
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Change and Value Creation: Flexibility, Stability, Learning, and Trust 

In addition to the organizational and spatial dimensions, it is important to recognize the 

temporal dimension of GVCs. Changes in consumer preferences, technologies, and levels 

of competition will cause GVCs to continuously evolve, and the nature of the global 

factory will vary over time and space (Buckley, 2009a). Such changes are prompted by 

the unyielding development of new technologies which must be learned and integrated 

into the GVC, the accompanying ‘de-specialization’ or transformation of previously 

specialized activities into standardized activities, and the continuous emergence of lower-

cost suppliers and locations.  

 

Global factories are rarely in a state of equilibrium; the location and control decisions that 

drive their structures are often made under volatile, risky, and dynamic conditions, and 

must be revisited by managers on a continuing basis in response to exogenous shocks 

(Buckley, 2011). The pattern of GVC activity (captured by the smile of value creation) 

generally places high value, specialized activities in advanced market economies and low 

value, standardized activities in emerging market economies. This pattern, however, is 

under pressure to continuously change as emerging market firms strive to develop 

capabilities for high value-added activities (‘catch-up’), as advanced market firms 

disaggregate and relocate standardized activities to emerging markets (‘spillover’), and as 

innovation creates new activities that de-specialize and displace old activities (Mudambi, 

2008). Continuous adaptation of GVCs to these changing environmental conditions is 

achieved by assigning different control and location settings for each activity, but the 

duration of these arrangements is not fixed. Rather, the control and location settings are 



71 

 

contextually dependent, and temporally assigned in varying durations to provide the level 

of flexibility and/or stability that generates the highest overall value for the GVC.  

 

The dynamic nature of global competition calls for organizations to be efficient, 

innovative, and flexible, favoring less binding relationships to avoid long entanglements 

when faced with greater environmental uncertainty (Young-Ybarra & Margarethe, 1999). 

Flexibility is a key attribute in the organization of global factories, and provides 

orchestrating firms with the ability to rapidly reconfigure activities among suppliers and 

locations to capture increasing value as the GVC evolves (Buckley, 2009b, 2011). This 

includes the ability quickly switch suppliers and locations as more efficient, lower-cost 

options emerge. Flexibility also provides resilience to absorb external shocks (e.g. the 

2011 Japanese earthquake and tsunami, and the ‘sub-prime’ crises of 2008-2009), the 

effects of which are rapidly transmitted throughout the integrated global economy. The 

value-increasing benefits of flexibility can be achieved through short-term, low-

commitment assignments and reassignments of GVC activities.  

 

However, value can also be created as capabilities are enhanced through organizational 

learning and the development of trust, which require longer-term, stable relationships and 

higher levels of buyer-supplier commitment and interaction to achieve. Organizational 

learning enhances the ability to innovate in environments characterized by high levels of 

uncertainty (Argote & Miron-Spektor, 2011; Fang, Lee, & Schilling, 2009; March, 1991; 

Schilling, Vidal, Ployhart, & Marangoni, 2003), and the development of trust between 

buyers and suppliers reduces the likelihood and costs of supplier opportunism (Crook & 
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Combs, 2007; Ireland & Webb, 2007; Mudambi & Helper, 1998; Woolthuis, Hillebrand, 

& Nooteboom, 2005). The value-increasing benefits of learning and trust can be achieved 

through long-term, stable assignments of GVC activities. Thus, there is an underlying 

temporal aspect to the levers of flexibility, stability, learning, and trust development that 

are engaged to generate increasing value in the efficient global factory.  

 

Organizing for Value Creation 

The ability to generate value via both short- and long-term assignments prompts 

important questions: Which activities of the GVC are the most likely to generate 

increased value from cost reductions and rapid reconfigurations, and should therefore be 

organized via more flexible, shorter-term relationships? And, which activities of the GVC 

are the most likely to generate increased value from organizational learning and the 

development of trust, and should therefore be organized via more stable, longer-term 

supply relationships? Research on organizational learning (e.g. Fang et al., 2009; March, 

1991; Schilling et al., 2003) indicates that while efficiency quickly improves with 

repetition in performing single, standardized tasks (Smith, 1776), variation in task 

assignments is critical to developing new capabilities, increased absorptive capacity, and 

long-term productivity. Task variability enhances extended learning through the 

development of deeper cognitive structures over time that can be applied to multiple 

types of problems, including those “fuzzy”, open ended strategic issues (Schilling et al., 

2003), that are characteristic of the creative upstream (R&D and design) and downstream 

(marketing) activities in the GVC (Mudambi, 2008). 
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The availability and accessibility of low cost labor around the world has increased 

dramatically due to improvements in emerging economies’ infrastructures and trade 

policies, as well as technological advances in communications, information technology, 

and transportation. As the number of locations in which standardized activities can be 

effectively performed increases, downward pressure on unit labor costs compels global 

factory managers to pursue increased value by sourcing these activities, both initially and 

on a continuing basis, from the lowest cost suppliers. In a cost-competitive environment, 

being ‘locked in’ or otherwise committed to a particular supplier relationship over an 

extended period of time reduces flexibility (Young-Ybarra & Margarethe, 1999), and can 

prevent the orchestrating firm from capturing additional value as other lower cost supply 

options subsequently and inevitably emerge. By contrast, shorter-term assignments 

provide value-adding flexibility to continuously reduce costs through rapid transitions to 

more competitively-priced control-location configurations. Indeed, sourcing strategies in 

which transitions from primary suppliers that are no longer the clear choice are common, 

and buyers often develop a ‘harem of suppliers’ to call into service as environmental 

conditions change (Mudambi & Mudambi, 1995). 

 

Scholars have argued, however, that it is problematic to exclusively assume that the more 

flexibility in supply chains, the better; stability in sourcing relationships can also be 

beneficial (Stevenson & Spring, 2007). Value is also created by enhancing an 

organization’s advanced knowledge and creative problem-solving capabilities, which 

enable it to discover, evaluate, and exploit opportunities for innovation through 

specialized, non-repetitive activities such as R&D, product design, and marketing. 
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Whereas standardized activities require basic knowledge and capabilities that can be 

taught, replicated, and redistributed with relative ease, specialized activities involve 

uncertain means-ends relationships and ‘sticky’ intangible resources that are resistant to 

transfer (Szulanski, 2000). Unlike their standardized counterparts in the value chain, 

specialized activities require more extensive interaction between transacting parties to 

achieve greater flows of tacit knowledge, learning, and the development of trust, which 

may be impeded if the sourcing relationships are characterized by low levels of 

commitment and frequent assignment changes. Strong networking relationships with 

frequent communication and cohesive structures have a positive effect on knowledge 

transfer between parties (Reagans & McEvily, 2003). With longer-term, more stable 

assignments, both buyers and suppliers have greater opportunities to interact and share 

problem-solving knowledge, generate ‘economies of learning’, and build social ties and 

trust.  

 

A Third Key Decision: Assignment Duration 

Since increasing value can be obtained through both short-term assignments (which 

provide flexibility to rapidly reconfigure GVC activities to the most efficient suppliers, 

and resilience to absorb environmental shocks) and long-term assignments (which 

enhance organizational learning and the development of trust), managers of global 

factories are faced with a third key decision for each activity – assignment duration. 

Beyond the critical location and control decisions discussed above, this important choice 

for the organization of the efficient global factory is, therefore, which activities should be 

organized with short-term assignments, and which activities should be organized with 
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long-term assignments? Logically, activities of the GVC should be organized along this 

dimension in ways that create the most value given the attributes of each activity type. 

 

On the one hand, standardized activities (in the middle of the smile, e.g. contract 

manufacturing, bulk assembly, and component supply) involve tangible, low-knowledge, 

commoditized components that can be shifted quickly to an increasing number of capable 

suppliers. These activities benefit greatly from the flexibility provided by rapid 

reorganization via spot market transactions. If these activities are organized under long-

term assignments, value creation may be reduced by locking in the buyer with the 

supplier, reducing flexibility to easily shift to lower-cost suppliers that emerge as the 

GVC evolves (Young-Ybarra & Margarethe, 1999). Moreover, these low-knowledge, 

easily-replicated activities require less time to learn and will benefit less from the 

extended time and enhanced buyer-supplier interaction provided by long-term 

assignments.  

 

On the other hand, specialized activities (on the ends of the smile, e.g. R&D, design, and 

marketing) involve intangible components, creativity, and high levels of tacit knowledge. 

Moreover, these high-knowledge, high-skill activities are effectively performed by 

relatively fewer firms than the standardized low-knowledge, low-skill activities. 

Specialized activities require greater time to learn and more extensive buyer-seller 

interaction for the transfer of tacit knowledge and the benefits of organizational learning 

and trust to occur. This insight suggests that among specialized activities, longer-term 

assignments that facilitate learning and trust development will be predominant, while 
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shorter-term assignments which decrease the opportunity for learning and trust 

development should be less prevalent. The nature of this third key decision of global 

factory organization - assignment duration - is reflected in the model in Figure 2-4.  

 

 

 

 

 

 

 

 

Therefore, because assignment duration is a choice that can impact value creation, and is 

distinct from location and control choices, we initially propose:  

Proposition 1:  Value creation in GVCs is a function of the control, 

location, and assignment duration decisions made for each activity.  

 

Extending the Smile of Value Creation: Assignment Duration 

Control and location choices are implicitly captured on the vertical axis of the ‘smile of 

value creation’, which integrates the GVC and global factory perspectives. In this 

Assignment duration is the third critical decision in the structure of the efficient global 

factory. Specialized activities will generate greater value from organizational learning 

and the development of trust when organized via stable, long-term relationships. 

Standardized activities will generate greater value from the ability to quickly reassign 

activities to emerging, low-cost suppliers when organized via flexible, short-term 

relationships.  

Figure 2-4:  The Assignment Duration Decision and Value Creation 
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framework, specialized high value-added activities (e.g. R&D, design, and marketing) 

will tend to be internalized and located in advanced market economies, whereas low 

value-added activities (e.g. high volume manufacturing and bulk assembly) will tend to 

be outsourced and located in emerging market economies. We argue that the ‘smile’ 

framework also provides a solid theoretical foundation for the analysis of assignment 

duration in GVCs. We surmise, also, that while repetitive standardized activities are 

subject to rapid gains in efficiency, the economies of learning will be limited to a 

relatively narrow range and that the potential value generated will diminish as the 

assignment duration increases. Conversely, while specialized activities related to 

intangible elements of the GVC may be slower to generate value due to their complex 

and uncertain nature, the task variability will offer greater economies of learning and 

increasing value that can be captured as the assignment duration increases. We propose 

therefore that specialized activities at the ends of the smile will tend to be organized 

under longer-term, stable arrangements, while standardized activities in the middle of the 

smile will tend to be organized under shorter-term, flexible arrangements.  

 

Applied to the question of GVC and global factory organization, this insight suggests that 

the specialized activities related to core functions and local market adaptation – the ends 

of the smile – will not only be internalized and concentrated in advanced market 

economies, but will also be characterized by more stable, long-term assignments that 

enable gains from economies of learning from current suppliers to accrue. The repetitive, 

standardized manufacturing activities – the middle of the smile – will tend to be 

externalized, concentrated in emerging market economies, and characterized by more 
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flexible, short-term assignments that enable cost savings from rapid reconfiguration to 

more efficient, emerging suppliers to accrue. We propose the following (summarized in 

Table 2-1):  

Proposition 2a:  In efficient global factories, the specialized, knowledge 

intensive, and creative activities of GVCs (at the ends of the smile) will be 

internalized, located in advanced market economies, and organized as 

relatively long-term, stable assignments. 

 

Proposition 2b:  In efficient global factories, the standardized, low-

knowledge, and repetitive activities of GVCs (in the middle of the smile) 

will be outsourced, located in emerging market economies, and organized 

as relatively short-term, flexible assignments. 

 

 

 

 

Discussion and Conclusion 

The integration of the modern global marketplace presents firms of all sizes with an 

increasing number of organizational challenges and opportunities for profitability and 

Organizational Choice: Control, Location, and Assignment Duration in Global Factory Activities 

 CORE FUNCTIONS 
DISTRIBUTED 

MANUFACTURING 

LOCAL MARKET 

ADAPTATION 

Control 
Internalized 

Transactions 

Externalized 

Transactions 

Internalized 

Transactions 

Location 
Advanced Market 

Economies 

Emerging Market 

Economies 

Advanced Market 

Economies 

Assignment Duration 
Stable, Long Term 

Assignments 

Flexible, Short Term 

Assignments 

Stable, Long Term 

Assignments 

Table 2-1:  The Predicted Control, Location, and Assignment Duration Settings for the 

Efficient Global  Factory 
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growth (Liesch et al., 2012). While significant progress has been made in clarifying the 

complex nature and evolution of global trade and production networks in the last several 

decades, the need for a refined research agenda (GPN 2.0) has been identified (Yeung & 

Coe, 2015). In this chapter, we examine two frameworks that have developed along 

parallel lines – the global factory (Buckley, 2004; Buckley & Ghauri, 2004) and global 

value chains (Gereffi et al., 2005) - which offer complementary insights into why these 

challenges and opportunities occur, and how managers address them as the nature of 

global competition continues to evolve. The ‘smile of value creation’ (Mudambi, 2008) 

provides the unifying framework that connects these perspectives, by identifying the 

pattern of value generated throughout the GVC by integrating the forces driving the 

disaggregation and dispersion of production activities, and the location and control 

decisions of global factory organization. Arguably, although there are nuanced 

differences between the GVC and global factory approaches, they are in many ways 

overlapping and can be seen as two sides of the same coin. As such, both theories provide 

different yet complementary perspectives that when combined can enhance our 

understanding of the intricacies and changing nature of global economic activity.   

 

In orchestrating the activities of global value chains (GVCs), managers of global factories 

decide who performs each activity (control), where each activity is performed (location), 

and also, how long each activity is performed in a particular control/location combination 

(assignment duration). Herein, we consider the notion that while control and location 

have been granted preeminent explanatory rights in the literature on GVC organization, 

assignment duration is also an important yet unexplored variable that may enhance and 
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cohesively integrate existing theories of the global factory. In other words, the length of 

time that an activity is assigned to a particular control/location state matters for value 

creation. Specifically, we propose that specialized, knowledge-intensive GVC activities 

will generate greater overall value for the global factory when they are organized in 

relatively stable control/location combinations that are maintained over longer periods of 

time, while standardized, repetitive activities will generate greater value when organized 

in short-term, more flexible control/location combinations that can be reassigned 

frequently and easily. Applied to the overarching question of how GVC activities are 

organized in the efficient global factory, our discussion advances the theory that 

specialized activities related to core functions and local market adaptation – the ends of 

the smile – will not only be internalized and concentrated in advanced market economies, 

but will also be characterized by more stable, long-term assignments that enable gains 

from economies of learning to accrue. Standardized activities – the middle of the smile – 

will tend to be externalized, concentrated in emerging market economies, and 

characterized by more flexible, short-term assignments that enable cost savings from 

rapid reconfiguration to low cost suppliers to accrue. Further research that explores these 

proposed relationships and possible organizational variations, including the use of cross-

sourcing from multiple suppliers as a hedge against supply disruptions (Mudambi & 

Mudambi, 1995), would enhance our understanding in this area.  

 

Another avenue for future expansion of this research involves the impact of different 

corporate settings on the organizational decisions of control, location, and assignment 

duration as depicted in Table 2-1. One area of particular interest in this regard is the 
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distinction between internationalization strategies of MNCs from advanced market 

economies seeking to expand into emerging economies, versus the catch-up strategies of 

MNCs from emerging market economies looking to expand more fully into the global 

value chain. These two different sets of firms face challenges that are qualitatively 

different and involve multiple and even nontraditional forms of organization and 

collaboration (Kumaraswamy et al., 2012), with implications for the organization of their 

GVC activities.  

 

The next phase of this research will involve the development of testable hypotheses and 

the analysis of various contexts in which the proposed relationships would most likely be 

exhibited for empirical testing. The contextual differences of various industries, notably 

high-technology industries (including pharmaceuticals, medical devices, biotechnology, 

and chemicals), can provide a rich environment for the extension of the present study. 

Here, the effective categorization of high-technology firms and industries will be 

increasingly important; studies such as that conducted by Kile and Phillips (2009) to 

determine high-technology classifications (via 3-digit and 4-digit SIC codes) will provide 

a suitable starting point for exploration. A benefit of the vast body of research performed 

in GPN 1.0 is that many of these contextual questions are likely to have already been 

addressed, either directly or indirectly, for the control and location decisions. This 

literature will undoubtedly serve as a basis for the inclusion of the assignment duration 

variable into the extant models; the corresponding data may already be captured with 

little recognition of its importance given its prior lack of emphasis. Arguably, the stage of 

each industry will play an important role in the assignment duration decisions; more 
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mature industries such as chemicals will presumably be more involved in less innovative, 

standardized activities, whereas emerging and expanding industries such as 

biotechnology will presumably be more involved in creative, specialized activities. 

However, the intraindustry variations in lifecycle stage will require diligence in the 

categorization of industries and subindustries for the analyses.  

 

Through our discussion we strive to identify points of intersection between these 

frameworks, which can serve as a basis for a deeper dialogue and further refinement, 

integration, and advancement of their concepts, rather than a criticism of the value or 

contributions of either. We hope that this initial push to formally recognize and include 

the temporal aspects of GVCs will inspire further research, and ultimately yield a more 

complete picture of the nature of international business activity and the institutions and 

firms that play - and aspire to play - central roles in global economic competition. 
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CHAPTER 3 

 

KNOWLEDGE FLOWS AND INNOVATION PERFORMANCE: 

A SYSTEMS-BASED ANALYSIS OF HIGH-TECHNOLOGY INDUSTRIES 

 

Abstract 

Broad acceptance of knowledge as a critical component of an 

organization’s ability to innovate and build competitive advantage has 

motivated numerous efforts to link its underlying characteristics to 

sourcing strategies and performance outcomes. The idea that ‘more is 

always better’ has been questioned by studies focusing on targeted 

knowledge investments by resource-constrained firms. The conceptual 

starting point for many studies in this area has been a linear view of the 

flow of knowledge through a firm’s innovation process. In this chapter, we 

engage a novel and complementary systems-based perspective to further 

explore the interaction between two dimensions of knowledge inputs 

(source and timing of use) and the resultant impact on downstream 

innovations in a panel of high-technology firms. We find evidence to 

support theoretical arguments and empirical studies on the positive 

influence of externally-sourced and conventional knowledge, and reveal 

inter-industry differences in the effectiveness of different knowledge flows 

into the innovation process and related factors.  

 

Introduction 

The application of knowledge is at the root of modern economic growth and prosperity, 

underpinning a firm’s competences and, by extension, its product and service offerings to 

the market (Teece, 2004). Knowledge is a strategically critical resource, serving as the 

seed for future technological developments and a source of competitive advantage 
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(Barney, 1991; Conner & Prahalad, 1996; Grant, 1996; Kogut & Zander, 1992; Penrose, 

1959; Spender, 1996). Over the past several decades, knowledge has become the most 

important source of firm value, and strategies to control knowledge and knowledge-based 

assets are now essential to firm-level value appropriation (Mudambi, 2008). Firms make 

substantial investments to capture increasing value from their knowledge resources, 

spending billions of dollars annually in efforts to search for and supply knowledge inputs 

to innovation initiatives, albeit with frequent under- and overinvestment and widely 

varying degrees of success (Reus, Ranft, Lamont, & Adams, 2009; Wang, Noe, & Wang, 

2014).  Multiple studies (e.g. Gittelman & Kogut, 2003; Katila & Ahuja, 2002; 

Rosenkopf & Nerkar, 2001) have advanced our understanding of knowledge sourcing 

strategies and outcomes by examining the links between different dimensions of 

knowledge inputs (e.g. age, source, and technological distance) and measures of 

innovation performance (e.g. patent counts, citations, and new product introductions), yet 

the diverse and at times conflicting findings indicate that further research to understand 

the complexities of knowledge and its role in innovation is warranted (Heeley & 

Jacobson, 2008; Nerkar, 2003). An implicit message in this area is that “the more 

knowledge the better”, despite the knowledge management process being neither costless 

nor effortless (Eisenhardt & Santos, 2002; Reus et al., 2009). For resource-constrained 

firms, focused investments in specific types or combinations of knowledge may actually 

be the preferred strategy for innovation effectiveness (Leiponen & Helfat, 2010; Reus et 

al., 2009; Winston Smith & Shah, 2013).  
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In this chapter, we investigate the interplay between two different attributes of knowledge 

(source, and timing of use) and innovation performance. We focus on four distinct types 

of knowledge [Table 3-1]: internally-generated knowledge that is either immediately used 

in the innovation process, or used after a delay, and externally-generated knowledge that 

is either immediately used in the innovation process, or used after a delay. We explore 

each of these knowledge flows separately and in combination with the others. 

 

 

 

 

 

 

 

Specifically, we examine the interaction of the source and timing of knowledge flowing 

into the innovation process and the resulting innovations’ technological impact, using a 

ten-year panel of patent and related data for high-technology firms. Our work builds upon 

prior studies (e.g. Heeley & Jacobson, 2008; Katila & Ahuja, 2002; Nerkar, 2003; 

Rosenkopf & Nerkar, 2001) that inform the theoretical and practical discussions 

regarding knowledge inputs in the fields of knowledge management and innovation. A 

novel feature of our study is its incorporation of systems-based modeling of firm-level 

knowledge flows, an approach which has received little direct attention despite explicit 

calls for its use in this area (Spender, 1996; Szulanski, 2000). This approach 

complements linear conceptualizations of the innovation process, by providing a finer-

Main Flows 

of Knowledge 

Timing of Use: 

Immediate 

Timing of Use: 

Delayed 

Source: 

Internal 

Internal,  

Immediate Use 

Internal,  

Delayed Use 

Source: 

External 

External, 

Immediate Use 

External,  

Delayed Use 

Table 3-1:  Four Categories of Knowledge Based on Source and Timing of Use 
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grained perspective on the channels of knowledge that connect an organization’s 

functional and memory components, while simultaneously presenting a broader picture of 

the components’ interactions with the environment. Given that resource-constrained firms 

face tradeoffs in their search for innovation-related knowledge (Leiponen & Helfat, 2010; 

Reus et al., 2009), the insights we gain into the varying effectiveness of different 

knowledge inputs can lead to improved knowledge management strategies and 

organizational performance, and contribute to the scholarly discussion in this area. 

  

Below, we discuss the theoretical foundations and approaches used to examine 

knowledge management strategies, and introduce the systems-based model that is used to 

formulate our hypotheses. We then describe our data sample, methodological approach, 

and results, with a closing discussion.  Details from our data sample and analyses are 

included in the appendices.  

 

Theoretical Background and Hypotheses 

Knowledge Management and Innovation 

The effective management of knowledge cultivates product, process, and service 

innovations through activities of search, acquisition, exchange, combination, integration, 

and exploitation (Cohen & Levinthal, 1990; Miller et al., 2007; Nonaka, 1994; Smith, 

Collins, & Clark, 2005). Well-managed transfers of knowledge into, within, and out of 

the firm improve innovation, productivity, and speed-to-market, while overly protective 

measures that impede the communication of knowledge reduce innovation and incur 

excess costs (Grant, 1996; Liebeskind, 1996). Within the firm, knowledge transfer among 
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organizational units facilitates mutual learning and interunit cooperation that stimulates 

the creation of new knowledge, and contributes to the organizational units’ abilities to 

innovate (Tsai, 2001). The ability to create new knowledge, which results from the 

collective ability of employees to acquire, exchange, and combine knowledge (Nahapiet 

& Ghoshal, 1998), enables firms both to innovate and outperform their rivals in dynamic 

environments (Grant, 1996; Kogut & Zander, 1992). Many modern scientific and 

technological advances are in fact novel combinations of knowledge elements that are 

broadly-sourced, conventional and atypical, and discovered at different times (Fleming, 

2001; Katila, 2002; Leiponen & Helfat, 2010; Uzzi, Mukherjee, Stringer, & Jones, 2013; 

Winston Smith & Shah, 2013).  

 

The knowledge management process comprises four critical stages, from which new 

knowledge combinations are generated (Turner & Makhija, 2006): (1) knowledge 

creation and acquisition, (2) transfer of the knowledge to other individuals and 

organizational units, (3) interpretation of the knowledge with the objectives of the 

organization, and (4) application of the knowledge toward organizational goals. 

Collectively and individually, these stages contribute to the uniqueness of the 

organization’s knowledge, its heterogeneous resources and capabilities, and its 

competitive advantage (Conner & Prahalad, 1996; Grant, 1996; Kogut & Zander, 1992). 

However, the activities of these stages are neither costless nor effortless, due in large part 

to the attributes of the knowledge itself including codifiability, completeness, and 

diversity (Turner & Makhija, 2006). Firms can underinvest or overinvest in knowledge 

management activities, and the gains or losses in value creation depend on making 
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knowledge investments that address the firm’s particular knowledge requirements (Reus 

et al., 2009). Underinvestment may occur when firms invest in knowledge transfer within 

well-defined projects but fail to invest in activities to transfer knowledge among teams, 

projects, and organizational divisions. Overinvestment may occur when firms develop 

sophisticated technical libraries and expert systems to transfer knowledge when simpler, 

face-to-face interactions are more effective , easier, and take less time than accessing 

information from electronic systems (Reus et al., 2009). The individual characteristics of 

knowledge inputs (e.g. source and timing of use) are important predictors of innovation 

success, and the type of input characteristics that a firm orients its innovation strategy 

toward is a key strategic issue (Heeley & Jacobson, 2008).  

 

For example, older established knowledge may be easier and less costly to acquire and 

transfer, but can become obsolete and no longer applicable to current technological 

environments (Katila & Ahuja, 2002); new or recently-created knowledge that is more 

relevant to current organization-environment fit can have lower recombinant uncertainty 

(Fleming, 2001), but can also have less legitimacy, be more costly to obtain and transfer, 

and may be more likely to be discovered and used by competitors (Heeley & Jacobson, 

2008; Katila, 2002; Nerkar, 2003). Similarly, externally-sourced knowledge often 

combines with and reinvigorates a firm’s internal knowledge, sparking new insights for 

radical innovations (Arora & Gambardella, 1990; Chesbrough, 2003; Cohen & Levinthal, 

1990; Henderson, 1993; Winston Smith & Shah, 2013), but the benefits of external 

sourcing are subject to diminishing returns, due to increased costs and complexities of 

managing the access relationships (Leiponen & Helfat, 2010) and the costs of more 
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distant ‘global’ search versus less costly ‘local’ search (Nerkar & Roberts, 2004). 

Moreover, knowledge increasingly becomes “sticky” as it is embedded in individuals, 

contexts, or locations (Szulanski, 2000), requiring significant managerial efforts to 

overcome resistance to its flow into and within the organization. Knowledge transfer 

‘cost efficiency’, which is related to the extent of resources allocated to the transfer 

process, and the effectiveness of such efforts, which measures the extent that the 

transferred knowledge influences organizational learning, is an important distinction, 

particularly between sending and receiving units in MNCs (Andersson, Gaur, Mudambi, 

& Persson, 2015). Given the variable costs and benefits associated with different types of 

knowledge, it follows that resource-constrained firms can improve organizational 

performance by focusing their knowledge investments and knowledge management 

efforts, targeting the specific types and combinations of knowledge that can optimize the 

outcome of their innovation processes.  

 

While a large and diverse body of work exploring the relationship between knowledge 

management strategies and innovation performance has emerged (for reviews, see Alavi 

& Leidner, 2001; Wallace, Van Fleet, & Downs, 2010), researchers have faced 

challenges in clarifying appropriate knowledge investment strategies (Reus et al., 2009). 

A primary impediment is that knowledge is inherently unobservable (Argote & Ingram, 

2000), making it difficult to distinguish knowledge and its flows in an unambiguous 

manner (Spender, 1996; Szulanski, 2000). The literature provides a rudimentary 

understanding of the organizational processes associated with the treatment of 

knowledge, and we have limited insight on how different types of knowledge are 
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managed, and on the types of knowledge that are utilized at different stages of the 

innovation process (Davidsson & Honig, 2003; Turner & Makhija, 2006). Lacking a 

more precise understanding, the processes by which organizations develop, maintain, and 

use their distinct knowledge for competitive and innovative advantage remain obscured 

inside a knowledge-based ‘black box’ (Davidsson & Honig, 2003; Spender, 1996; Turner 

& Makhija, 2006).  

A Linear View of Knowledge Flows and Impact 

Organizations innovate by acquiring, exchanging, and combining existing knowledge to 

create new knowledge in a dynamic cycle of learning (Nonaka, 1994; Smith et al., 2005). 

Knowledge is both an essential input into the innovation process, and a primary output as 

new technologies are diffused over multiple dimensions including geographic space, 

time, technological fields, and organizational boundaries (Arrow, 1962; Jaffe, 

Trajtenberg, & Henderson, 1993; Rosenkopf & Almeida, 2003).  

Prior empirical research has extensively utilized patent citations as a proxy for knowledge 

flows (e.g. Gomes-Casseres, Hagedoorn, & Jaffe, 2006; Miller et al., 2007; Mudambi & 

Navarra, 2004; Rosenkopf & Nerkar, 2001), representing the inputs of existing 

knowledge combined in the innovation process, and the outputs of new knowledge that is 

formed, diffused, and subsequently recombined with other knowledge in future 

innovations. Patent citations have become the most widely employed measure of 

knowledge flows in the economics, management, and policy literatures, due to their 

attractive features including widespread availability and comprehensive coverage across 

industries and firms, and over time (Roach & Cohen, 2012).  
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Backward citations to prior patents have become an accepted measure of knowledge 

transfer between organizations and individuals, and of a firm’s knowledge inputs and 

search activity, including search depth and scope (Griliches, 1998; Hall et al., 2005; 

Katila & Ahuja, 2002; Rosenkopf & Nerkar, 2001; Winston Smith & Shah, 2013). 

Forward citations from subsequent patents have also been used to measure the 

effectiveness of a firm’s innovation process. The extent to which the knowledge created 

by an innovation is recognized by other firms, retained, and incorporated into future 

technological developments has been labeled ‘impact’ (Rosenkopf & Nerkar, 2001) and 

‘usefulness’ (Fleming, 2001). The impact and usefulness of a firm’s previous innovations 

reflect the perceived quality or importance of its contributions to the advancement of 

knowledge, and the ‘status’ of the firm within a particular technological niche (Podolny 

& Stuart, 1995). The impact of a firm’s innovative outputs can be evaluated within a 

specific technological domain or product class, or more broadly as its influence on the 

technological development of areas beyond the focal domain (Rosenkopf & Nerkar, 

2001). A linear view of patent-based knowledge flows [Figure 3-1] is often the 

conceptual starting point for many studies in this area. 

 

 

 

 

 

 

Innovation Process 

Inputs of  

Existing Knowledge 

(Backward Citations) 

Impact of New 

Knowledge Created 

(Forward Citations) 

Figure 3-1:  A Linear View of Knowledge Inputs and Impact 
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A Systems View of Knowledge Flows 

Spender (1996) asserts that it is logically impossible to construct meaningful statements 

about knowledge and its dynamic interactions within the firm using a homogenous 

concept of it; “an epistemology must posit something more complex” (1996: 48) than the 

mere presence of knowledge or its absence. He notes the important theoretical advances 

including the categorizations of different types of knowledge by James (1950), Durkheim 

(1964), and Polanyi (1967), and subsequent extensions (Nelson & Winter, 1982; Nonaka 

& Takeuchi, 1995; Sandelands & Stablein, 1987; Spender, 1993; Weick & Roberts, 

1993). However, these foundational works are limited in their analysis of how the various 

types of knowledge interact, and how the firm serves to facilitate the interaction of 

knowledge-creation and knowledge-application processes (Spender, 1996). To develop a 

theory of the firm that explains the relationship between the firm and knowledge, and 

why the firm’s knowledge has an economic impact, Spender argues for a discourse and 

corresponding mode of analysis that is partially holistic rather than purely reductionist. 

Organizations should be envisaged as activity systems, and more specifically, systems of 

knowledge interactions in which many different types of knowledge are continuously 

being created, acquired, circulated, stored, and applied. Modeling such activity and 

unpacking the complexity of the knowledge system requires an examination that connects 

two levels of analysis: the functioning system and its components. Such an analysis 

“begins by plotting the boundaries of the focal knowledge activity system, probing its 

components, and immersing ourselves in its processes to discover its systematic aspects” 

(Spender, 1996: 58). Through this approach, scholars can begin to comprehend the 

dynamics of the knowledge system’s interactions with other ‘quasi-objects’ (e.g. 
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individuals, firms, markets, and social institutions) and with the broader environment. 

Process thinking and a systems view of knowledge interactions also offer the “exciting 

possibility of learning to manage organizational learning”, to organize and promote 

knowledge transfers more effectively, and to “unstick” sticky transfers that are 

fundamental to innovation (Szulanski, 2000: 25).  

 

We follow the approach suggested by Spender and Szulanski and engage a systems 

perspective to plot the boundaries and explore the systematic aspects of knowledge flows 

into and out of the innovation processes of high-technology firms. To frame our 

investigation, we incorporate a systems-based model of knowledge flows in innovating 

firms (Craig & Winston Smith, 2012) which portrays the ‘circuitry’ of knowledge 

flowing within and across the system’s (i.e. the firm’s or focal unit’s) boundaries [Figure 

3-2].  

 

Adapted from systems theory and systems architecture literature (Klir, 1969, 1985; 

Skyttner, 2001; von Bertalanffy, 1951), this model reflects the ‘source-target’ 

characterization of knowledge transfer used in prior studies, with directionally bifurcated 

flows of two-way knowledge occurring between a source and target along distinct 

channels (Gupta & Govindarajan, 2000; Mudambi, 2002; Mudambi & Navarra, 2004). 

The interaction between the functional and memory components of the firm’s knowledge 

system and the environment provide the initial perspective on knowledge flows that 

drives our analytical approach, and distinguishes this study from others based on the 

linear view.   
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We focus here on four channels flowing into the innovation process: knowledge 

generated internally that is immediately redirected back into the process (channel 1); 

knowledge generated outside the firm, acquired, and used immediately in the process 

(channel 2); knowledge generated internally by the firm’s innovation process, stored in 

organizational memory, and reused at a later time (channel 3); and knowledge generated 

outside the firm that is not immediately used in the process, but stored in memory and 

used at a later time (channel 4). The model also identifies knowledge that flows out of the 

Four separate channels of knowledge flow into the firm’s innovation process, based on 

the source and timing of use distinctions. Channel 1 represents knowledge generated 

internally by the firm’s innovation process that is immediately directed back into the 

process. Channel 2 represents knowledge generated outside the firm that is immediately 

used in the process. Channel 3 represents knowledge that is generated by the firm’s 

innovation process and not immediately reused, but stored, combined with other 

organizational knowledge, and used at a later time. Channel 4 represents knowledge 

generated and acquired from outside the firm that is not immediately directed into the 

innovation process, but is stored, combined with other organizational knowledge, and 

used at a later time. Knowledge also leaves the firm in the form of innovative products 

and services (Channel 5) and through intentional or unintentional transfers out of 

organizational memory (Channel 6).  

 

Environment 

 

System 

Innovation  

Process  

5 

6 
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4 
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al Memory 

Figure 3-2:  A Systems View of Knowledge Flows in the Innovating Firm 
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firm, embedded in patent disclosures and innovative products and services (channel 5) 

and through intentional or unintentional transfers from organizational memory (channel 

6). Importantly, although we focus on patent citations for this study, these channels need 

not be limited to a singular flow of a specific type of knowledge. Rather, each channel 

can represent various combinations of distinct types of knowledge, such as that 

associated with the mobility of scientists and engineers (Almeida & Kogut, 1999; Zucker 

& Darby, 1996), technology licensing in or out (Arora & Ceccagnoli, 2006; Dushnitsky 

& Shaver, 2009), and user-sourced ideas (von Hippel, 1998; Winston Smith & Shah, 

2013). Also, while it is beyond the scope of this study, the transfer or loss of knowledge 

from memory (channel 6) has been the focus of a growing body of research on 

‘organizational forgetting’ (e.g. Olivera, 2000; Walsh & Ungson, 1991) and the hidden 

costs of outsourcing (Reitzig & Wagner, 2010) and offshoring (Larsen, Manning, & 

Pedersen, 2013). 

 

Our model and corresponding analysis complement prior research that explores the 

relationship between dimensions of citation-based knowledge inputs to the innovation 

process and measures of innovation performance. For example, Rosenkopf and Nerkar 

(2001) investigated the source and age (or ‘recency’) of knowledge inputs and subsequent 

impact both within and beyond a single high-technology industry (optical disks); Katila 

(2002) examined the effects of knowledge source and age on new product introductions 

in the robotics industry; Nerkar (2003) studied the total impact of patents related to both 

knowledge recency and age dispersion in pharmaceutical firms; and Heeley and Jacobson 

(2008) focused their multi-industry study on the relationship between knowledge input 
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recency and financial performance (stock returns). Our study contributes additional 

insights by examining the relationship between knowledge source (internal vs. external) 

and timing of use (immediate vs. delayed, derived from age), and multiple impact 

measures (within and beyond the focal technological class, and the aggregate impact 

across all technological classes) in a sample of five high-technology industries. 

Consistent with design principles of systems analysis (Klir, 1969, 1985; Skyttner, 2001), 

and expanding upon the linear approach of earlier studies, our model and discussion also 

distinguish and separate the functional component (the innovation process) and memory 

component (organizational memory) of the firm’s knowledge interaction system, where 

different steps of the knowledge management process (i.e. creation/acquisition, transfer, 

interpretation, and application) occur (Turner & Makhija, 2006).  

Our focus is on the impact generated by different combinations of knowledge flowing 

into the innovation process, from both the external environment and from internal 

sources. The systems model [Figure 3-2] reveals four main categories of knowledge 

inputs from Table 3-1 above (channels 1-4) distinguished by the combination of source 

(internal or external) and timing of use (immediate use, or delayed use after storage in 

organizational memory) dimensions. From these, we also derive four aggregated 

combinations of inputs (KF Internal; KF External; KF Immediate; KF Delayed) from the 

main input categories, and the total number of knowledge flows (KF Total). Table 3-2 

presents these main categories (Channels 1-4, i.e. knowledge flows KF1-KF4) that 

correspond to the knowledge flows from the systems view in Figure 3-2 above, the 

derived combinations of knowledge inputs, and the overall total.   
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Innovation Performance and the Source of Knowledge Inputs (Internal vs. External) 

A large body of theoretical and empirical work has established that firms cannot rely 

solely on internal sourcing of knowledge when developing their innovations. Rather, they 

seek to acquire and exploit knowledge from external sources through licensing, R&D 

outsourcing, company acquisitions, corporate venture capital (CVC) investments, hiring 

of qualified researchers, and the capture of ideas from user communities (Arora & 

Gambardella, 1990; Chesbrough, 2003; Dushnitsky & Lenox, 2006; King, Slotegraaf, & 

Kesner, 2008; Winston Smith & Shah, 2013). Internal and external sourcing of 

knowledge are complementary activities, requiring a tight integration within each firm’s 

innovation process (Cassiman & Veugelers, 2006; Cohen & Levinthal, 1990). While the 

combination of both internal and external knowledge enhances the innovation process, 

increasing levels of knowledge exploration within organizational boundaries have been 

shown to negatively affect the impact of innovations (Rosenkopf & Nerkar, 2001). 

Exploration that builds predominantly on an organization’s previous work serves to 

enhance the core competences of the firm, but an overreliance on internal knowledge by 

Table 3-2:  Categories of Knowledge Flows for Impact Analysis 
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established firms leads to competency traps, core rigidities, and innovations with lower 

external impact (Leonard-Barton, 1992; Levinthal & March, 1993; Sørensen & Stuart, 

2000). Open innovation theory (Chesbrough, 2003) also suggests that due to the 

increased mobility of knowledge workers and the difficulties in controlling and 

appropriating value from R&D investments, the advantages to internal R&D have 

declined. More extensive external search efforts complement managers’ existing 

technological experience and enable firms to ‘escape the prior knowledge corridor’, 

leading to enhanced opportunity identification and selection (Gruber, MacMillan, & 

Thompson, 2013). Therefore,  

H1: Innovation performance (impact) will be positively related to the 

proportion of externally-sourced knowledge that is used in the innovation 

process.   

 

Innovation Performance and the Timing of Knowledge Use (Immediate vs. Delayed) 

Theoretical arguments support the use of both old and new knowledge in the innovation 

process. New knowledge reflects the most recent technological advances in a field, has 

lower recombinant uncertainty, and more closely matches an organization’s current 

environment and potential technological trajectory (Fleming, 2001). Innovations based on 

recent discoveries also have greater technological and product market uncertainty, and 

projects with greater variance of potential outcomes provide the firm with higher option 

value, under real options theory (McGrath, 1999). Firms that pioneer the use of new 

technologies can also secure scarce and superior complementary assets and gain first-

mover advantages (Lieberman & Montgomery, 1988; Teece, 1986), however pioneers 

may invest in the ‘wrong’ resources which prove to be of limited value as uncertain 
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markets and technologies evolve (Lieberman & Montgomery, 1998). Inventions are often 

based on combinations of nascent and mature technologies, and the use of recent 

technological inputs adds inventive value but at an increasing cost of acquiring, 

managing, and exploiting the new knowledge (Heeley & Jacobson, 2008). The 

knowledge embedded in mature technologies is usually considered more legitimate and 

reliable, and is less costly to acquire and easier to communicate, which increases its 

likelihood of successful recombination. Inventors face higher risks when combining 

extremely unfamiliar components (Fleming, 2001), and radical innovations are often 

based on the synthesis of well-known information or components (Utterback, 1996). In a 

recent study of broad-ranging scientific discoveries, Uzzi et al. (2013) find that the 

propensity for high-impact work is sharply increased when the discoveries are anchored 

in substantial conventionality, not novelty; discoveries that include a limited injection of 

novelty into an otherwise exceptionally familiar mass of prior work are unusually likely 

to have higher impact. 

 

Additionally, the literature on individual creativity has long recognized the importance of 

‘incubation’ as part of the creative process that leads to innovation. Incubation is a 

process of unconscious recombination of thought elements that were stimulated through 

conscious work at one point in time, resulting in novel and useful ideas at some later 

point in time (Amabile, Barsade, Mueller, & Staw, 2005). While studies in this area often 

focus on individuals’ incubation periods of a few hours to a few days, the phenomenon 

could extend to entire organizations. Given the size, scope, and complexity of firm-level 

innovation processes and the vast body of knowledge involved, the incubation period 
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required for truly creative, high-impact outputs by firms may perhaps last months or 

years as elements of new and old knowledge are recombined in organizational memory. 

Increasing levels of new knowledge that is immediately injected into the innovation 

process may cause ‘information overload’ that overwhelms the firm’s knowledge 

management capabilities, constrains incubation, and limits the creative output. Therefore,  

H2: Innovation performance (impact) will be negatively related to the 

proportion of new knowledge that is immediately used in the innovation 

process.  

 

Research Method 

Data Sources and Sample 

To examine our hypotheses, we draw upon data from multiple sources. The primary 

source of patent data was the NBER Patent Data Project (PDP) available at 

www.nber.org, which provides details on USPTO patents granted from 1976 through 

2006. Matching data on non-patent citations (references to scientific papers) were 

obtained from the Harvard Business School’s Patent Network Dataverse (Lai, D’Amour, 

Yu, & Fleming, 2013). Firm financial and related data were obtained from Compustat 

(which is linked to patent data via the NBER files), Mergent Online, firm websites, 

annual reports, and other sources. The NBER-PDP comprises multiple files that contain 

different types of information for each patent, including application and grant dates, 

assignee codes, patent classification and subclassification codes, and citation pair details.  

 

http://www.nber.org/
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Non-patent data from other sources (e.g. Compustat and Mergent) were then merged with 

the NBER patent data to build the master dataset. We then applied several filters to focus 

and facilitate our analysis, as described below. 

 

The NBER-PDP contains “pdpass” codes as unique firm-level identifiers to group 

multiple USPTO assignee names which are not standardized and often contain different 

spellings, misspellings, and multiple abbreviations for the same corporate entity (see 

Bessen, 2009 for a detailed description of the PDP matching procedure). To avoid the 

computational complexities of calculating our dependent variables for patents shared by 

multiple firms, we first limited the master file to patents with only one common “pdpass” 

assignee code (e.g. patents with IBM and Microsoft as co-assignees were excluded).7  

The original NBER citation pairs file included over 2.8 million citing patents; 526,073 

patents which listed multiple pdpass codes were excluded (a reduction of 18.7%).  

Detailed data from this screened set of patents were then added into the NBER-PDP 

citation pairs file for each citing and cited patent number, as were the matching scientific 

reference data from the “scirefs” file in the Harvard Patent Network Dataverse (Lai et al., 

2013). After this merge, and additional 847 patent records with missing data were 

removed. Compustat and other firm-level data for each patent number in each citation 

pair (citing and cited) were also merged into the patent pairs file, using the “gvkey” 

linking code, a firm-level identifier in the Compustat data. After the Compustat merge, 

                                                 

7 An acknowledged limitation of this approach, addressed in the discussion below, is that 

patents for single firms which file patents with multiple unique assignee codes (e.g. 

multiple subsidiaries with different pdpass codes are listed as assignees) would be 

excluded.  
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approximately 923,000 patent records with missing and/or unmatched data were 

removed, with 1,362,121 patent records remaining (48.4% of the patents in the original 

NBER file).  

 

We further restricted the initial set of patents to those with application dates from 1986 

through 1995, to accommodate our analysis of both backward and forward citations 

(knowledge inputs and outputs) for each focal patent. We used the application year (as 

opposed to grant year) to date all patents, following common practice (Griliches, 1990). 

By restricting our analysis to patents with application dates in the “middle” ten years of 

the entire NBER-PDP file, we could sufficiently observe backward and forward citations 

for each patent and avoid truncation bias, consistent with past research (Gittelman & 

Kogut, 2003; Jaffe et al., 1993). Our period of analysis was also selected to facilitate 

comparison of findings and insights from related studies on the age and source of 

knowledge inputs on innovations, which examined patent data from similar timeframes 

(e.g. Heeley & Jacobson, 2008; Katila, 2002; Nerkar, 2003). While investigations using 

more recent patent data may provide complementary insights that we explore in our 

discussion section, our selection did not seem overly restrictive for the purposes of the 

present study.  

 

Using this intermediate file of matched citation pairs with corresponding patent, citation, 

and firm data, we aggregated the details into firm-year observations. To facilitate 

statistical analysis by considering only actively patenting firms, we eliminated firm-year 

combinations in which five or fewer patents were granted, and firms with only a single 
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year of observations in the ten-year period were also excluded, yielding a sample set of 

14,698 firm-year combinations. As our focus is on knowledge flows in high-technology 

industries, a final restriction was applied to limit the firms in our study based on their SIC 

codes as provided in Compustat. Five two-digit industry sectors8 are commonly 

recognized in existing literature as high-technology industries (King et al., 2008): 

chemicals (28), computer equipment (35), electronics (36), transportation (37), and 

instruments (38). In our analyses, we examine the overall high-technology category using 

combined data for these five two-digit SIC industries, and we separately examine each of 

these industries for industry-level perspectives and comparisons. Availability of yearly 

data on control variables reduced the final file for analysis to an unbalanced panel of 

1,949 firm-year observations from 387 firms over the ten-year period 1986-1995.  By 

industry, the firm-year distribution is as follows:  chemicals (28): 495 observations from 

100 firms; computer equipment (35): 474 observations from 87 firms; electronics (36): 

512 observations from 99 firms; transportation (37): 146 observations from 28 firms; and 

instruments (38): 322 observations from 73 firms.  

 

Measures 

Dependent Variables 

We use the impact of a firm’s patents in a particular year as our measure of innovation 

performance, reflecting the degree to which the knowledge generated by a firm is 

                                                 

8 The interested reader is referred to Kile and Phillips (2009), who suggest sets of eleven 

“optimal” three-digit SIC codes and 23 “optimal” four-digit SIC codes for building 

samples of high-technology firms.   
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incorporated into future technologies. As in prior studies, forward citations to a firm’s 

patents are used as a proxy for knowledge flowing out of its innovation process. Impact 

has been measured as the total number of citations a single patent receives from future 

patents (Argyres & Silverman, 2004; Henderson, Jaffe, & Trajtenberg, 1998), and as the 

total number of forward citations received by all of a firm’s patents in a particular period 

(Rosenkopf & Nerkar, 2001), with prior research supporting the link between forward 

citations and other measures of innovation (Trajtenberg, 1990). Time limits on forward 

citations are commonly used to improve the calculation of impact and avoid truncation 

bias from citations that continue to be received at a nondeclining rate (Hall et al., 2005). 

Accordingly we limit our consideration of forward citations to those within five years of 

the cited patent application year. Consistent with prior studies (e.g. Miller et al., 2007; 

Rosenkopf & Nerkar, 2001), self-citations are also excluded from our impact 

calculations.  

 

In their study of the optical disk industry, Rosenkopf and Nerkar (2001) measured the 

innovation performance of firm i in year t as the impact of its patents, defined as:  

 

Innovation Performance = Impact i,t = 
𝑇𝑜𝑡𝑎𝑙 𝐹𝑜𝑟𝑤𝑎𝑟𝑑 𝐶𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝑠 𝑖,𝑡

𝑇𝑜𝑡𝑎𝑙 𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝑖,𝑡
 

 

Rosenkopf and Nerkar further refined the measure of a patent’s influence by 

distinguishing between forward citations from patents in the same technological class as 

the focal patent (which they used to calculate ‘domain impact’), and forward citations 
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from patents in other technological classes (used to calculate ‘overall impact’). In this 

study, we examine innovation performance as the impact of patents using three measures 

derived from forward citation data. Following Rosenkopf and Nerkar’s (2001) 

distinction, we evaluate domain impact (the influence of a patent on subsequent patents in 

the same technological class) and non-domain impact (the influence of a patent on 

subsequent  patents in other technological classes, which Rosenkopf and Nerkar refer to 

as ‘overall impact’). In this chapter, we use the term ‘non-domain impact’ rather than 

‘overall impact’ in this case for descriptive clarity, because our third measure, total 

impact, is the combined effect of the domain impact and non-domain impact, 

representing the aggregate influence of a focal patent on subsequent patents in all 

technological classes including its own.  

 

Our dependent variables (domain impact, non-domain impact, and total impact) are also 

constructed to account for potential overcounting errors when citing and cited patents 

have multiple technological classes, by calculating the weighted values of each citing and 

cited class combination. For example, when a patent assigned to a single technological 

class is cited by a patent assigned to two technological classes, the impact would be 

overstated if each class pair was counted as a single citation, for a total count of two 

forward citations. To avoid this problem, we follow the procedure used in the NBER-RPI 

Scientific Papers Database for defining fractional class weights (see Adams & 

Clemmons, 2008) and outlined in Appendix A to proportionally weight the impact of the 

domain and non-domain class pairs in each citation pair. In the example above, each class 
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in the two-class citing patent would be assigned a ‘half’ citation, with the total impact 

measured equivalent to that of a single, single-class forward citation.  

 

Independent Variables 

Our focal independent variables are the proportional values of two different combinations 

of knowledge inputs to the innovation process (‘% KF External’ and ‘% KF Immediate’) 

derived from the four main knowledge flows listed in Table 3-2 (KF1-KF4) and depicted 

in Figure 3-2. As in prior studies, backward citations listed in a firm’s patents are used as 

a proxy for knowledge flowing into its innovation process. Following the method used by 

Rosenkopf and Nerkar (2001), we first classified each citation pair (constituting a single 

flow of knowledge from a cited patent to citing patent) according to its source and timing 

of use attributes. The ‘source’ indicator was based on whether the backward citation was 

made to one of the firm’s own patents (i.e. self-citations, classified as internal knowledge 

inputs, where citing and cited pdpass assignee codes are the same), or to another firm’s 

patent (classified as external knowledge inputs, where citing and cited pdpass assignee 

codes are different). The ‘timing of use’ indicator was based on the difference between 

the application years of the cited and citing patents. A citation made within one year of 

the cited patent’s application year (i.e. citing year – cited year <= 1) was classified as an 

immediate use of the cited patent’s knowledge. A citation made two or more years after 

the cited patent’s application year (i.e. citing year – cited year > 1) was classified as a 

delayed use of the cited patent’s knowledge. Using this method, each citation pair was 

tabulated into one and only one of the four main knowledge flow categories (KF1-KF4) 

in Table 3-2.  
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The counts of citation pairs in each row and column were then added to provide the 

derived combinations (KF Internal, KF External, KF Immediate, KF Delayed, and KF 

Total) indicated in Table 3-2. The counts in each cell of Table 3-2 were then divided by 

the total number of knowledge flows (KF Total) to generate proportional values of all 

knowledge flow categories (ranging from 0 to 1). These values are assigned to variables 

labeled % KF1, % KF2, % KF3, % KF4, % KF Internal, % KF External,% KF 

Immediate, and % KF Delayed. In our hypotheses, we parsimoniously exclude the 

redundant analysis of % KF Internal (which is equivalent to 1 - % KF External) and % 

KF Delayed (which is equivalent to 1 - % KF Immediate).  

Control Variables 

Our models included multiple controls to account for other variables that could influence 

the impact generated by a firm’s innovation process. The age and size of the firm 

influence its working stock of knowledge and its ability to innovate (Gittelman & Kogut, 

2003; Sørensen & Stuart, 2000). We controlled for these effects by measuring Firm Age 

in years, and Firm Size using the logarithm of annual revenues reported in Compustat. 

Also, high levels of internal R&D enable firms to absorb external knowledge which 

improves innovation performance (Cohen & Levinthal, 1990), therefore we controlled for 

R&D Intensity measured as the ratio of R&D expenditures to annual revenues. In 

addition, the likelihood of generating new innovations and receiving future citations 

increases with the number of patents a firm has already received (Gittelman & Kogut, 

2003). We control for this level of prior innovation (Patenting Activity) by measuring 

lagged simple patent counts (calculated as the total number of patents granted to a firm in 

the previous three years).  
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The variety of knowledge characteristics used in the innovation process is also likely to 

affect innovation outcomes (Leiponen & Helfat, 2010; Winston Smith & Shah, 2013). 

Therefore we controlled for variety in knowledge types by measuring the mean number 

of different knowledge flow channels (ranging from 1 to 4) used in each of the firm’s 

patents during each period (KF Categories), the mean age of all knowledge inputs 

(backward citations) in the firm’s patents for each period (KF Age), and the variety in 

knowledge sources by measuring the number of different assignees cited by the firm in its 

patents in each period (Assignees Cited). And finally, since citations to prior patents are 

not the only flows of knowledge into an innovation, we considered the effect of other 

knowledge sources referenced in a patent application. We controlled for other knowledge 

sources by calculating the mean number of non-patent citations (scientific references) 

used in each patent by the firm in each period (Sci Refs).  

Model and Econometric Approach 

We examined the relationship between relative proportions of different knowledge inputs 

(measured by backward citations) and future impact (measured by forward citations) of 

the patents for a focal firm-year, using the following generalized model:  

Impact = β0 + β1(%KF) + β2(Firm Age) + β3(Firm Size) + β4(R&D 

Intensity) + β5(Patenting Activity) + β6(KF Categories) + β7(KF Age) + 

β8(Assignees Cited) + β9(Sci Refs) + ε 

More specifically, we use this general model to test the relationship among three different 

types of impact (domain, non-domain, and total) and two different measures of 

knowledge flows into the innovation process (%KF External and % KF Immediate). Year 
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dummies are included, and because there are substantial differences among product 

classes within the 2-digit SIC codes, we also include 3-digit SIC code dummies.  

Hypotheses 1 states that innovation performance (impact) will be positively related to the 

proportion of externally-sourced knowledge that is used in the innovation process. We 

predict therefore that the coefficient β1 will be positive and significant when %KF 

External is examined for all three impact types. Hypotheses 2 states that innovation 

performance (impact) will be negatively related to the proportion of new knowledge that 

is immediately used in the innovation process. We predict therefore that the coefficient β1 

will be negative and significant when %KF Immediate is examined for all three impact 

types. Beyond our specific tests for Hypothesis 1 and Hypothesis 2, we also use this 

model to further examine the relationship between the individual knowledge flow 

categories in Table 3-2 (%KF1-%KF4) and the three different measures of impact.  

 

Results 

The means, standard deviations, minimum and maximum values, and correlations for the 

research variables are shown in Table 3-3 for the entire five-industry high-technology 

sample. Correlations between our main variables of interest are under the recommended 

threshold of 0.8, which would indicate problems with multicollinearity (Gujarati 1995). 

The original data include several potential outliers (e.g. in the ‘R&D Intensity’ and 

‘Number of Assignees Cited’ variables); these observations were excluded from the final 

analysis. Separate regressions (not reported here) that included these observations 

showed no remarkable difference in our results.  
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Regression results for the analyses of domain, non-domain, and total impact for the entire 

five-industry high-technology industry sample are presented in Tables 3-4 to 3-6. 

Regression results for domain, non-domain, and total impact for the individual industries 

are presented in Appendix B. Overall, the results indicate strong support for Hypothesis 1 

(that the level of external knowledge and performance are positively related), while 

Hypothesis 2 (that the level of new knowledge that is immediately used is negatively 

related to performance) is not supported.  

Hypothesis 1 predicted a positive relationship between the level of external knowledge 

used in the innovation process, and innovation performance. In column 2 of Table 3-4 

(DV = Domain Impact), the coefficient for % KF External is positive (0.453) and 

significant at the α = .001 level (t=3.72). In column 2 of Table 3-5 (DV = Non-Domain 

Impact), the coefficient for % KF External is both positive (0.310) and significant 

(t=4.38, α = .001). And, in column 2 of Table 3-6 (DV = Total Impact), we see the % KF 

External coefficient is positive (0.477) and significant at the α = .001 level (t=4.38).  

Hypothesis 2 predicted a negative relationship between the level of new knowledge 

immediately used in the innovation process, and performance. In column 3 of Table 3-4 

(DV = Domain Impact), the coefficient for % KF External is both positive (0.453) and 

significant at the α = .001 level (t=3.72). In column 3 of Table 3-5 (DV = Non-Domain 

Impact), the coefficient for % KF External is positive (0.310) and significant (t=4.38, α = 

.001). And, in column 3 of Table 3-6 (DV = Total Impact), we see the % KF External 

coefficient is positive (0.477) and significant at the α = .001 level (t=4.38).  
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Table 3-3: Descriptive Statistics (All High-Technology Industries)               

    Mean S.D. Min Max (a) (b) (c) (d) (e) (f) (g) 

Total Impact (a) 1.77 0.49 0.69 4.23 --- 
      

Domain Impact (b) 1.23 0.53 0.00 3.77 0.87 
      

Non-Domain Impact (c) 1.20 0.46 0.10 4.08 0.80 0.42 
     

% KF External (d) 0.87 0.11 0.25 1.00 0.17 0.17 0.11 
    

% KF Immediate (e) 0.07 0.05 0.00 0.43 0.20 0.23 0.10 0.04 
   

% KF1 (Internal & Immediate) (f) 0.02 0.02 0.00 0.33 -0.05 -0.05 -0.05 -0.42 0.47 
  

% KF2 (External & Immediate) (g) 0.05 0.05 0.00 0.31 0.26 0.29 0.14 0.27 0.88 0.00 
 

% KF3 (Internal & Delayed) (h) 0.11 0.11 0.00 0.66 -0.17 -0.17 -0.11 -0.98 -0.15 0.22 -0.29 

% KF4 (External & Delayed) (i) 0.82 0.11 0.25 1.00 0.07 0.05 0.06 0.92 -0.33 -0.43 -0.14 

Firm Age (j) 3.58 0.91 0.00 5.43 -0.40 -0.35 -0.30 -0.17 -0.20 0.01 -0.24 

Firm Size (k) 6.63 1.96 0.02 10.84 -0.20 -0.12 -0.18 -0.02 -0.03 -0.04 -0.02 

R&D Intensity (l) 0.32 2.83 0.00 77.27 0.09 0.05 0.09 0.01 0.03 0.01 0.03 

Patenting Activity (m) 1.69 0.56 0.00 3.48 -0.12 -0.06 -0.10 -0.34 0.00 0.15 -0.08 

KF Categories (n) 1.66 0.31 1.00 3.21 0.22 0.19 0.18 -0.49 0.21 0.27 0.09 

KF Age (o) 6.62 1.42 1.96 17.66 -0.25 -0.28 -0.13 -0.06 -0.54 -0.21 -0.50 

Assignees Cited (p) 4.19 0.90 1.61 7.32 0.08 0.11 0.08 -0.12 -0.01 0.01 -0.02 

Sci Refs (q) 5.93 12.60 0.00 146.00 0.04 -0.07 0.14 0.00 -0.06 0.00 -0.06 
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Table 3-3: Descriptive Statistics (All High-Technology Industries), cont'd.             

    (h) (i) (j) (k) (l) (m) (n) (o) (p) (q) 

Total Impact (a) 
          

Domain Impact (b) 
          

Non-Domain Impact (c) 
          

% KF External (d) 
          

% KF Immediate (e) 
          

% KF1 (Internal & Immediate) (f) 
          

% KF2 (External & Immediate) (g) 
          

% KF3 (Internal & Delayed) (h) 
          

% KF4 (External & Delayed) (i) -0.88 
         

Firm Age (j) 0.18 -0.07 
        

Firm Size (k) 0.03 -0.01 0.60 
       

R&D Intensity (l) -0.02 0.00 -0.14 -0.26 
      

Patenting Activity (m) 0.33 -0.32 0.42 0.67 -0.08 
     

KF Categories (n) 0.46 -0.54 -0.02 -0.12 0.01 0.14 
    

KF Age (o) 0.11 0.15 0.32 0.11 -0.01 0.01 -0.02 
   

Assignees Cited (p) 0.13 -0.12 0.31 0.60 -0.07 0.79 0.24 0.06 
  

Sci Refs (q) -0.01 0.03 -0.25 -0.30 0.23 -0.11 0.04 0.02 -0.09 --- 
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Table 3-4: All High-Tech Industries - Domain Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp 

        
Firm Age -0.070*** -0.067*** -0.070*** -0.070*** -0.068*** -0.068*** -0.070*** 
 (-4.34) (-4.16) (-4.29) (-4.30) (-4.15) (-4.19) (-4.33) 
Firm Size 0.026** 0.020* 0.025** 0.024** 0.022** 0.021** 0.024** 
 (2.50) (1.93) (2.35) (2.37) (2.09) (2.03) (2.33) 
R&D Intensity 0.012*** 0.012*** 0.012*** 0.012*** 0.012*** 0.012*** 0.013*** 
 (3.05) (2.80) (2.97) (3.12) (2.84) (2.79) (2.99) 
Patenting Activity -0.088** -0.024 -0.088** -0.073** -0.078** -0.036 -0.043 
 (-2.38) (-0.60) (-2.35) (-1.99) (-2.07) (-0.92) (-1.11) 
KF Categories 0.159*** 0.242*** 0.154*** 0.179*** 0.149*** 0.225*** 0.237*** 
 (4.37) (5.53) (4.09) (4.63) (4.11) (5.31) (5.27) 
KF Age -0.064*** -0.061*** -0.062*** -0.068*** -0.058*** -0.060*** -0.067*** 
 (-7.35) (-6.98) (-5.96) (-7.30) (-6.05) (-6.73) (-7.54) 
Assignees Cited 0.061*** 0.036* 0.061*** 0.054*** 0.060*** 0.041* 0.040* 
 (2.92) (1.72) (2.94) (2.62) (2.88) (1.95) (1.91) 
Sci Refs -0.004*** -0.004*** -0.004*** -0.004*** -0.004*** -0.004*** -0.004*** 
 (-3.56) (-3.86) (-3.54) (-3.71) (-3.52) (-3.77) (-3.85) 
% KF External  0.453***      
  (3.72)      
% KF Immediate   0.105     
   (0.40)     
% KF1 (Internal & Immediate)    -0.924*    
    (-1.70)    
% KF2 (External & Immediate)     0.447*   
     (1.71)   
% KF3 (Internal & Delayed)      -0.413***  
      (-3.26)  
% KF4 (External & Delayed)       0.383*** 
       (3.08) 
        
Observations 1,949 1,949 1,949 1,949 1,949 1,949 1,949 
R-squared 0.481 0.486 0.481 0.483 0.482 0.485 0.484 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 48.252 47.942 47.638 45.628 46.891 49.055 48.372 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 
*** p<0.01, ** p<0.05, * p<0.10 
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Table 3-5: All High-Tech Industries - Non-Domain Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Non Imp Non Imp Non Imp Non Imp Non Imp Non Imp Non Imp 

        
Firm Age -0.078*** -0.076*** -0.080*** -0.078*** -0.078*** -0.077*** -0.078*** 
 (-4.38) (-4.25) (-4.50) (-4.35) (-4.36) (-4.29) (-4.36) 
Firm Size 0.008 0.004 0.010 0.006 0.008 0.006 0.007 
 (0.85) (0.43) (1.06) (0.60) (0.78) (0.58) (0.69) 
R&D Intensity 0.007 0.006 0.007 0.007 0.007 0.006 0.007 
 (1.28) (1.20) (1.36) (1.31) (1.27) (1.22) (1.27) 
Patenting Activity -0.148*** -0.104*** -0.151*** -0.126*** -0.147*** -0.120*** -0.110*** 
 (-4.44) (-2.79) (-4.55) (-3.56) (-4.38) (-3.31) (-3.01) 
KF Categories 0.123*** 0.180*** 0.137*** 0.153*** 0.122*** 0.160*** 0.189*** 
 (3.32) (4.01) (3.62) (4.04) (3.27) (3.60) (4.10) 
KF Age -0.053*** -0.051*** -0.059*** -0.059*** -0.052*** -0.051*** -0.056*** 
 (-5.45) (-5.24) (-5.00) (-5.81) (-4.74) (-5.12) (-5.65) 
Assignees Cited 0.107*** 0.090*** 0.105*** 0.098*** 0.107*** 0.096*** 0.090*** 
 (5.14) (4.22) (5.00) (4.57) (5.14) (4.57) (4.17) 
Sci Refs 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
 (0.36) (0.14) (0.27) (0.21) (0.37) (0.22) (0.08) 
% KF External  0.310***      
  (2.74)      
% KF Immediate   -0.329     
   (-1.23)     
% KF1 (Internal & Immediate)    -1.354***    
    (-3.20)    
% KF2 (External & Immediate)     0.058   
     (0.21)   
% KF3 (Internal & Delayed)      -0.225*  
      (-1.87)  
% KF4 (External & Delayed)       0.319*** 
       (2.82) 
        
Observations 1,949 1,949 1,949 1,949 1,949 1,949 1,949 
R-squared 0.307 0.310 0.308 0.311 0.307 0.308 0.310 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 17.727 17.200 17.527 17.619 17.368 17.224 17.270 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 
*** p<0.01, ** p<0.05, * p<0.10 
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Table 3-6: All High-Tech Industries - Total Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp 

        
Firm Age -0.091*** -0.088*** -0.091*** -0.090*** -0.089*** -0.088*** -0.091*** 
 (-5.73) (-5.50) (-5.77) (-5.68) (-5.60) (-5.55) (-5.70) 
Firm Size 0.020** 0.014 0.021** 0.018* 0.018* 0.016 0.018* 
 (2.07) (1.42) (2.09) (1.84) (1.78) (1.58) (1.85) 
R&D Intensity 0.011** 0.010** 0.011** 0.011** 0.011** 0.011** 0.011** 
 (2.49) (2.29) (2.52) (2.58) (2.40) (2.29) (2.42) 
Patenting Activity -0.141*** -0.073** -0.142*** -0.119*** -0.134*** -0.090** -0.088** 
 (-4.13) (-2.00) (-4.15) (-3.43) (-3.87) (-2.46) (-2.46) 
KF Categories 0.185*** 0.272*** 0.190*** 0.213*** 0.178*** 0.250*** 0.275*** 
 (5.38) (6.51) (5.42) (5.96) (5.23) (6.10) (6.49) 
KF Age -0.067*** -0.063*** -0.069*** -0.072*** -0.062*** -0.062*** -0.070*** 
 (-7.52) (-7.18) (-6.36) (-7.70) (-6.30) (-6.94) (-7.75) 
Assignees Cited 0.081*** 0.055*** 0.081*** 0.072*** 0.081*** 0.062*** 0.058*** 
 (4.04) (2.74) (3.99) (3.57) (4.02) (3.06) (2.84) 
Sci Refs -0.002* -0.002** -0.002* -0.002** -0.002* -0.002** -0.002** 
 (-1.91) (-2.29) (-1.94) (-2.10) (-1.87) (-2.18) (-2.32) 
% KF External  0.477***      
  (4.38)      
% KF Immediate   -0.129     
   (-0.50)     
% KF1 (Internal & Immediate)    -1.326***    
    (-2.70)    
% KF2 (External & Immediate)     0.295   
     (1.13)   
% KF3 (Internal & Delayed)      -0.406***  
      (-3.52)  
% KF4 (External & Delayed)       0.443*** 
       (4.05) 
        
Observations 1,949 1,949 1,949 1,949 1,949 1,949 1,949 
R-squared 0.480 0.486 0.480 0.483 0.480 0.484 0.484 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 54.374 41.665 68.964 77.539 43.716 41.653 51.580 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 
*** p<0.01, ** p<0.05, * p<0.10
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Beyond the summary values of ‘all external’ and ‘all immediate’ knowledge flows on 

which our hypotheses are focused, the results in Tables 3-2 through 3-4 also reveal the 

relationships between the proportions of the individual knowledge flows (% KF1 - % 

KF4) into the innovation process (columns 4 – 7). In all cases, we see that the proportion 

of knowledge that is sourced externally and immediately used in the innovation process 

(% KF2) has no significant effect on either of the types of impact (column 5). We also 

see that, in all cases for our sample, the proportion of externally-sourced knowledge that 

is used after a delay (i.e. % KF4) has significant and positive effects on domain, non-

domain, and total impact (column 7). Further, we see that total impact (i.e. on all patent 

classes) is negatively and significantly impacted by the amount of internally-generated 

knowledge, whether it is immediately directed back into the innovation process (% KF1) 

or used after a delay (% KF3). However, this association differs when we take a closer 

look at the types of influence that are impacted. On Table 3-4, the domain (same class) 

impact is negatively and significantly associated with the proportion of internally-

generated, delayed-use knowledge (% KF3; Column 6), but this negative relationship 

loses significance with internally-generated, immediate-use knowledge inputs (% KF1; 

Column 4). This opposing relationship is reversed, however, on Table 3-5 in which the 

non-domain (different class) impact is examined. Here, impact on other patent classes is 

negatively and significantly associated with the proportion of internally-generated 

knowledge that is immediately used (% KF1; Column 4), but this negative relationship 

loses significance with internally-generated, delayed-use knowledge inputs (% KF3; 

Column 6). 
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Beyond the main results from our hypothesis testing on the impact of the source and 

timing of use combinations of knowledge flows, more nuanced insights may be generated 

from further research to examine the detailed breakdowns of the different types of 

impact, knowledge combinations, and industries that our models provide, summarized in 

Table 3-7 below.  

 

Discussion 

The results of our study provide further evidence of the complex relationship between 

knowledge inputs and innovation performance. A general conclusion from our analysis of 

this sample is that variations in innovation performance are indeed linked to the different 

characteristics of knowledge flowing into a firm’s innovation process, and not necessarily 

to the volume or quantity of the knowledge used. We observed that increasing levels of 

different dimensions of knowledge had both positive and negative effects on the 

downstream impact of firms’ patents; in other words, more is not necessarily better when 

it comes to designing a firm’s knowledge management strategy. 

 

Our study also reveals stark contrasts in the importance of different knowledge 

dimensions across industries, as summarized in Table 3-7. While our five-industry 

aggregation of high-technology firms displayed significance in over half of our main 

knowledge category models, these relationships differed upon closer inspection of each 

industry. Interesting examples are found in the computer equipment industry (SIC 35) 

which showed no significance across the board, and the instruments industry (SIC 38) 

which showed almost no significance, while the firms in the chemicals (SIC 28), 
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electronics (SIC 36), and transportation (SIC 37) industries most closely matched the all 

high-technology results. The relative maturity of each industry during our sample period 

may account for these differences, and unraveling these results is an avenue for further 

research.  

 

Table 3-7: Knowledge Flows and Impacts by Industry 

 
All 

High-Tech 

SIC 28 

Chemicals 

SIC 35 

Computers 

SIC 36 

Electronics 

SIC 37 

Transportation 

SIC 38 

Instruments 

 
D N T D N T D N T D N T D N T D N T 

% KF External + + +   + +       +   + +   +       

% KF Immediate                                 -   

% KF1 (Internal & Immediate)   - -   - -       -   -         -   

% KF2 (External & Immediate)         + +                         

% KF3 (Internal & Delayed) -   -   - -       -   - -   -       

% KF4 (External & Delayed) + + +   + +       +   + +           

 

D = Domain Impact   N = Non-Domain Impact   T = Total Impact   (α <= .05) 

 

 

A finding that was not unexpected was the general significance of external knowledge 

(Hypothesis 1), given the multitude of theoretical and empirical work that suggests the 

limitations to a firm’s own resources for creating breakthrough innovations and the need 

for open sourcing (Chesbrough, 2003; Cohen & Levinthal, 1990; Henderson & Clark, 

1990). These findings lend further support to the importance of external knowledge 

sourcing in innovation strategies. However, the importance of externally-sourced 

knowledge was not observed in the computer equipment (SIC 35) and instruments (SIC 

38) industries. Once again, this may be due to the relative age of these industries during 
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our sample time period, whereas the freshness of ideas in the chemicals, electronics, and 

transportation firms may have diminished to the point where new external insights are 

needed, as predicted by the open innovation and related literatures. These factors and 

others (e.g. the prevalence of alliances and other knowledge-sharing network forms, 

which were not specifically captured in our analysis) would form the basis for additional 

research in this area.  

 

On the other hand, a rather unexpected finding was the resounding lack of impact from 

the ‘timing of use’ characteristic of knowledge flowing into the innovation process 

(Hypothesis 2). The proportion of immediately-used knowledge (% KF Immediate) was 

not significant in any of our models, which in our opinion generates perhaps more 

questions than it answers. A potential explanation is that our calculation of ‘immediate’ 

did not properly account for the gestation period needed for the incubation of high-impact 

innovations, which may be longer than one year, and most likely differs across industries 

and contexts. The negative coefficients for the control variable ‘KF Age’ may provide 

some insight for follow-up research; in most of our models, the ‘KF Age’ control was 

negative and significant, suggesting that beyond the time period captured by the 

immediate knowledge flow definition, the impact of a firm’s patents diminishes as the 

average age of the knowledge inputs increases. The industry differences in our control 

variables also are both informative and intriguing, and suggest that further research is 

needed to more fully understand the contextual aspects of knowledge management 

strategies. Deeper comparisons of our findings with the work of Uzzi et al. (2013) on 
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typical and atypical knowledge combinations would be an interesting extension to 

explore.  

 

These findings and our conclusions should be viewed with an understanding of several 

acknowledged limitations in our study, which present opportunities for future research.  

First and foremost, as noted in many studies and editorial reviews, patent citations are 

inherently limited in their ability to capture the full picture of a firm’s innovation 

activities and strategies (Alcácer & Gittelman, 2006; Roach & Cohen, 2012). Citations 

can be biased by examiner selections and firms’ intellectual property strategies, and often 

miss many of the knowledge flows associated with internal basic research, as well as 

private and contractual arrangements. In addition, data restrictions prevented our 

consolidation of patents within ‘firm families’ (groups of assignee firms participating in 

technology alliances, or assignees affiliated under a single corporate umbrella) in which 

technical knowledge is shared more easily. These affiliations are examined in many 

studies (e.g. Arora, Belenzon, & Rios, 2014) using external databases (e.g. Who Owns 

Whom and Thomson Reuters SDC Platinum), and additional insights may be possible 

with further work to match citations to firm families. Inclusion of these corporate parent 

indicators to refine our distinction of internal and external knowledge flows would 

enhance the current study.  

 

The use of 2-digit SIC codes may also be an issue for refinement of this study. While the 

2-digit codes used in this study have been used in prior studies (e.g. King et al., 2008) to 

examine high-technology firms, other scholars have recommended alternate groupings. 
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For example, the research presented here could be refined further using the ‘optimal’ 3-

digit and 4-digit SIC codes suggested for use in building samples of high-technology 

firms by Kile and Phillips (2009). 

 

Additionally, as more recent USPTO patent data becomes increasingly available in 

updates to the NBER and Harvard Patent Network Dataverse, and through advances in 

web access and data capture tools, our study can be extended to apply our models to data 

samples covering more diverse timeframes. Incorporating shorter and longer periods of 

forward citations for impact measures would serve as robustness checks for our original 

five-year impact period, as would the inclusion of indicators for distinguishing examiner-

added citations to address the concerns noted in prior studies (Alcácer & Gittelman, 

2006). Although the elimination of data from our original data set was conducted to 

follow prior studies, we recognize the impact this has on the final results, and we feel this 

impact was correctly accounted for in our selection process. Finally, our study reports the 

findings from a sample of matched pairs of citing and cited patents for each firm. 

Additional research was performed (but not reported here) that includes all forward and 

backward citations made by each firm in each period; the inclusion of unmatched patent 

citation data for comparative purposes would provide further insights into the influence 

of different knowledge dimensions on innovation performance. Despite these limitations, 

we believe this study makes progress toward a more comprehensive understanding of the 

effectiveness of different knowledge sourcing strategies in high-technology firms.  
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Conclusion 

Our objective with this research is to generate new insights to inform the theoretical and 

practical discussions on the complex relationship between knowledge sourcing strategies 

and innovation performance. Numerous studies have built a substantial body of literature 

in this area, and many investigations have successfully employed the linear approach to 

conceptualizing how knowledge flows within and across an organization’s boundaries 

and through its innovation process. By explicitly structuring our investigation to integrate 

concepts and models drawn from the systems design literature (Klir, 1969, 1985; 

Skyttner, 2001), we directly respond to calls for approaches that examine firms as open 

systems of knowledge interactions (Spender, 1996; Szulanski, 2000). As the field of 

knowledge management research continues to evolve and address data and 

methodological challenges, we view the complementary refinements added by this study 

as a small but important next step. 
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APPENDIX A 

AVOIDING OVERCOUNTING ERRORS IN  

IMPACT VALUE CALCULATIONS 

 

The combination of multiple patent classes in cited and citing patents requires that, within 

each citation pair, each class pair be considered separately when calculating domain and 

non-domain impact (Rosenkopf & Nerkar, 2001). To illustrate our method for calculating 

our independent variables (domain impact, non-domain impact, and total impact), we will 

first assume a single forward citation pair in which patent #123 (a two-class patent) is 

cited by patent #234 (a three-class patent). For consistency with our sample selection 

criteria, we assume also that this is not a self-citation, and that the citation occurs within 

the five-year window as described above.  

 

 

In our example, the single forward citation comprises six class pairs, including a same-

class, i.e. domain, component (B-B) and five different-class, i.e. non-domain, 

components (A-B, A-C, A-D, B-C, and B-D).  

 

 

 

 

Class A 

Class B 

Class B 

Class C 

Class D 

Cited Patent # 123 

(2 Class: A, B) 

Citing Patent # 234 

(3 Class: B, C, D) 
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In the table below, the potential problem of forward citation overcounting (Adams & 

Clemmons, 2008) is illustrated. To correctly determine the domain and non-domain 

impact of a single citation pair (e.g. patent 123 cited by patent 234), the forward citation 

must be disaggregated (as shown in columns 3 and 4) and each class pair assigned a 

weighted value based on the number of unique cited and citing classes in the citation pair 

(as shown in columns 7 and 8). Overcounting of forward citations (and thus inflated 

impact values) will result if only raw (as opposed to weighted) class pair counts are used, 

or if only cited or citing class counts are used (columns 5 and 6 exhibit the latter). The 

total weighted forward citation count for any single citing-cited pair, and thus its total 

impact as defined by Rosenkopf and Nerkar (2001), should equal 1.  

Calculating Class Weighted Forward Citations 

 

Cited Class 

 

(𝑚 = 2) 

Citing 

Class 

 

(𝑛 = 3) 

 

Raw 

Forward  
Citations by 

Class Pairs 

(Domain) 
 

 

 

Raw 
Forward  

Citations 

by 

Class Pairs 

(Non-

domain) 
 

 

Weighted FCs 

by # of citing 
classes 

(Domain) 

 
 

Column (3) 

(𝑛)  

 
Weighted 

FCs 

by # of citing 
classes 

(Non-

domain) 
 

Column (4) 

(𝑛)  
 

Weighted FCs 
by # of cited and 

citing classes 

(Domain) 

 

 

Column (3) 

(𝑚 × 𝑛) 

Weighted FCs 

by # of cited 

and citing 
classes 

(Non-domain) 

 
 

Column (4) 

(𝑚 × 𝑛) 

(1) (2) (3) (4) (5) (6) (7) (8) 

A B 0 1 0.000 0.333 0.000 0.167 

A C 0 1 0.000 0.333 0.000 0.167 

A D 0 1 0.000 0.333 0.000 0.167 

B B 1 0 0.333 0.000 0.167 0.000 

B C 0 1 0.000 0.333 0.000 0.167 

B D 0 1 0.000 0.333 0.000 0.167 

Domain 

Forward Cites 
1  0.333  0.167  

Non-Domain Forward 

Cites 
 5  1.667  0.833 

Total  
Forward Cites 

(*Overcount) 

6.00* 2.00* 1.00 
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Having calculated the weighted number of forward citations (domain and non-domain) 

for each citation pair, we then aggregate these values for each firm-year combination to 

generate the domain, non-domain, and total impact variables for our analysis (following 

Rosenkopf & Nerkar, 2001). Domain impact for firm i in year t equals the total number 

of forward citations from patents in the same class received by firm i’s total patents in 

year t, divided by the total patent count9 for firm i in year t, or: 

Domain Impact i,t = 
∑   𝐹𝑜𝑟𝑤𝑎𝑟𝑑 𝐶𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝑠 (𝑠𝑎𝑚𝑒 𝑐𝑙𝑎𝑠𝑠)𝑖,𝑡

𝑇𝑜𝑡𝑎𝑙 𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝑖,𝑡 
 

Non-domain impact for firm i in year t equals the number of forward citations from 

patents in different classes received by firm i’s total patents in year t, divided by total 

patent count, or: 

Non-domain Impact i,t = 
∑   𝐹𝑜𝑟𝑤𝑎𝑟𝑑 𝐶𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝑠 (𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑐𝑙𝑎𝑠𝑠𝑒𝑠)𝑖,𝑡

𝑇𝑜𝑡𝑎𝑙 𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝑖,𝑡 
 

 

And finally, Total impact for firm i in year t equals the number of forward citations from 

all patents (in the same class or different classes) received by firm i’s total patents in year 

t, divided by total patent count, or: 

Total Impact i,t = 
∑   𝐹𝑜𝑟𝑤𝑎𝑟𝑑 𝐶𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝑠 (𝑎𝑙𝑙 𝑐𝑙𝑎𝑠𝑠𝑒𝑠)𝑖,𝑡

𝑇𝑜𝑡𝑎𝑙 𝑃𝑎𝑡𝑒𝑛𝑡𝑠 𝑖,𝑡 
 

 

  

                                                 

9 Trajtenberg (1990:173) refers to “the number of patents assigned over a certain period 

of time to firms, industries, countries, etc.” as simple patent counts (or SPC).  
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REGRESSION TABLES FOR DOMAIN, NON-DOMAIN, 

AND TOTAL IMPACT BY INDUSTRY
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Table B1: SIC 28 - Chemicals - Domain Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp 

        
Firm Age -0.009 -0.005 -0.009 -0.004 -0.007 -0.008 -0.007 
 (-0.37) (-0.21) (-0.37) (-0.15) (-0.28) (-0.31) (-0.29) 
Firm Size 0.015 0.010 0.016 0.013 0.012 0.011 0.012 
 (0.97) (0.62) (0.99) (0.84) (0.74) (0.73) (0.79) 
R&D Intensity 0.008* 0.008 0.009* 0.008* 0.008 0.008 0.008 
 (1.69) (1.51) (1.69) (1.72) (1.61) (1.54) (1.57) 
Patenting Activity -0.002 0.055 -0.003 0.009 0.011 0.038 0.038 
 (-0.03) (0.81) (-0.04) (0.15) (0.18) (0.57) (0.56) 
KF Categories 0.223*** 0.285*** 0.227*** 0.245*** 0.208*** 0.264*** 0.281*** 
 (3.05) (3.36) (3.02) (3.30) (2.86) (3.17) (3.20) 
KF Age -0.030** -0.026* -0.031* -0.037** -0.023 -0.025* -0.030** 
 (-2.09) (-1.88) (-1.86) (-2.36) (-1.58) (-1.76) (-2.14) 
Assignees Cited 0.040 0.025 0.039 0.035 0.041 0.029 0.026 
 (1.25) (0.74) (1.20) (1.09) (1.30) (0.89) (0.78) 
Sci Refs -0.003*** -0.003*** -0.003*** -0.003*** -0.003*** -0.003*** -0.003*** 
 (-2.90) (-3.03) (-2.91) (-3.00) (-2.90) (-2.98) (-3.02) 
% KF External  0.339*      
  (1.94)      
% KF Immediate   -0.090     
   (-0.20)     
% KF1 (Internal & Immediate)    -1.042*    
    (-1.66)    
% KF2 (External & Immediate)     0.554   
     (1.17)   
% KF3 (Internal & Delayed)      -0.256  
      (-1.40)  
% KF4 (External & Delayed)       0.278 
       (1.51) 
        
Observations 495 495 495 495 495 495 495 
R-squared 0.219 0.225 0.220 0.225 0.222 0.223 0.223 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 8.927 8.735 8.626 8.941 8.571 8.652 8.698 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B2: SIC 28 - Chemicals - Non-Domain Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed 

KF 

KF1 KF2 KF3 KF4 
VARIABLES Non Imp Non Imp Non Imp Non Imp Non Imp Non Imp Non Imp 

        
Firm Age 0.008 0.019 0.008 0.017 0.015 0.013 0.013 
 (0.28) (0.63) (0.27) (0.56) (0.52) (0.45) (0.45) 
Firm Size 0.004 -0.010 0.002 0.001 -0.007 -0.007 -0.003 
 (0.23) (-0.58) (0.13) (0.05) (-0.40) (-0.39) (-0.15) 
R&D Intensity 0.010 0.009 0.010 0.010 0.008 0.009 0.010 
 (1.55) (1.23) (1.50) (1.59) (1.39) (1.26) (1.36) 
Patenting Activity -0.124* 0.019 -0.119* -0.107 -0.087 -0.007 -0.027 
 (-1.88) (0.28) (-1.89) (-1.52) (-1.42) (-0.12) (-0.39) 
KF Categories 0.235*** 0.394*** 0.217** 0.270*** 0.193** 0.357*** 0.378*** 
 (2.62) (3.68) (2.50) (3.03) (2.29) (3.35) (3.46) 
KF Age -0.028** -0.020 -0.020 -0.040*** -0.008 -0.015 -0.030** 
 (-2.02) (-1.46) (-1.18) (-2.65) (-0.54) (-1.09) (-2.22) 
Assignees Cited 0.019 -0.019 0.022 0.012 0.024 -0.011 -0.013 
 (0.57) (-0.58) (0.64) (0.34) (0.74) (-0.33) (-0.38) 
Sci Refs 0.001 0.001 0.001 0.001 0.001 0.001 0.001 
 (0.87) (0.69) (0.91) (0.86) (1.04) (0.72) (0.66) 
% KF External  0.860***      
  (4.24)      
% KF Immediate   0.382     
   (0.64)     
% KF1 (Internal & Immediate)    -1.607**    
    (-2.07)    
% KF2 (External & Immediate)     1.621**   
     (2.56)   
% KF3 (Internal & Delayed)      -0.749***  
      (-3.56)  
% KF4 (External & Delayed)       0.675*** 
       (3.36) 
        
Observations 495 495 495 495 495 495 495 
R-squared 0.205 0.242 0.207 0.217 0.223 0.231 0.226 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 3.517 3.631 3.385 3.785 3.691 3.446 3.460 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B3: SIC 28 - Chemicals - Total Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed 

KF 

KF1 KF2 KF3 KF4 
VARIABLES Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp 

        
Firm Age -0.002 0.007 -0.002 0.007 0.004 0.003 0.003 
 (-0.07) (0.27) (-0.08) (0.24) (0.15) (0.09) (0.10) 
Firm Size 0.011 -0.002 0.010 0.007 0.001 0.001 0.005 
 (0.66) (-0.13) (0.59) (0.46) (0.09) (0.06) (0.28) 
R&D Intensity 0.010 0.009 0.010 0.010 0.008 0.009 0.010 
 (1.56) (1.26) (1.53) (1.60) (1.41) (1.29) (1.38) 
Patenting Activity -0.081 0.052 -0.078 -0.063 -0.049 0.025 0.011 
 (-1.23) (0.77) (-1.22) (-0.91) (-0.78) (0.37) (0.15) 
KF Categories 0.292*** 0.439*** 0.281*** 0.328*** 0.255*** 0.402*** 0.426*** 
 (3.48) (4.42) (3.41) (3.90) (3.20) (4.07) (4.19) 
KF Age -0.034** -0.026* -0.029* -0.046*** -0.016 -0.022 -0.035*** 
 (-2.44) (-1.92) (-1.70) (-3.01) (-1.12) (-1.59) (-2.62) 
Assignees Cited 0.027 -0.008 0.029 0.020 0.032 0.000 -0.003 
 (0.83) (-0.25) (0.86) (0.59) (0.98) (0.01) (-0.09) 
Sci Refs -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 
 (-0.92) (-1.16) (-0.90) (-0.98) (-0.83) (-1.10) (-1.16) 
% KF External  0.796***      
  (4.22)      
% KF Immediate   0.223     
   (0.39)     
% KF1 (Internal & Immediate)    -1.664**    
    (-2.18)    
% KF2 (External & Immediate)     1.424**   
     (2.41)   
% KF3 (Internal & Delayed)      -0.676***  
      (-3.42)  
% KF4 (External & Delayed)       0.636*** 
       (3.38) 
        
Observations 495 495 495 495 495 495 495 
R-squared 0.229 0.261 0.229 0.242 0.243 0.251 0.248 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 5.550 5.612 5.304 5.843 5.596 5.396 5.474 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B4: SIC 35 - Computer Equipment - Domain Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp 

        
Firm Age -0.148*** -0.147*** -0.148*** -0.150*** -0.147*** -0.147*** -0.148*** 
 (-4.50) (-4.47) (-4.47) (-4.51) (-4.46) (-4.47) (-4.48) 
Firm Size 0.125*** 0.123*** 0.126*** 0.126*** 0.125*** 0.123*** 0.124*** 
 (6.69) (6.36) (6.69) (6.71) (6.57) (6.38) (6.55) 
R&D Intensity 0.014 -0.020 0.015 -0.001 0.011 -0.010 -0.013 
 (0.05) (-0.08) (0.06) (-0.00) (0.04) (-0.04) (-0.05) 
Patenting Activity -0.309*** -0.288*** -0.312*** -0.299*** -0.306*** -0.294*** -0.294*** 
 (-5.30) (-4.42) (-5.26) (-5.03) (-5.05) (-4.58) (-4.71) 
KF Categories 0.012 0.050 0.016 0.038 0.011 0.038 0.049 
 (0.18) (0.69) (0.24) (0.55) (0.16) (0.54) (0.67) 
KF Age -0.045*** -0.043** -0.047** -0.047*** -0.043** -0.044** -0.046*** 
 (-2.68) (-2.53) (-2.43) (-2.76) (-2.25) (-2.54) (-2.76) 
Assignees Cited 0.057 0.048 0.057 0.053 0.056 0.050 0.050 
 (1.62) (1.30) (1.63) (1.48) (1.58) (1.38) (1.37) 
Sci Refs 0.011** 0.011** 0.011** 0.011** 0.011** 0.011** 0.011** 
 (2.42) (2.31) (2.39) (2.38) (2.41) (2.33) (2.28) 
% KF External  0.181      
  (0.91)      
% KF Immediate   -0.111     
   (-0.23)     
% KF1 (Internal & Immediate)    -1.128    
    (-1.07)    
% KF2 (External & Immediate)     0.099   
     (0.19)   
% KF3 (Internal & Delayed)      -0.138  
      (-0.70)  
% KF4 (External & Delayed)       0.167 
       (0.84) 
        
Observations 474 474 474 474 474 474 474 
R-squared 0.675 0.676 0.675 0.676 0.675 0.676 0.676 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 38.337 37.175 36.978 37.113 37.041 37.068 36.998 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B5: SIC 35 - Computer Equipment - Non-Domain Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Non Imp Non Imp Non Imp Non Imp Non Imp Non Imp Non Imp 

        
Firm Age -0.075** -0.075** -0.079** -0.074** -0.078** -0.075** -0.075** 
 (-2.24) (-2.26) (-2.35) (-2.22) (-2.34) (-2.27) (-2.23) 
Firm Size 0.022 0.025 0.027 0.022 0.027 0.025 0.022 
 (1.03) (1.15) (1.25) (1.03) (1.28) (1.15) (1.04) 
R&D Intensity 0.302 0.335 0.308 0.304 0.317 0.332 0.311 
 (0.81) (0.88) (0.82) (0.81) (0.85) (0.87) (0.82) 
Patenting Activity -0.201*** -0.222*** -0.212*** -0.202*** -0.220*** -0.220*** -0.206*** 
 (-2.87) (-3.04) (-3.11) (-2.80) (-3.17) (-3.06) (-2.81) 
KF Categories 0.036 -0.002 0.055 0.032 0.044 0.003 0.024 
 (0.52) (-0.02) (0.78) (0.44) (0.64) (0.04) (0.28) 
KF Age -0.043** -0.045** -0.053*** -0.043** -0.053*** -0.045** -0.042** 
 (-2.31) (-2.39) (-2.63) (-2.29) (-2.69) (-2.40) (-2.30) 
Assignees Cited 0.179*** 0.188*** 0.181*** 0.179*** 0.184*** 0.187*** 0.181*** 
 (4.29) (4.42) (4.37) (4.19) (4.42) (4.46) (4.23) 
Sci Refs 0.007 0.007 0.006 0.007 0.006 0.007 0.007 
 (1.27) (1.34) (1.19) (1.27) (1.20) (1.34) (1.28) 
% KF External  -0.179      
  (-0.92)      
% KF Immediate   -0.533     
   (-1.12)     
% KF1 (Internal & Immediate)    0.164    
    (0.17)    
% KF2 (External & Immediate)     -0.620   
     (-1.23)   
% KF3 (Internal & Delayed)      0.176  
      (0.90)  
% KF4 (External & Delayed)       -0.054 
       (-0.27) 
        
Observations 474 474 474 474 474 474 474 
R-squared 0.379 0.380 0.381 0.379 0.381 0.380 0.379 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 13.456 13.077 12.913 12.920 12.960 13.062 13.113 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B6: SIC 35 - Computer Equipment - Total Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp 

        
Firm Age -0.144*** -0.144*** -0.148*** -0.146*** -0.147*** -0.144*** -0.145*** 
 (-4.82) (-4.80) (-4.88) (-4.81) (-4.86) (-4.81) (-4.80) 
Firm Size 0.094*** 0.094*** 0.099*** 0.095*** 0.098*** 0.094*** 0.093*** 
 (4.99) (4.82) (5.15) (4.99) (5.09) (4.84) (4.89) 
R&D Intensity 0.213 0.206 0.219 0.203 0.223 0.212 0.193 
 (0.56) (0.54) (0.58) (0.54) (0.59) (0.56) (0.51) 
Patenting Activity -0.303*** -0.298*** -0.313*** -0.296*** -0.315*** -0.302*** -0.292*** 
 (-5.04) (-4.65) (-5.27) (-4.82) (-5.19) (-4.76) (-4.65) 
KF Categories 0.038 0.045 0.055 0.055 0.043 0.039 0.065 
 (0.59) (0.62) (0.85) (0.80) (0.67) (0.55) (0.88) 
KF Age -0.045*** -0.045*** -0.055*** -0.046*** -0.052*** -0.045*** -0.046*** 
 (-2.97) (-2.92) (-3.21) (-3.03) (-3.06) (-2.93) (-3.02) 
Assignees Cited 0.112*** 0.110*** 0.114*** 0.109*** 0.115*** 0.112*** 0.107*** 
 (3.25) (3.15) (3.33) (3.11) (3.34) (3.22) (3.06) 
Sci Refs 0.012*** 0.012*** 0.012*** 0.012*** 0.012*** 0.012*** 0.012*** 
 (2.86) (2.82) (2.80) (2.85) (2.82) (2.84) (2.75) 
% KF External  0.036      
  (0.19)      
% KF Immediate   -0.495     
   (-1.09)     
% KF1 (Internal & Immediate)    -0.755    
    (-0.73)    
% KF2 (External & Immediate)     -0.397   
     (-0.81)   
% KF3 (Internal & Delayed)      -0.006  
      (-0.03)  
% KF4 (External & Delayed)       0.122 
       (0.64) 
        
Observations 474 474 474 474 474 474 474 
R-squared 0.650 0.650 0.651 0.650 0.650 0.650 0.650 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 35.868 34.463 34.494 34.555 34.405 34.419 34.585 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B7: SIC 36 - Electronics - Domain Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp 

        
Firm Age -0.104*** -0.086** -0.103*** -0.106*** -0.097*** -0.087** -0.098*** 
 (-3.02) (-2.52) (-3.01) (-3.15) (-2.85) (-2.54) (-2.84) 
Firm Size 0.008 -0.000 0.008 0.000 0.002 0.002 0.010 
 (0.38) (-0.02) (0.35) (0.00) (0.09) (0.12) (0.46) 
R&D Intensity -0.008 -0.007 -0.008 0.004 -0.009 -0.010 -0.006 
 (-0.07) (-0.07) (-0.07) (0.04) (-0.08) (-0.10) (-0.05) 
Patenting Activity 0.019 0.127* 0.020 0.079 0.036 0.100 0.084 
 (0.29) (1.87) (0.29) (1.15) (0.52) (1.49) (1.28) 
KF Categories -0.008 0.173* -0.010 0.066 -0.024 0.135 0.166* 
 (-0.11) (1.92) (-0.14) (0.88) (-0.33) (1.54) (1.79) 
KF Age -0.077*** -0.070*** -0.076*** -0.084*** -0.068*** -0.069*** -0.084*** 
 (-3.48) (-3.24) (-3.01) (-3.68) (-2.93) (-3.16) (-3.52) 
Assignees Cited 0.071* 0.025 0.071* 0.051 0.068* 0.035 0.036 
 (1.79) (0.61) (1.79) (1.27) (1.71) (0.85) (0.90) 
Sci Refs 0.013** 0.011* 0.013** 0.010* 0.013** 0.012** 0.010* 
 (2.19) (1.90) (2.13) (1.72) (2.24) (2.03) (1.78) 
% KF External  0.991***      
  (4.44)      
% KF Immediate   0.048     
   (0.10)     
% KF1 (Internal & Immediate)    -3.569***    
    (-3.38)    
% KF2 (External & Immediate)     0.563   
     (1.19)   
% KF3 (Internal & Delayed)      -0.885***  
      (-3.78)  
% KF4 (External & Delayed)       0.827*** 
       (3.56) 
        
Observations 512 512 512 512 512 512 512 
R-squared 0.414 0.437 0.414 0.428 0.417 0.431 0.429 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 23.254 24.662 22.916 22.617 23.292 24.515 22.884 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B8: SIC 36 - Electronics - Non-Domain Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Non Imp Non Imp Non Imp Non Imp Non Imp Non Imp Non Imp 

        
Firm Age -0.150*** -0.151*** -0.153*** -0.152*** -0.150*** -0.153*** -0.151*** 
 (-3.34) (-3.31) (-3.40) (-3.36) (-3.35) (-3.34) (-3.32) 
Firm Size 0.012 0.012 0.014 0.007 0.011 0.013 0.012 
 (0.51) (0.52) (0.59) (0.31) (0.49) (0.55) (0.50) 
R&D Intensity -0.170 -0.170 -0.169 -0.163* -0.170 -0.170 -0.170 
 (-1.65) (-1.64) (-1.63) (-1.65) (-1.65) (-1.63) (-1.64) 
Patenting Activity -0.056 -0.061 -0.059 -0.023 -0.055 -0.070 -0.060 
 (-0.80) (-0.80) (-0.85) (-0.30) (-0.77) (-0.94) (-0.83) 
KF Categories 0.113 0.105 0.125 0.155* 0.113 0.089 0.102 
 (1.45) (1.11) (1.51) (1.82) (1.42) (0.95) (1.05) 
KF Age -0.065** -0.066** -0.070** -0.069** -0.065** -0.067** -0.065** 
 (-2.40) (-2.38) (-2.10) (-2.50) (-2.06) (-2.38) (-2.36) 
Assignees Cited 0.053 0.055 0.053 0.042 0.053 0.059 0.055 
 (1.18) (1.20) (1.17) (0.90) (1.17) (1.30) (1.20) 
Sci Refs 0.016*** 0.016*** 0.015*** 0.014*** 0.016*** 0.016*** 0.016*** 
 (3.54) (3.55) (3.31) (3.08) (3.49) (3.55) (3.55) 
% KF External  -0.046      
  (-0.17)      
% KF Immediate   -0.231     
   (-0.43)     
% KF1 (Internal & Immediate)    -1.991    
    (-1.51)    
% KF2 (External & Immediate)     0.021   
     (0.04)   
% KF3 (Internal & Delayed)      0.152  
      (0.52)  
% KF4 (External & Delayed)       -0.054 
       (-0.21) 
        
Observations 512 512 512 512 512 512 512 
R-squared 0.396 0.396 0.396 0.399 0.396 0.396 0.396 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 18.264 17.588 18.033 17.452 18.092 17.614 17.538 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B9: SIC 36 - Electronics - Total Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp 

        
Firm Age -0.145*** -0.134*** -0.147*** -0.148*** -0.142*** -0.136*** -0.141*** 
 (-4.19) (-3.88) (-4.27) (-4.29) (-4.11) (-3.90) (-4.08) 
Firm Size 0.011 0.006 0.013 0.003 0.008 0.008 0.012 
 (0.55) (0.28) (0.62) (0.15) (0.38) (0.39) (0.61) 
R&D Intensity -0.102 -0.101 -0.101 -0.089 -0.102 -0.103 -0.100 
 (-0.97) (-1.04) (-0.95) (-0.88) (-0.99) (-1.04) (-0.99) 
Patenting Activity -0.034 0.034 -0.037 0.026 -0.025 0.011 0.009 
 (-0.54) (0.52) (-0.57) (0.38) (-0.38) (0.17) (0.14) 
KF Categories 0.083 0.199** 0.092 0.158** 0.075 0.164** 0.199** 
 (1.27) (2.44) (1.34) (2.23) (1.12) (2.05) (2.35) 
KF Age -0.079*** -0.075*** -0.083*** -0.087*** -0.075*** -0.075*** -0.084*** 
 (-3.27) (-3.15) (-2.80) (-3.47) (-2.77) (-3.11) (-3.25) 
Assignees Cited 0.059 0.030 0.059 0.039 0.058 0.039 0.036 
 (1.49) (0.73) (1.49) (0.97) (1.45) (0.96) (0.90) 
Sci Refs 0.015*** 0.014*** 0.015*** 0.013** 0.016*** 0.015*** 0.014*** 
 (3.19) (2.98) (3.03) (2.57) (3.20) (3.09) (2.90) 
% KF External  0.634***      
  (3.00)      
% KF Immediate   -0.188     
   (-0.38)     
% KF1 (Internal & Immediate)    -3.613***    
    (-3.16)    
% KF2 (External & Immediate)     0.301   
     (0.62)   
% KF3 (Internal & Delayed)      -0.499**  
      (-2.18)  
% KF4 (External & Delayed)       0.550** 
       (2.51) 
        
Observations 512 512 512 512 512 512 512 
R-squared 0.495 0.503 0.495 0.508 0.495 0.499 0.501 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 30.733 31.106 31.117 29.403 31.618 31.160 29.625 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B10: SIC 37 - Transportation - Domain Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp 

        
Firm Age -0.120* -0.114 -0.116 -0.137* -0.110 -0.104 -0.133* 
 (-1.68) (-1.65) (-1.56) (-1.85) (-1.52) (-1.50) (-1.87) 
Firm Size 0.042** 0.021 0.041* 0.046** 0.038* 0.021 0.033 
 (2.01) (0.95) (1.93) (2.17) (1.86) (0.91) (1.50) 
R&D Intensity 2.073 1.960 2.105 1.967 2.154 2.035 1.850 
 (1.22) (1.25) (1.23) (1.16) (1.28) (1.29) (1.12) 
Patenting Activity -0.277*** -0.095 -0.277*** -0.251** -0.270*** -0.130 -0.149 
 (-2.83) (-0.82) (-2.81) (-2.55) (-2.78) (-1.17) (-1.22) 
KF Categories 0.400*** 0.530*** 0.391*** 0.451*** 0.384*** 0.485*** 0.528*** 
 (3.56) (4.32) (3.41) (3.59) (3.49) (4.13) (4.16) 
KF Age -0.043* -0.038* -0.041 -0.042* -0.037 -0.039* -0.049** 
 (-1.91) (-1.73) (-1.63) (-1.92) (-1.47) (-1.74) (-2.08) 
Assignees Cited 0.110** 0.049 0.111** 0.096* 0.111** 0.064 0.061 
 (2.11) (0.92) (2.07) (1.81) (2.14) (1.24) (1.05) 
Sci Refs 0.000 -0.001 0.000 0.000 0.001 -0.000 -0.001 
 (0.04) (-0.07) (0.05) (0.02) (0.05) (-0.04) (-0.07) 
% KF External  1.029***      
  (2.67)      
% KF Immediate   0.132     
   (0.20)     
% KF1 (Internal & Immediate)    -1.536    
    (-1.28)    
% KF2 (External & Immediate)     0.468   
     (0.71)   
% KF3 (Internal & Delayed)      -0.918**  
      (-2.41)  
% KF4 (External & Delayed)       0.789* 
       (1.91) 
        
Observations 146 146 146 146 146 146 146 
R-squared 0.346 0.375 0.346 0.352 0.348 0.368 0.364 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 18.327 14.092 17.579 18.735 13.779 14.137 14.033 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B11: SIC 37 - Transportation - Non-Domain Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Non Imp Non Imp Non Imp Non Imp Non Imp Non Imp Non Imp 

        
Firm Age -0.081 -0.077 -0.047 -0.084 -0.057 -0.069 -0.085 
 (-1.32) (-1.27) (-0.80) (-1.33) (-0.96) (-1.13) (-1.36) 
Firm Size 0.028 0.014 0.017 0.029 0.019 0.012 0.026 
 (1.21) (0.52) (0.69) (1.32) (0.74) (0.46) (1.04) 
R&D Intensity -2.899* -2.978* -2.652 -2.915* -2.705 -2.929* -2.962* 
 (-1.68) (-1.70) (-1.54) (-1.68) (-1.60) (-1.66) (-1.70) 
Patenting Activity -0.131 -0.004 -0.134* -0.127 -0.115 -0.016 -0.095 
 (-1.64) (-0.04) (-1.68) (-1.46) (-1.45) (-0.16) (-0.90) 
KF Categories 0.032 0.122 -0.038 0.040 -0.008 0.099 0.068 
 (0.23) (0.82) (-0.24) (0.30) (-0.05) (0.66) (0.39) 
KF Age -0.095*** -0.091*** -0.082*** -0.095*** -0.080*** -0.092*** -0.096*** 
 (-3.63) (-3.54) (-2.74) (-3.67) (-3.01) (-3.42) (-3.58) 
Assignees Cited 0.067 0.025 0.079 0.065 0.071 0.031 0.053 
 (1.03) (0.41) (1.23) (1.03) (1.09) (0.50) (0.79) 
Sci Refs 0.018 0.017 0.018 0.018 0.018 0.017 0.017 
 (1.61) (1.51) (1.64) (1.62) (1.64) (1.51) (1.56) 
% KF External  0.715      
  (1.53)      
% KF Immediate   1.019     
   (1.57)     
% KF1 (Internal & Immediate)    -0.227    
    (-0.11)    
% KF2 (External & Immediate)     1.122   
     (1.60)   
% KF3 (Internal & Delayed)      -0.718  
      (-1.50)  
% KF4 (External & Delayed)       0.221 
       (0.44) 
        
Observations 146 146 146 146 146 146 146 
R-squared 0.297 0.313 0.312 0.297 0.314 0.313 0.299 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 4.128 3.434 4.122 3.983 3.947 3.469 3.854 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B12: SIC 37 - Transportation - Total Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp 

        
Firm Age -0.114* -0.107* -0.093 -0.126* -0.094 -0.095 -0.126* 
 (-1.75) (-1.72) (-1.45) (-1.91) (-1.49) (-1.53) (-1.91) 
Firm Size 0.041* 0.017 0.034 0.044** 0.033 0.016 0.032 
 (1.85) (0.76) (1.56) (2.04) (1.51) (0.68) (1.41) 
R&D Intensity -0.229 -0.357 -0.073 -0.305 -0.071 -0.274 -0.436 
 (-0.14) (-0.23) (-0.04) (-0.18) (-0.04) (-0.17) (-0.27) 
Patenting Activity -0.263*** -0.058 -0.265*** -0.244*** -0.250*** -0.088 -0.144 
 (-3.12) (-0.59) (-3.07) (-2.87) (-3.02) (-0.92) (-1.32) 
KF Categories 0.263** 0.409*** 0.219* 0.299** 0.230* 0.364*** 0.381*** 
 (2.18) (3.42) (1.81) (2.45) (1.85) (3.03) (3.19) 
KF Age -0.084*** -0.078*** -0.076*** -0.083*** -0.072*** -0.079*** -0.090*** 
 (-3.44) (-3.30) (-2.73) (-3.55) (-2.80) (-3.18) (-3.55) 
Assignees Cited 0.109* 0.041 0.117** 0.099* 0.112* 0.054 0.064 
 (1.91) (0.80) (2.02) (1.80) (1.98) (1.05) (1.09) 
Sci Refs 0.010 0.009 0.010 0.010 0.010 0.009 0.009 
 (0.99) (0.83) (0.98) (0.99) (0.98) (0.84) (0.89) 
% KF External  1.159***      
  (3.45)      
% KF Immediate   0.643     
   (1.10)     
% KF1 (Internal & Immediate)    -1.097    
    (-0.71)    
% KF2 (External & Immediate)     0.911   
     (1.47)   
% KF3 (Internal & Delayed)      -1.094***  
      (-3.13)  
% KF4 (External & Delayed)       0.731* 
       (1.90) 
        
Observations 146 146 146 146 146 146 146 
R-squared 0.331 0.373 0.337 0.334 0.342 0.368 0.349 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 5.555 5.105 4.988 5.418 4.854 5.305 5.655 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B13: SIC 38 - Instruments - Domain Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp Dom Imp 

        
Firm Age 0.087 0.081 0.085 0.087 0.084 0.081 0.084 
 (1.45) (1.36) (1.44) (1.46) (1.42) (1.36) (1.40) 
Firm Size -0.138*** -0.138*** -0.137*** -0.140*** -0.139*** -0.137*** -0.137*** 
 (-2.71) (-2.69) (-2.72) (-2.76) (-2.73) (-2.68) (-2.68) 
R&D Intensity 0.006 0.006 0.006 0.006 0.006 0.006 0.006 
 (0.62) (0.60) (0.61) (0.60) (0.57) (0.61) (0.62) 
Patenting Activity -0.014 0.023 -0.016 -0.001 -0.005 0.015 0.006 
 (-0.12) (0.19) (-0.14) (-0.01) (-0.04) (0.11) (0.05) 
KF Categories 0.270*** 0.296*** 0.263*** 0.279*** 0.262*** 0.289** 0.287** 
 (2.79) (2.61) (2.63) (2.74) (2.75) (2.58) (2.42) 
KF Age -0.099*** -0.099*** -0.095*** -0.101*** -0.092*** -0.098*** -0.100*** 
 (-4.43) (-4.41) (-3.19) (-4.13) (-3.54) (-4.35) (-4.15) 
Assignees Cited 0.090 0.076 0.093 0.085 0.091 0.079 0.081 
 (1.41) (1.19) (1.39) (1.28) (1.42) (1.26) (1.22) 
Sci Refs -0.005 -0.005 -0.005 -0.005 -0.005 -0.005 -0.005 
 (-1.04) (-1.05) (-1.03) (-1.06) (-1.03) (-1.04) (-1.05) 
% KF External  0.185      
  (0.50)      
% KF Immediate   0.178     
   (0.25)     
% KF1 (Internal & Immediate)    -0.384    
    (-0.38)    
% KF2 (External & Immediate)     0.446   
     (0.61)   
% KF3 (Internal & Delayed)      -0.167  
      (-0.37)  
% KF4 (External & Delayed)       0.109 
       (0.26) 
        
Observations 322 322 322 322 322 322 322 
R-squared 0.377 0.378 0.378 0.378 0.378 0.378 0.378 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 39.540 41.209 37.945 45.077 45.570 36.824 37.192 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B14: SIC 38 - Instruments - Non-Domain Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Non Imp Non Imp Non Imp Non Imp Non Imp Non Imp Non Imp 

        
Firm Age -0.084** -0.090** -0.073* -0.081** -0.079* -0.084** -0.096** 
 (-2.05) (-2.15) (-1.88) (-2.03) (-1.96) (-2.04) (-2.28) 
Firm Size -0.044 -0.045 -0.048* -0.054* -0.041 -0.045 -0.043 
 (-1.52) (-1.52) (-1.66) (-1.81) (-1.41) (-1.54) (-1.48) 
R&D Intensity -0.004 -0.004 -0.003 -0.005 -0.003 -0.004 -0.004 
 (-0.49) (-0.49) (-0.50) (-0.62) (-0.42) (-0.49) (-0.47) 
Patenting Activity -0.152* -0.113 -0.133 -0.097 -0.170* -0.155 -0.063 
 (-1.66) (-1.03) (-1.49) (-0.98) (-1.88) (-1.50) (-0.58) 
KF Categories 0.028 0.054 0.089 0.066 0.045 0.025 0.104 
 (0.33) (0.61) (1.03) (0.77) (0.53) (0.29) (1.11) 
KF Age -0.064*** -0.064*** -0.098*** -0.075*** -0.079*** -0.064*** -0.072*** 
 (-2.84) (-2.84) (-3.90) (-3.26) (-3.20) (-2.84) (-3.14) 
Assignees Cited 0.164*** 0.149*** 0.139** 0.141** 0.161*** 0.165*** 0.125** 
 (2.88) (2.62) (2.49) (2.43) (2.86) (3.01) (2.16) 
Sci Refs -0.002 -0.002 -0.002 -0.002 -0.002 -0.002 -0.002 
 (-0.76) (-0.79) (-1.10) (-0.98) (-0.85) (-0.75) (-0.90) 
% KF External  0.195      
  (0.67)      
% KF Immediate   -1.503***     
   (-2.82)     
% KF1 (Internal & Immediate)    -1.738***    
    (-2.71)    
% KF2 (External & Immediate)     -0.957   
     (-1.48)   
% KF3 (Internal & Delayed)      0.018  
      (0.06)  
% KF4 (External & Delayed)       0.489 
       (1.64) 
        
Observations 322 322 322 322 322 322 322 
R-squared 0.310 0.311 0.330 0.322 0.316 0.310 0.316 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 5.619 5.397 6.109 5.907 5.723 5.405 5.508 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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Table B15: SIC 38 - Instruments - Total Impact 

 (1) (2) (3) (4) (5) (6) (7) 
 Controls Ext KF Immed KF KF1 KF2 KF3 KF4 
VARIABLES Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp Tot Imp 

        
Firm Age 0.005 0.002 0.009 0.006 0.006 0.006 0.001 
 (0.10) (0.05) (0.19) (0.13) (0.12) (0.13) (0.01) 
Firm Size -0.115*** -0.115*** -0.117*** -0.120*** -0.114*** -0.115*** -0.115*** 
 (-2.77) (-2.75) (-2.76) (-2.86) (-2.73) (-2.77) (-2.73) 
R&D Intensity 0.001 0.001 0.002 0.001 0.002 0.001 0.001 
 (0.14) (0.14) (0.16) (0.09) (0.16) (0.14) (0.15) 
Patenting Activity -0.082 -0.066 -0.074 -0.051 -0.087 -0.090 -0.052 
 (-0.84) (-0.59) (-0.77) (-0.51) (-0.88) (-0.82) (-0.48) 
KF Categories 0.208** 0.218** 0.234*** 0.229*** 0.213*** 0.202** 0.234** 
 (2.57) (2.38) (2.84) (2.75) (2.62) (2.23) (2.46) 
KF Age -0.095*** -0.095*** -0.109*** -0.101*** -0.099*** -0.095*** -0.097*** 
 (-4.46) (-4.45) (-4.18) (-4.51) (-4.01) (-4.47) (-4.32) 
Assignees Cited 0.123** 0.117** 0.113* 0.110* 0.122** 0.126** 0.110* 
 (2.16) (2.04) (1.96) (1.90) (2.14) (2.24) (1.87) 
Sci Refs -0.004 -0.004 -0.004 -0.004 -0.004 -0.004 -0.004 
 (-1.24) (-1.24) (-1.31) (-1.30) (-1.25) (-1.24) (-1.26) 
% KF External  0.077      
  (0.24)      
% KF Immediate   -0.633     
   (-1.04)     
% KF1 (Internal & Immediate)    -0.970    
    (-1.10)    
% KF2 (External & Immediate)     -0.270   
     (-0.39)   
% KF3 (Internal & Delayed)      0.048  
      (0.13)  
% KF4 (External & Delayed)       0.165 
       (0.48) 
        
Observations 322 322 322 322 322 322 322 
R-squared 0.427 0.427 0.430 0.430 0.428 0.427 0.428 
Year dummies Included Included Included Included Included Included Included 
3-digit SIC dummies Included Included Included Included Included Included Included 
F 11.510 11.086 11.382 11.560 11.021 11.171 11.028 
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
 


