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ABSTRACT OF THE DISSERTATION 
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Professor David L. Rigby, Chair 

Knowledge creation has become a key dimension of competition in the modern global economy. 

For organizations, the production of new knowledge is now considered to be a multidimensional 

process. Internally, it generally results from research and development or as a product of 

experience and learning through experimentation and repetition. The process does, however, 

transcend organizational boundaries as knowledge flows between firms through various forms of 

interactions with other organizations, including suppliers, buyers, competitors, collaborators, 

universities and other research institutions.  As a result, knowledge creation lies at the intersection 

of internal processes and external interactions, and therefore in the ability for firms for effectively 

combining these different sources. Increasingly, the internal-external interface is multiplied as a 
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growing number of organizations site establishments in different locations in order to access local 

knowledge pools that would otherwise be hardly accessible remotely. The resulting geography of 

knowledge sourcing in multi-locational firms remains, however, a relatively underdeveloped area 

of research. The broad questions I therefore address in this study are: 1) Where do the capabilities 

involved in technological production and diversification in multi-locational firms come from?: 2) 

Do multi-locational firms produce different technologies across their different locations? 3) Does 

multi-locational knowledge sourcing impact the value of innovative outputs? 

I explore these questions by matching ownership and geographical data to patent records from the 

United States and Europe. Chapter 1 explores the influence of different sources of capabilities on 

technological diversification in the U.S., and chapter 3 addresses this topic covering Europe. 

Chapter 2 examines whether multi-locational firms produce distinct technologies across their 

different locations, and whether geographically distributed innovative activities impact the value 

of the knowledge produced. Chapter 4 concludes with an extension of this last study to the case of 

Europe.   
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Introduction 
 

The production of knowledge has become a key dimension of competition in the modern global 

economy and is now widely recognized as a multidimensional process. Within the organization, 

new capabilities are developed through various means, including dedicated research and 

development (Pavitt, 1991) or as a product of experience and learning by doing (Arrow, 1974). 

The process tends, however, to transcend organizational boundaries and involve a set of 

interactions with external actors. Firms learn from others through market and non-market 

relationships with different types of organizations, such as suppliers, buyers, competitors, 

collaborators or research institutions (Lundvall and Johnson, 1994; Chesbrough, 2003). At the 

center of this internal-external interface lies the absorptive capacities of the firm, meaning the 

ability to effectively identify new external knowledge and assimilate it in a way that will contribute 

to the innovative process (Cohen and Levinthal, 1990). As a result of internal processes and 

external knowledge sourcing, the firms accumulate knowledge that becomes embedded in its 

routines, workers, technologies and interrelationships, which give rise to the organization’s unique 

character.  

The distinctiveness of the firm is also shaped by the location in which it operates. While the 

specificity of the knowledge accumulated within the organization limits the scope of subsequent 

rounds of knowledge development, external knowledge activity will also be limited in terms of 

geographical scope.  The nature of the knowledge the firm will access is conditioned by the local 

mix of capabilities residing in other actors. Indeed, inter-organizational flows of certain forms of 

knowledge are more likely to be localized due to the costs of searching for new knowledge and 

the difficulty of exchanging more tacit forms of knowledge remotely (Gertler, 2003; Storper and 
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Venables, 2004). The co-location of interacting firms and the knowledge externalities emerging 

from agglomerations lead technological know-how to circulate within and across the borders of 

the firm, implying that certain capabilities will become tied to a specific location (Freeman, 1994; 

Morgan, 1997). The localized nature of these processes in turn forge inter-regional heterogeneity 

in terms of knowledge production, specialization (Rigby and Essletzbichler, 1997; Kogler et al., 

2017), and complexity (Balland and Rigby, 2017; Balland et al., 2020).  

Thus, the external knowledge firms can have access to will be in part circumscribed by the nature 

of the knowledge circulating within their host location. In response to a large emphasis on the 

localized nature of externalities, a large area of research within economic geography has sought to 

interrogate the primacy of the local in knowledge sourcing patterns. For instance, Bathelt et al. 

(2004) argued that firms and regions can access other sources of knowledge through the 

establishment of pipelines, or network ties with nonlocal actors that allow for inter-regional 

knowledge flows (Owen-Smith and Powell, 2004). The extent to which these pipelines do benefit 

firms and regions has yet to be fully understood, as some have pointed out that the effects may 

vary depending on the structure of the clusters from which firms establish pipelines (Morrison et 

al., 2013) and that the costs may in some instances offset the benefits (Esposito and Rigby, 2019). 

Others have similarly pointed out that firms in a region can get access to nonlocal knowledge by 

interacting with distant economic partners, such as suppliers, buyers, and competitors (Todtling et 

al., 2006; Trippl et al., 2009), or from the hiring of foreign workers and co-invention with nonlocal 

firms (Gertler and Levitte, 2005). There are multiple similar studies covering a diverse range of 

industries and geographical locations. Most of this literature tends, however, to be restricted to 

specific case studies while large-scale empirical analyses on the matter tend to be scarce.  
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Multi-locational firms may have a distinct advantage in this knowledge environment. They 

presumably have the opportunity and ability to site establishments in different places in order to 

gain a more direct access to various localized knowledge pools simultaneously (Dunning, 2013; 

Cantwell, 2017). The geography of knowledge sourcing by multi-locational firms and its resulting 

impact on the firm has been a relatively under-researched topic. Within economic geography, 

Bathelt and Li (2014, 2018, 2020) recently explored how multi-locational firms can be conceived 

as a permanent form of pipeline connecting different regions through their own internal network. 

Other recent empirical studies have echoed these ideas and discovered that nonlocal firms were 

key in developing new regional capabilities in Europe (Lo Turco and Maggioni, 2016, 2019; 

Neffke et al., 2018; Elekes et al., 2019). Although these studies highlight the critical role of multi-

locational firms, little is said about how these firms actually manage to introduce these new 

capabilities: are they imported through intra-corporate channels, or do the plants of multi-

locational firms possess other distinct advantages? In the management literature, the processes of 

knowledge sourcing and innovation in multi-locational firms have been more directly addressed 

(e.g. Almeida and Phene, 2004, 2008; Berry, 2014, 2015; Branstetter et al., 2018), but this literature 

has yet to empirically explore the level of differentiation in knowledge production across the firm’s 

different establishments and how geography contributes to shaping the structure of spatially 

distributed activities. Moreover, the subnational scale of analysis tends to be overlooked in this 

literature, despite evidence from geography that regions within national economies do develop 

distinct specializations multi-locational firms could tap into or contribute to.  

My dissertation engages with these issues by empirically investigating the knowledge sourcing 

and knowledge production activities of multi-locational firms in the United States and Europe. I 

ask three broad questions across the four chapters. The general question covered by chapters 1 and 
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3 is: 1) Where do the capabilities involved in technological production and diversification in multi-

locational firms come from? Chapters 2 and 4 examine the following questions: 2) Do multi-

locational firms produce different technologies across their different locations? 3) Does multi-

locational knowledge sourcing impact the value of innovative outputs?  

The main data source that I use is the patent records from the USPTO and EPO. Patent data are 

used to capture technological production within the firms. Of course, not all innovations are 

patented as firms can use various tools to protect their proprietary knowledge. Nevertheless, patent 

protection is widely used by a variety of organizations, ranging from private and public firms to 

research organizations and governmental agencies. In 2020 alone, over 300,000 patents were 

granted by the USPTO to assignees from across the globe. Patent records are widely used by 

researchers because of their broad sectoral and geographical coverage, and the detailed information 

they provide on the nature of the innovation, the applying organization, the inventors, and their 

location.  

Most researchers interested in the geography of innovation use the location of the inventors to 

distribute patents across locations rather than the address of the assignee organization, as the latter 

sometimes refer to the headquarters or the intellectual property department rather than the location 

of the invention per se. One issue when looking at the geography of innovation of firms is to link 

inventors back to the assignee organization. In the USPTO or EPO, there is no information that 

allows for a direct linkage between the inventor and the assignee. This can prove to be problematic 

when inventors and assignee organizations do not share the same address, which could imply that 

inventors either commute, have secondary residences, work as contractors, or work at a branch or 

subsidiary of the firm, for example. I therefore develop a methodology that allows to link the 

location of the inventor with the establishments of multi-locational firms. I gather ownership and 
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geographical information from the Bureau Van Dijk’s Orbis database, which contains information 

on a vast number of private and public firms operating around the world. For the US, my focus is 

on the directly owned branches of firms operating in more than one location within the country, 

whereas the coverage for Europe extends to majority-owned subsidiaries. The data collected 

contains geographical information on all establishments belonging to parent organizations.  

Using data cleaning techniques and fuzzy matching algorithms, I link patent records to Orbis data 

by organization names. Subsequently, a patent was assigned to a specific establishment of an 

assignee organization if the location of the inventor form the patent record coincides with one of 

the locations of the organization obtained from Orbis. Conversely, when a patent is assigned to 

firm X and the inventor is located in region A, if region A contains no establishment associated 

with firm X, then the patent record is dropped from the analytical sample. The matching was done 

at the metropolitan statistical area level in the US and the NUTS2 level in Europe. The final US 

sample comprises 1,020 unique firms, 4,528 total establishments, and 326,324 patents. This 

sample captures approximately 5 percent of all assignees and about 20-25% of all US patents for 

the period 2001-2015. The European sample covers 874 unique firms, 4240 establishments and 

124,660 patents. This sample accounts for about 30% of all patents granted in Europe in each time 

period. The two samples are restricted to firms with a minimum of two establishments that have 

patented in at least two consecutive 3-year time periods.  

Using this dataset, the first chapter explores the sources of capabilities that influence technological 

diversification within multi-locational firms. I distinguish between three distinct sources: the 

capabilities accumulated within a specific plant, the capabilities residing in other establishments 

of the firm, and the place-based capabilities of the plant’s host location. The general results show 

that firm level capabilities are more important than local capabilities for technological 
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diversification, although the importance of these sources vary depending on the role of the 

establishment within the corporate network, the location of the establishment, and whether the 

technology introduced is new to the firm or simply new to the plant. Chapter 3 extends this study 

to the European case. Using European data allows to further distinguish firm-level capabilities that 

are residing within other establishments within the same country from establishments located in 

other national economies. As opposed to the US results, place-based capabilities have the largest 

impact in terms of influencing technological diversification in multi-locational firms. This would 

imply that firms in Europe tend to be more focused on sourcing knowledge from other local actors 

than are American firms. Turning to within-firm capability sourcing, the effect of within-country 

capability sourcing is about twice as large as the effect of out-of-country capabilities. Although 

the European Union is technically integrated economically, at least to a certain extent, borders 

seem to remain important in mediating knowledge flows. Furthermore, engaging with the recent 

literature on the agents of structural change in regions, I examine the sources of capabilities 

involved in the development of technologies that are new to a region. The results show that it is 

the accumulated capabilities of the plant of the multi-locational firm itself that has the largest 

impact, showing that these plants might possess unique capabilities that lead them to develop 

technologies that have not been produced by local competitors. Firm-level capabilities also play a 

significant role, and the model once again shows that capabilities residing in other establishments 

within the same economy have a stronger impact. Overall, these two chapters show that multi-

locational firms take advantage of their organizational structure and source capabilities in their 

host location while transferring capabilities across regions, but within corporate channels. From a 

regional perspective, this implies that multi-locational firms may indeed be important sources of 

new capabilities.   
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The second chapter investigates whether there are statistically significant differences in 

technological production across establishments within the multi-locational firm and further 

examines whether geographically distributed innovative activities are associated with the 

production of knowledge that is more valuable. In a first stage, I estimate a permutational analysis 

of variance that essentially compares the real differences in patent portfolio between the 

establishments of a firm with randomly generated distributions. To generate these fictive 

distributions, the model randomly reassigns patent observations across establishments; if we 

consistently observe a greater difference across establishments in the real data than in the simulated 

data, the model indicates that the difference is not obtained by chance and thus is statistically 

significant. Running the model for each individual firm, I find that slightly more than 50 percent 

of firms exhibit statistically significant differences across their establishments in the US, whereas 

the percentage reaches about 65 percent for multi-locational firms in Europe, as shown in chapter 

4. That the percentage is more important in Europe is, however, misleading. There are many more 

firms with a smaller number of establishments (2) in the US case than in Europe; this size category 

presents the smallest percentage of significant results. When comparing other size groups (3:5, 

6:10, 11:20, and > 20 establishments), a higher proportion of US firms present significant 

differences across locations than in Europe. More research is needed to understand why US firms 

tend to be more diversified. Part of the answer might lie in the higher degree of inter-regional 

heterogeneity in specialization in the US as opposed to Europe (Crescenzi et al., 2007), which 

would be reflected by firms being more diversified in their knowledge production across US cities.  

I subsequently investigate whether greater levels of geographically distributed innovative activities 

are associated with the production of patents that are of higher value. The theoretical literature in 

international business suggests that by tapping into different localized knowledge pools, firms 
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should be able to expand knowledge recombination possibilities and thus generate knowledge that 

is of greater value (Mudambi, 2002; Dunning, 2013; Cantwell, 2017). However, the empirical 

results in that matter have so far remained inconclusive. For instance, Singh (2008) found that 

more geographical dispersion was in fact associated with the production of patents of lower 

quality, on average. Scalera et al. (2018) observe an inverted U-shaped relationship between multi-

domestic knowledge sourcing in US firms and the average technological scope of their patents. 

However, these studies might have remained inconclusive because of two main issues. First, these 

studies use the location of inventors to account for the geographical dispersion of the firm, which 

is likely to add noise when trying to capture multi-locational knowledge sourcing. Secondly, 

multiple variables have been used to proxy for the quality or the value of knowledge, including 

forward citations and technological scope. I argue that these measures might not capture 

knowledge that is of strategic value for the firm. Instead, I use an alternative indicator of the 

complexity of the patents produced, which rests on dimensions of rarity and non-replicability 

(Hidalgo and Hausmann, 2009; Balland and Rigby, 2017), and may therefore be of greater value 

to the firm as it seeks to produce proprietary knowledge that will be harder to imitate by 

competitors (Alcacer and Zhao, 2012). Using the number of innovative establishments as an 

indicator of geographical dispersion, I find a positive impact on the complexity of patents in both 

the US and Europe. My results additionally show that having a foreign inventor in the team and 

collaboration between establishments were conducive to produce more valuable patents, although 

in the European case, collaboration is only beneficial when establishments share a certain degree 

of technological proximity.  

Overall, the four chapters reveal that multi-locational firms do benefit from sourcing and 

producing distinct technologies across their various locations. These firms use their organizational 



  9 
 

structure to source knowledge that might otherwise be difficult to access and adopt internal 

mechanisms that allow this knowledge to travel within the corporate network, enhancing the value 

of technologies they produce as a result. Investigating this issue at the subnational level 

additionally shows that firms do not only organize their activities at the global scale, but also 

strategically take advantage of inter-regional heterogeneity in knowledge production. From a 

policy perspective, my results echo the arguments developed within the nascent literature on the 

agents of structural change that nonlocal agents, and especially multi-locational firms, might be 

key for promoting technological diversification and technological upgrading in European and US 

regions. Indeed, there are certainly pitfalls associated with promoting such strategy, but it is a 

dimension of regional development that should not be overlooked.  
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Chapter 1. Where Do Capabilities Reside? Analysis of Technological 

Diversification in Multi-locational Firms.  
 

Abstract 
Where do firms source the capabilities that influence technological diversification and 

competition? For adherents of the resource-based view of the firm, capabilities are located within 

the firm and remain closely guarded. For many economic geographers, capabilities are seen to be 

place-based, flowing across firm boundaries to be shared by local economic agents. For still others, 

the capabilities that count emerge from nonlocal collaborations between agents that tap into 

distinct pools of resources and knowledge. There are relatively few empirical tests of these ideas. 

The value added of this paper lies in a new firm-patent dataset that allows us to separate the sources 

of capabilities that influence technological diversification in the establishments of multi-locational 

firms. Knowledge capabilities that are located within the establishment are separated from those 

of the parent firm and from those of the city where the establishment is located. The contributions 

of these different sets of capabilities on plant-level diversification are examined. The main results 

show that capabilities residing in the other establishments of the multi-locational firm are more 

important than place-based capabilities, that headquarters and branches of firms source knowledge 

differently, and that local capability sourcing is greater in more innovative cities. 

Introduction  

At least since the pioneering work of Penrose (1959), and the emergence of the resource-based 

perspective, economic performance has been linked to the capabilities that firms develop 

(Wernerfelt, 1984; Prahalad and Hamel, 1990; Barney, 1991). Kogut and Zander (1992) and Grant 

(1996) develop these arguments in the realm of technology, viewing the firm as an organization 

that manages the creation and safeguarding of technological knowledge. But from where do 
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technological capabilities originate? For many they develop within the firm as the result of 

dedicated research and development (Pavitt, 1991), or as the product of experience, emerging as 

the gains from learning by doing (Arrow, 1974). For others, they emerge from market-based 

interactions and learning from others (Von Hippel, 1988; Chesbrough, 2003). For Cohen and 

Levinthal (1990), the technological capabilities of the firm accumulate at the intersection of sets 

of internal and external knowledge bases. 

Insofar as capabilities are constructed within and between firms and other agents, they tend to be 

geographically specific as most interactions between economic agents are local (Storper and 

Venables, 2004). The tacit nature of valuable knowledge also tends to lock it in place (Maskell 

and Malmberg, 1999; Gertler, 2003; Balland and Rigby, 2017), reinforcing localized forms of 

shared learning and supporting institutions (Lundvall, 1994). From the dense industrial clusters of 

interacting firms and from the knowledge spillovers of the agglomeration has come the idea that 

technological know-how circulates within and across the borders of local firms giving rise to the 

notion of place-based capabilities (Morgan, 1997; Freeman, 1994). A robust empirical literature 

has developed within evolutionary economic geography examining how regions diversify their 

capabilities over time (Frenken and Boschma, 2007; Boschma, 2017). Following Hidalgo et al. 

(2007), this work consistently finds that regions do not diversify along random pathways, but 

rather accumulate capabilities that are related to their existing asset base (Neffke et al., 2011; 

Boschma et al., 2012; Boschma et al., 2015; Rigby, 2015). The geographical focus of this work 

reinforces the idea that capabilities are territorially embedded and shared by the economic agents 

that comprise the regional economy.  

Only recently, a few scholars have shifted to analyzing firm-level data to identify the agents of 

change driving regional diversification across European economies (e.g. Neffke et al. 2018; Lo 
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Turco and Maggioni, 2016, 2019; Elekes et al. 2019). These studies report that nonlocal firms play 

key roles in shifting the industrial base of the regions examined. Thus, capabilities are seen as 

emerging within the firm and are transferred over space through intra-corporate channels. Still, the 

location of new capabilities remains hidden in this work. 

In a closely related literature, Dunning (2013) and Cantwell (1989, 2017) discuss how 

multinational corporations seek technologically active locations and partners therein to broaden 

the possibilities of knowledge recombination. More generally, multi-locational firms utilize their 

network of establishments as gateways to access knowledge assets found only in specific places 

(Mudambi, 2002). Though the existing empirical literature remains limited, it does suggest that 

firms “mine” space by expanding their knowledge sourcing activities in various ways. The 

emerging literature on economic networks and pipelines argues that ephemeral or more permanent 

partnerships between economic agents in different locations can serve as critical conduits to help 

build competitive advantage (Bathelt et al., 2004; Fitjar and Rodriguez-Pose, 2013; Bathelt and 

Li, 2014).  

The aim of this paper is to contribute to these debates by adding empirical information about the 

sources of technological capabilities developed by the establishments of multi-locational firms 

operating in the US. We trace the extension of knowledge capabilities within these establishments 

by looking at the history of changes in the patent technology fields in which they are active over 

the period 2001 to 2015. The analysis reports how technological diversification at the 

establishment level is influenced by the establishment’s prior knowledge assets, by the knowledge 

assets of the firm of which the establishment is a part, and by local non-firm capabilities. Our 

results show that diversification in the business units of multi-locational firms is influenced by 

knowledge that originates from all three of the sources just noted. Overall, the variance in 
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technological diversification is mostly explained by the existing knowledge base of the plants 

themselves, while the firm’s knowledge assets have an impact about 75% larger than local 

capabilities. The sources of knowledge capabilities that shape diversification at the plant-level vary 

with the type of plant examined. Although headquarters (HQ) establishments are more likely to 

diversify into new technological fields, their diversification trajectory is less constrained by pre-

existing capabilities than non-HQ branches of the firm. A simple Sun Belt-Snow Belt division of 

US cities reveals that branches located in the Sun Belt draw on place-based capabilities more than 

those in the Snow Belt. Finally, our results show that firm-based capabilities are more important 

in cases where establishments diversify into technological fields the rest of the firm is already 

specialized in.  

The paper is divided into three following sections. Section 2 briefly reviews the existing literature 

on regional diversification. In Section 3, discussion focuses on the data and analysis of 

technological diversification across US cities, revisiting standard models and extending those to 

explore the sources of diversification across the branches of multi-locational firms. Section 4 

concludes, summarizing the findings and pointing toward future research on knowledge sourcing. 

2. Literature Review 

2.1 Internal Capabilities 

Firms a priori compete in a variety of ways in the modern global economy. The resource-based 

theory of the firm considers the tangible and intangible resources within the firm as the main 

sources of differentiation in the market. These resources take the forms of assets, processes, 

routines, and knowledge the firm develops and coordinates to gain a competitive advantage 

(Wernerfelt, 1984; Teece et al. 1994). A key condition for firm-specific resources to generate 
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competitive advantage is their non-replicability: resources must be valuable, rare, and imperfectly 

imitable (Barney, 1991). A more knowledge-centric view of the firm emphasizes the singularity 

of the knowledge developed and accumulated in organizations, knowledge that underlies other 

activities in the firm (Grant, 1996). Following this perspective, the main purpose of a firm is to 

organize and support knowledge production and its internal diffusion to further unearth profitable 

applications (Nonaka, 1991). However, the firm’s proprietary resources and knowledge alone 

cannot guarantee success in the market. It is the combination of internal strengths, the external 

environment, and market opportunities that effectively give rise to competitive advantage (Barney 

and Zajac, 1994). Because these elements interact in complex ways, firms need to constantly adapt 

and adopt appropriate strategic responses to sustain their competitiveness (March, 1991; Teece et 

al. 1997). A key element in this dynamic process is the ability of organizations to learn, understood 

as developing the capacity to identify new capabilities, processes and technologies through 

repetition and experimentation as a response to shifts in the external environment (Teece and 

Pisano, 1994). 

The knowledge of the firm is not static and is influenced by both firm-specific and external factors. 

Despite the multiplicity of elements that can affect its development, it is often argued to follow a 

path-dependent evolution. Exploring new technological possibilities can be a costly and risky 

venture (March, 1991), and the cumulative nature of learning implies that firms will diversify into 

closely related fields (Montgomery and Hariharan, 1991; Kogut and Zander, 1992). Multiple 

empirical studies corroborate these claims. Teece and colleagues (1994) and Patell and Pavitt 

(1997) show that corporations tend to diversify into related sectors of activity because they are 

restrained by their existing competences. In the same vein, Breschi and colleagues (2003) found 

that the firm’s knowledge base, the characteristics of the targeted technology, and the proximity 
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between the two positively impacted entry into new technological fields. Dosi and colleagues 

(2017) report similar findings: firms diversify their technology into closely related fields, while in 

turn, the product portfolio is more diverse. Leten and colleagues (2007) found that firms following 

a coherent diversification strategy also tended to perform better on the market, although Kim et al. 

(2016) suggest that this relationship is not linear.  

While these studies stress that diversification tends to operate in a path-dependent fashion, the 

possibility of venturing into new domains cannot be ruled out. Management scholars often 

distinguish between exploitation activities, referring to the production and refinement of existing 

products and technologies, and exploration, which refers to the invention of new technologies 

(Winter 1971; Levinthal and March 1981; March 1991). The ability to pursue these objectives 

simultaneously has been conceptualized as organizational ambidexterity (Tushman and O’Reilley, 

1996). Indeed, exploration activities, or more radical forms of innovation, are riskier and more 

expensive, but can nonetheless be facilitated by investment in fundamental research, the 

development of absorptive capacities and a diversified knowledge base (Cohen and Levinthal, 

1990; Teece et al. 1994; Quintana-Garcia and Benavides-Velasco, 2008). These risks can also be 

rewarding, as firms that successfully adopt an ambidextrous strategy enjoy superior market 

performance  (Gibson and Birkinshaw 2004; Junni et al. 2013). 

Ambidextrous strategies are additionally tightly intertwined with the organizational structure of 

the firm. For instance, different subunits can be granted different responsibilities and thus have the 

explicit mandate of specializing in either exploitation or exploration activity (Raisch et al. 2009). 

Nohria and Ghoshal (1997) argued that in the case of multi-locational firms, the specific 

responsibilities attributed to subunits will bear an important spatial dimension: their mandate 

depends on the subunits’ degree of autonomy and accumulated capabilities, as well as the nature 
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of their external environment. By developing this type of spatially differentiated structure, 

innovative firms can broaden their diversification possibilities by exploiting spatial variations in 

technological specializations (Cantwell, 1989). Broadly speaking, the interrelationship between 

geography and firm-level innovation can be analyzed at two levels: the sourcing of extra-

organizational, but localized knowledge, and multi-locational knowledge sourcing.  

2.2 Local and Extra-local Knowledge  

The first of these dimensions concerns the relationship between a unit and its immediate 

environment. Limited by the extent to which single units can generate new knowledge internally, 

sourcing external knowledge represents an opportunity to expand recombination possibilities. 

Indeed, it is now well recognized that knowledge development is not purely an internal process, 

but rather the result of intra-and extra-organizational interactions and knowledge transfers 

(Chesbrough, 2003). At the center of the internal-external interface is the absorptive capacities of 

the firm, understood as the accumulated capabilities and knowledge that allow the firm to 

‘recognize the value of new information, assimilate it, and apply it to commercial ends’ (Cohen 

and Levinthal, 1990: 128). The importance of absorptive capacities for external knowledge 

sourcing implies the necessity of having a certain degree of complementarity between what is 

developed within the organizational boundaries of the firm and external knowledge to effectively 

integrate the two in internal innovation processes.  

Because (novel) knowledge does not travel freely across space (Jaffe et al. 1993; Sonn and Storper, 

2008; Feldman et al. 2015) and the costs of exchanging tacit forms of knowledge increase with 

distance (Scott, 1998; Storper and Venables, 2004), external knowledge sourcing is likely to be 

predominantly local. The localized nature of spillovers comes from, inter alia, the embeddedness 

of industry-specific knowledge in imperfectly mobile specialized workers (Saxenian, 1994; Scott, 
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2005; Rigby and Brown, 2015), the presence of local suppliers and buyers (Porter, 1990; Duranton 

and Puga, 2004) and local knowledge institutions and specialized service providers (Bramwell and 

Wolfe, 2008; Shearmur and Doloreux, 2019). However, the geographic concentration of related 

assets and the physical proximity between economic agents may not by itself generate spillovers, 

but can rather support the development of other forms of proximity conducive to knowledge 

exchange (Breschi and Lissoni, 2001; Torre and Rallet, 2005).  Boschma (2005) distinguishes 

between five types of proximity that impact spillovers distinctively. In addition to geographical 

proximity, understood as the physical distance between actors, organizational, institutional, social, 

and cognitive (or technological) forms of proximity interact in the formation of ties and in the 

exchange of (tacit) knowledge. Firms embedded in their local business environment with a greater 

level of overall proximity to other economic agents will thus be in a position to benefit from 

localized knowledge spillovers.   

Bathelt et al. (2004) argued that the sole reliance on local knowledge assets may eventually hinder 

innovation, and so regions (or firms) need to develop extra-local connections to bring in knowledge 

diversity. More indirect forms of extra-local spillovers might, however, be limited in scope due to 

the costs associated with developing these pipelines (Esposito and Rigby, 2019), and the distance-

dependent transaction costs involved in exchanging tacit knowledge (Scott, 1998; Storper and 

Venables, 2004). Firms may mitigate these costs by ensuring more direct access to these localized 

pools of knowledge through the establishment of branches and subsidiaries (Mudambi, 2002; 

Bathelt and Li, 2014). The resulting multi-locational structure has become an increasingly 

common source of heterogeneity for (large) corporations competing in global markets (Cantwell, 

1989; Dunning, 2013). By multiplying the interface between the firm’s own accumulated 

knowledge and the (localized) external sources of knowledge, multi-locational organizations 
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uniquely combine complementary strategic assets to develop and sustain their competitive 

advantage (Mudambi, 2002; Alcacer and Zhao, 2012).  

As a result, knowledge sourcing patterns for many modern organizations involves a complex 

interaction between their organizational structure and the spatial distribution of their activity. 

According to Nohria and Ghoshal (1997), this takes the form of differentiated networks of 

relationships between headquarters, subunits, and locations, where the links between each element 

will be contingent upon the unit’s mandate, autonomy, and the nature of its host environment. 

Empirical research has shown that affiliates with a higher degree of autonomy, more resources for 

research and development, and extra-organizational interactions in technologically advanced 

locations are likely to be more innovative (Almeida and Phene, 2004; Belderbos et al. 2015; Berry, 

2015, 2018; Qiu and Cantwell, 2018). The literature has additionally suggested that multi-

locational firms pursuing knowledge-sourcing strategies are more likely to locate in global cities 

(Goerzen et al. 2013; Iammarino and McCann, 2013), clusters (Li and Bathelt, 2018), or in regions 

with similar specializations (Alcacer and Delgado, 2016). Despite receiving considerable attention 

from international business scholars, many dimensions related to spatial knowledge sourcing 

remain empirically under-investigated. Indeed, this is partly due to the relative inaccessibility of 

detailed firm-level data. Moreover, the focus is generally on international innovation networks, 

while the subnational level is often overlooked despite strong evidence in the literature that 

technological bases vary significantly across cities as well (e.g. Kogler et al. 2013; Rigby, 2015).  

2.3 Regional Related Diversification  

Adopting approaches similar to those more firm-centric perspectives, the literature in economic 

geography has increasingly addressed issues of knowledge production and technological 

diversification from a spatial point of view. The starting point is that places, like organizations, 
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can be conceptualized as differentiated repositories of accumulated knowledge (Maskell and 

Malmberg, 1999). Distance-dependent transaction costs associated with exchanging more 

complex forms of knowledge and specialized inputs forge local arrangements of related firms 

supported by various economic actors contributing to agglomerated industrial specializations 

(Porter, 1990; Scott, 1998; Storper, 2013).  This results in significant heterogeneity in the industrial 

portfolio of subnational regions and concurrently in the nature of technology production (Kogler 

et al. 2013; Rigby, 2015), in the complexity of the local economic activity (Balland et al., 2020), 

and in the compensation gained by workers (Kemeny and Storper, 2012). In an analogous manner 

to firms, the spatial patterns of knowledge and technology are also dynamic. Changes in the cost 

structure of capital, labor or technology, the architecture of local institutions and labor markets, 

and technological disruption can trigger a reshuffling in the spatial organization of economic 

activity (Storper and Walker, 1989).  

The pace and long-term direction of these changes remain, however, debated by researchers. The 

recent literature in evolutionary economic geography has supported the argument that changes in 

regional specializations are not random, but rather bound by existing capabilities that reflect 

longer-running trajectories of competition and past choices by boundedly rational economic agents 

(Rigby and Essletzbichler, 1997). Hausmann and Rodrik (2003) argue that the industrial 

diversification of countries is limited in scope due to the high search costs entrepreneurs face when 

trying to enter a new sector. Expanding on these arguments, Hausmann et al. (2007) and Hidalgo 

et al. (2007) use export data and show that a country’s current export basket is a strong predictor 

of subsequent diversification and economic growth. Their results imply that diversification follows 

path-dependent trajectories, but not all paths yield the same economic benefits.  
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While these studies focus on national economies, Boschma et al. (2013), and Neffke and Henning 

(2013) privilege the subnational scale to investigate related diversification patterns, as capabilities 

tend to be tied to regional territories. They show that industry growth paths linked to the existing 

industrial base of the region have a higher probability of occurring. These patterns have been 

affirmed in multiple subsequent studies. Kogler et al. (2013) and Balland et al. (2015) build 

measures of relatedness between patent classes to explain patterns of technological diversification 

across US cities, to which Rigby (2015) adds geographical spillovers. These studies show that 

regions develop distinct knowledge cores and build on their existing local capabilities to enter new 

technological domains. The focus on regional aggregates, however, raises questions about the 

relative role of firm and place characteristics in understanding these spatial economic dynamics. 

Recent work seeks to unpack economic diversification within regions by investigating the 

reciprocal role of internal and external capabilities in firm and regional diversification. Lo Turco 

and Maggioni (2016) investigate the role of firm-level and local capabilities in the addition of new 

products to a firm’s portfolio.  They show that while place-based and firm capabilities exert a 

positive role in shaping product diversification, firm capabilities tended to dominate, especially in 

more peripheral provinces of their study area. Neffke et al. (2018), Elekes et al. (2019), and Lo 

Turco and Maggioni (2019) use similar approaches based on industrial and product relatedness 

and find that nonlocal firms were important vectors of regional economic diversification. 

Underlying these arguments is the idea that non-local firms develop knowledge stocks that are 

distinct from those held by local actors because of the potential of recombining various capabilities 

developed across their spatial network of establishments. Although there are well-established 

theoretical foundations to these claims (Mudambi, 2002; Iammarino and McCann, 2013; Cantwell, 

2017), how capabilities are recombined and how they are sourced remain under-researched. 
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It is to many of these issues that we intend to speak in this paper. First, a number of the studies 

discussed above have tended to conflate the capabilities of a firm in a specific location with the 

overall knowledge stock of the corporation. We think that these should be treated separately. The 

capabilities developed by an establishment, with its particular routines, employees and 

organizational structure, are most likely distinct from the capabilities developed in other 

establishments within the same corporation. While intra-corporate channels may attenuate the 

costs of transferring knowledge back and forth between establishments (Dunning, 2013; Singh, 

2005), the movement of knowledge within the firm is conditional on multiple factors (Sanne-

Randaccio and Veugelers, 2007; Mudambi et al. 2014). Second, the structure of an establishment, 

whether it be a branch or a headquarters, is likely to generate significant differences in how 

capabilities are sourced. Due to their centrality, headquarters’ establishments  are better situated 

to build upon the accumulated capacity of the larger corporate network. Third, research on 

knowledge sourcing activity in multi-unit firms has tended to focus on the international scale, 

assuming that knowledge bases differ more significantly across countries than across intra-national 

regions (Iammarino and McCann, 2013). Despite recent evidence that regional knowledge bases 

vary in structure and complexity (Kogler et al., 2013; Balland et al., 2020), little is known about 

whether and how firms exploit this spatial variation in their own knowledge production. 

In this article, we pose four questions:  

1) Do capabilities that influence technological diversification within the establishments of 

multi-locational firms reside within the specific establishment, within the overall corporate 

network, or within the region in which the establishment operates?  

2) Are there difference in capability sourcing patterns between HQ plants and non-HQ 

branches of firms?  
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3) Do establishments located in core locations benefit more from local capabilities than 

establishments in peripheral locations?  

4) Do establishments build upon the same capabilities to develop technologies that are new 

to the firm as those already known to the firm?  

3. Data  

We explore technological diversification in multi-locational firms using patents from the United 

States Patent and Trademark Office (USPTO) and Orbis data. The Orbis data tracks connections 

between firms and establishments linked by ownership. The discussion is separated into three 

subsections. First, we detail how the USPTO and Orbis data are linked, followed by descriptive 

statistics to provide a sense of the matched firm-establishment patent data. Second, a standard city-

level model of technological diversification is developed that replicates past findings and provides 

a baseline for the analysis that follows. Third, we extend the standard model of related 

diversification in regions to handle three different forms of technological diversification applicable 

to the establishments of multi-locational firms. 

3.1 Data Construction 

USPTO patent data capture the structure of technology developed in firms and in different 

geographical locations. Utility patents are the focus of the analysis, disaggregated into 652 classes 

of the Cooperative Patent Classification (CPC). We extract the population of granted utility patents 

for which at least one inventor is located in the United States from the USPTO PatentsView 

website. Our focus is on U.S. patents that are owned by multi-locational firms and so attention is 

limited to patents with assignee/firm owners. However, we face two problems with the assignee 

data. First, assignee names are not fully disambiguated in the USPTO files. For example, we 

observe the same company with “Corp.” or “Corporation” in its name listed as unique assignees. 
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To solve this problem, we further disambiguated assignee names by calculating the heuristic 

distance between every pair of assignee strings using the package ‘stringdist’ in R. We use the 

Jaro-Wingler algorithm, developed by the US Census Bureau to link records with potentially 

inaccurate text fields1. This algorithm is used to estimate a similarity score by measuring the edit 

distance, or the number of transpositions necessary to obtain a perfect match, between two strings.  

Second, to determine the location of an invention, researchers generally use the address of the 

inventors rather than the assignee, since the latter generally captures the location of the 

headquarters or the intellectual property department of the organization instead of the location of 

the invention per se. However, the USPTO records do not provide any information allowing to 

directly link the affiliation of inventors to the assignee organization. This can prove to be 

problematic in instances where inventors live in a geographical area different than the main 

assignee and work at a subunit of the firm. To more accurately match the location of inventors and 

assignee organizations, we use firm-level data from the Bureau Van Dijk’s Orbis database. 

Geographical and ownership information for corporations with at least 2 branches operating in the 

United States was extracted. Because of data limitations, the sample is limited to directly owned 

branches of firms, thereby excluding joint ventures and subsidiaries. Branches are distinct from 

these latter entities as they do not represent a separate legal entity of the parent corporation and 

are rather considered a direct extension of the company. We link Orbis records to assignee names 

using the same fuzzy matching algorithm. To construct the final sample, a patent was assigned to 

a specific establishment of an assignee if the location of an inventor coincides with one of the 

 

1 The matching process was preceded by a string harmonization operation to correct for 

non-regular characters, spaces, etc. We subsequently operated multiple rounds of fuzzy 

matching, and qualitatively analyzed the results for a subset of observations.  
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locations of the assignee organization. Conversely, when a patent is assigned to firm X, the 

inventor on the patent is located in city A, and when city A contains no establishment associated 

with firm X, the patent record is dropped from the analytical sample. Since Orbis only provides 

recent company data, we restrict the analysis to the years 2001 to 2015. The data series is truncated 

in 2015 due to right censoring in the granted patent data that occurs because of the time lag between 

patent filing and approval. The geographical matching was performed across the 381 metropolitan 

statistical areas (MSAs) of the United States. Finally, our focus is on firms that have patented from 

at least two distinct locations. In the end, our analysis focuses on multi-locational firms (assignees) 

identified from linked USPTO-Orbis records, located in MSAs and that have patented in at least 

two consecutive three-year periods (2001-2003, 2004-2006,…., 2013-2015) between 2001 and 

2015.  

3.2 Descriptive Statistics 

Analysis focuses on firms that have patented in at least two consecutive three-year periods, from 

a minimum of two distinct locations. Our final sample comprises 1,020 unique firms, 4,528 total 

establishments (3663 branches and 865 Headquarters2), and 326,324 patents. Our sample captures 

approximately 5 percent of all assignees and about 20-25% of all US patents for the period 2001-

2015. Inventive intensity varies markedly across firm assignees, with some firms producing only 

two patents between 2001 and 2015, while the most inventive firm generates in excess of 50,000 

patents. On average, firms generate patents in 27.6 different technological classes. The average 

number of branch locations for the multi-locational firms in our sample is slightly over 4, though 

the range is very large. Over the study period, while some firms patent from only two different 

 

2 Some multi-locational firms in our sample have multiple establishments operating in 

the US, but their headquarters is located in another country.  
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branch locations, the firm with the most branches (IBM) has inventors distributed over 83 different 

locations across the US.  

The dependent variable at the center of the analysis captures the diversification of individual firm 

establishments into new technology classes or what we label revealed technological advantage 

(RTA). RTA is indicated when the binary valued location quotient for a technology-establishment 

pairing switches from the value zero to one (see below). Table 1 reports the frequency with which 

RTA is developed across five 3-year time periods, as well as the number of technology-

establishment pairs for which RTA already exists. Approximately 20,000 positive RTA values are 

found, each time period with about half that number being newly added to the total each 3-year 

period. That also means roughly the same number of technology specializations are lost to 

establishments each period. Column 4 separates new RTA into that developed within HQ plants 

and non-HQ branches of the firm. The values in parentheses at the bottom of the table indicate the 

average probability of new RTA being developed within the kind of establishment indicated by 

the column heading. Thus, HQ plants are almost 70% more likely than non-HQ plants to diversify 

into a new technology. Non-HQ plants located in Sun Belt and Snow Belt cities have a roughly 

even chance of new RTA development. 

Table 2 examines the average number of technology classes developed by the individual branches 

of firms along with the average number of patents they develop. The table also indicates the share 

of branches that follow a diversification, specialization, or mixed strategy, as captured by the 

development of RTA. These statistics suggest that the majority of branches simultaneously 

produce technologies that are similar to what the rest of the firm is producing and also venture into 

new technological fields. These branches tend to produce more patents in more technological 

classes. There is, nevertheless, a small proportion of branches that only venture into technological 



  29 
 

areas that are not replicated within other branches of the firm. These firms tend to produce fewer 

patents in a smaller number of technological classes, suggesting that they are more specialized 

around a core set of technologies. 

Table 1. Descriptive Statistics for Revealed Technological Advantage (RTA) 

Time Existing RTA New RTA 

in all plants 

New RTA 

 

HQ       Non-HQ 

New RTA 

Non-HQ 

Sun     Snow Belt 

Period 1 18,002 - -               -   -                 -  

Period 2 20,156 10,848 2,997     7,851 3,455       4,396 

Period 3 20,606 10,666 3,001     7,665 3,565       4,100 

Period 4 21,662 11,271 3,197     8,074 3,899       4,175 

Period 5 17,673 7,435 2,128     5,307 2,531       2,776 

Total 98,099 40,220 

(0.0034) 

11,323   28,897 

(0.005)  (0.003) 

13,450    15,447 

(0.0028)  (0.0031) 

Notes: The total number of observations (branch x class) where RTA = 0 for time periods 1-4 is about 11.7 million, 

including foreign firms. Thus, the probability of new RTA in any branch-class combination is approximately 0.34%. 

 

Table 3 illustrates how the knowledge stocks of establishments, of the firms that own 

establishments and of the cities in which establishments are located in the previous time period are 

related to those technology fields in which establishments build new specializations (RTA=1) or 

not (RTA=0). The proximity of these stocks to individual technology fields is measured using the 

concept of relatedness density (defined below). Higher values of relatedness density indicate that 

the technological fields in question are closer to existing knowledge stocks. The relatedness 

density values provided in the table are means for each time period and for each reporting unit. 

Standard deviations of the relatedness density values are provided in parentheses. These statistics 

clearly indicate that new specializations developed by the establishments of multi-locational firms 

are positively related to the accumulated capabilities of the establishments, but also to firm-based 
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and place-based capabilities. The influence of these different sources of capabilities on 

technological diversification is tested more formally below. 

 

Table 2 Diversification and specialization in branches of multi-locational firms 

 Number of 

branches 

Number of firms  Median number 

of classes 

Median number 

of patents 

Unique RTA 

(only) 

106  

(3%) 

84   

(8%) 

3 3 

Non-unique RTA 

(only) 

944  

(26%) 

492  

(48%) 

3 5 

RTA Both 

 

2613  

(71%) 

763  

(75%) 

8 16 

 

 

Table 3. Average relatedness density 

Time 

Period 

Relatedness density 

Establishment 

RTA=1                 RTA=0 

Relatedness density 

Firm 

RTA=1              RTA=0 

Relatedness density 

City 

RTA=1              RTA=0 

2 0.1621 

(0.1861) 

0.0086 

(0.0391) 

0.1676 

(0.1978) 

0.0203 

(0.0731) 

0.1847 

(0.1975) 

0.0680 

(0.1254) 

3 0.1706 

(0.1849) 

0.0095 

(0.0402) 

0.1709 

(0.1933) 

0.0207 

(0.0710) 

0.1888 

(0.1963) 

0.0712 

(0.1291) 

4 0.1720 

(0.1860) 

0.0096 

(0.0408) 

0.1688 

(0.1904) 

0.0217 

(0.0721) 

0.1818 

(0.1890) 

0.0724 

(0.1294) 

5 0.1952 

(0.1866) 

0.0105 

(0.0426) 

0.1792 

(0.1856) 

0.0230 

(0.0728) 

0.1890 

(0.1894) 

0.0740 

(0.1277) 
Notes: The relatedness density means are not reported for period 1 because we are looking at the influence of 

accumulated capabilities of the previous time period (t-1) on technological specialization in a given period (t).  

4. Empirical Results 

4.1 Related Diversification in US Cities, 2001-2015 

We start the empirical analysis with a model of related diversification at the regional level. This 

model sets the foundations for the subsequent analysis focusing on multi-locational firms and 

allows us to confirm the validity of our data by revisiting results obtained in previous studies (e.g. 
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Boschma et al., 2015). Received models of related diversification in the economic geography 

literature assume that observational units diversify into new technologies that are proximate 

(related) to their existing knowledge assets. Thus, investigation of diversification requires 

construction of the technological distance between patent classes. Co-class data gathered from 

individual patents are used to measure the proximity between all pairs of the 652 Cooperative 

Patent Classification (CPC) classes listed on the USPTO files. This technique follows the earlier 

work of Jaffe (1986), Engelsman and van Raan (1994) and Kogler et al. (2013). To measure the 

proximity, or knowledge relatedness, between patent technology classes we employ the following 

method. Let P indicate the total number of patent applications in the given sub-period. Then, let 

𝐹𝑖𝑝 = 1 if patent record p lists the classification code i, otherwise 𝐹𝑖𝑝 = 0.  Note that i represents 

one of the 652 primary technology classes into which the knowledge contained in patents is 

located. In a sub-period, the total number of patents that list technology class i is given by 𝑁𝑖 =

∑ 𝐹𝑖𝑝𝑝 . In similar fashion, the number of individual patents that list the pair of co-classes i and j is 

identified by the count 𝑁𝑖𝑗 = ∑ 𝐹𝑖𝑝𝐹𝑗𝑝𝑝 . Repeating these co-class counts for all pairs of CPC 

classes yields a symmetric technology co-classification matrix the elements of which are the co-

class counts 𝑁𝑖𝑗. The co-class counts are converted into measures of proximity through division 

by the square root of the product of the number of patents in each of the two classes, or 

𝑆𝑖𝑗 =
𝑁𝑖𝑗

√𝑁𝑖 ∗ 𝑁𝑗
⁄  

where 𝑆𝑖𝑗 is an element of the standardized co-classification matrix (S) that indicates the 

technological proximity, or knowledge relatedness, between all pairs of patent classes in a given 

period. The elements on the principal diagonal of S are set to 1. An 𝑆𝑖𝑗 value of zero would indicate 

that there are no patents in a given period that contain class codes i and j. 



  32 
 

The standardized co-classification measure enters calculation of the relatedness density of a city c 

to technology class i at time t in the following way 

𝑅𝑒𝑙𝑎𝑡𝑒𝑑𝑛𝑒𝑠𝑠 𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑖𝑐𝑡  =
∑ 𝑆𝑖𝑗∗𝑅𝑇𝐴𝑐𝑗𝑗≠𝑖

∑ 𝑆𝑖𝑗𝑗≠𝑖
 

where 𝑅𝑇𝐴𝑐𝑗 is a binary (0/1) variable representing regional technological advantage. RTA takes 

the value 1 when the city share of patents in class j exceeds the share of a reference region. In this 

case, the reference region comprises the 381 US metropolitan areas examined3. The relatedness 

density values range from 0 to 1, with 0 indicating that a city does not have RTA in any of the 

technology classes j that are related to class i. As the relatedness density index approaches 1, then 

cities have RTA in knowledge stocks j that are increasingly strongly related to technology in class 

i. In other words, relatedness density reflects the potential of a region to develop specific new 

technologies that are linked to its existing knowledge assets (Balland et al., 2019). 

The logic underpinning the standard diversification model is that the economic agents that 

comprise an urban economy build sets of capabilities over time that allow them to produce distinct 

types of technological knowledge. The path-dependent nature of capability development means 

that cities and regions develop industrial and technological repertoires that are not rapidly changed 

(Rigby and Essletzbichler, 1997). Much more work is required to understand why some places are 

unable to escape their technological past, while others are able to reinvent themselves, creating 

new trajectories of technological opportunity (Grabher 1993; Saxenian, 1994; Hassink, 2005; 

Trippl et al., 2018). 

 

3 These cities account for more than 95% of all US patents granted over the period 2001-

15 
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We track technological diversification by tracing the binary RTA values of all technology classes 

within cities from one time-period to the next. When an RTA value switches from zero to one, 

then a city has successfully diversified into a new technology. Cities can also lose capabilities over 

time, though the focus here is on technological entry. We test the impact of relatedness density on 

technological diversification with a fixed effects logistic regression model that takes the following 

form: 

𝑅𝑇𝐴𝑖𝑐𝑡 = 𝛽0 + 𝛽1𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑖𝑐𝑡−1 +  𝜷𝒌𝑿𝒌𝑐𝑖𝑡−1+ 𝛾𝑐 + 𝛾𝑡 +  𝜀𝑖𝑐𝑡    (1) 

In equation (1), the dependent variable tracks the establishment of new RTA in city c, technology 

class i at time t. The probability of a city developing RTA is a function of the relatedness density 

of a technology class to the existing knowledge base of the city recorded at time t-1. The term 𝜷𝑿 

in equation (1) represents a series of city control variables. We include city size as measured by 

the number of patents produced, a measure of technological specialization in the city captured in 

a technology class Herfindahl, and a measure of competition over technological rents proxied by 

the number of other organizations that patent in a city divided by the number of patents. We would 

expect competition to increase the probability of RTA as diversification is a key competitive 

strategy. Larger cities tend to be more diverse and so city size might be expected to raise the 

probability of entry. The impact of technological specialization on diversification is unclear. While 

high levels of specialization might encourage diversification in a narrow area, greater diversity 

might channel diversification along a series of different pathways. 

Results from estimating variants of the model in equation (1) are reported in Table 4. Model 1 

includes only relatedness density as an independent variable and is used as a baseline in order to 

explore changes in the relatedness density coefficient with the addition of various controls. As 
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hypothesized, the lagged value of relatedness density is a positive and significant predictor of 

technological diversification at the city level. Thus, as the relatedness of a city’s knowledge stock 

to a particular technology class increases, so the probability of diversification into that class rises. 

The coefficient in the model represents the impact of a unit change in relatedness density on the 

log odds of RTA being established in a technological class. Expressed in different terms, a one-

unit increase in relatedness density raises the average probability of establishing RTA in a 

technology class by 67%. Of course a one-unit increase in relatedness density is unlikely. Utilizing 

the margins commands in STATA, with independent variables set at their mean values, an increase 

in relatedness density by one standard deviation would increase the probability of diversification 

by approximately 4%.  

Table 4. Logit regressions of city diversification 

 Model 1 Model 2 Model 3 

Lag relatedness density 
2.0331*** 

(0.0321) 

2.0389*** 

(0.0322) 

1.4328*** 

(0.0419) 

Lag city patent sum  
0.0000*** 

(0.0000) 

0.0001*** 

(0.0000) 

Lag city Herfindahl  
1.3677*** 

(0.3612) 

1.1874*** 

(0.3577) 

Lag technology competition  
0.0468 

(0.0796) 

0.0432 

(0.0693) 

Lag geography spillover   
0.1395*** 

(0.0040) 

Constant 
-3.8492*** 

(0.0116) 

-4.0492*** 

(0.1211) 

-4.6705*** 

(0.1191) 

Time fixed effects Yes Yes Yes 

City fixed effects Yes Yes Yes 

Observations 867,622 867,622 867,622 
Notes: All models were run with robust standard errors clustered at the city level. * significant at the 0.1 level, ** 

significant at the 0.05 level, *** significant at the 0.01 level. 

 

Model 2 incorporates city-level covariates. The sign on city size is positive and significant, though 

the economic impact small. The measure of competition is also positive, but not significant. The 

Herfindahl index of technological specialization is positive and significant suggesting that more 
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specialized cities are more likely to diversify. This might be read as saying that cities with very 

diverse knowledge bases are less likely to diversify perhaps because any specific trajectory of 

technological development is diluted. The introduction of the covariates to the model of 

diversification has virtually no effect on the relatedness density coefficient. Model 3 adds spatial 

lags to the analysis. Coordinates for the 381 US metro areas were used to generate an inverse 

distance spatial weights matrix. The product of this matrix and the city-technology density matrix 

provides a measure of the impact of relatedness density in neighboring cities on diversification 

within a target city. The positive coefficient indicates some degree of knowledge-sharing between 

neighboring cities rather than competition. Across all these models, relatedness density has a 

positive and significant influence on the probability of technological diversification within the city. 

These results are consistent with those previously reported for technological diversification across 

cities in the United States (Boschma et al., 2015; Rigby, 2015). 

All the models discussed in Table 4 include time and city fixed effects and they incorporate robust 

standard errors clustered at the city level. By including city fixed effects, we are averaging the 

impacts of relatedness density on diversification across US cities, while controlling for city-

specific factors that may influence levels of diversification. 

4.2 Related Diversification within Multi-Locational Firms: Do Capabilities Reside in Firms or 

Regions? 

The standard model of related diversification is typically operationalized with units of observation 

that are spatial. In large part, this reflects the availability of geographical information and the 

difficulty of assembling firm-level data. Development of the model over spatial units pushes the 

researcher to assume, at least implicitly, that the capabilities that really count are located within 
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regions, though they may sometimes flow between them as the analysis above indicates. For the 

most part, then, capabilities are seen as moving across firm boundaries within regions more readily 

than they move within firms across space.  However, there are strong reasons to doubt this 

assumption, especially when dealing with technologies that tend to be highly proprietary. In this 

sub-section of the paper, we explore whether evidence supports the notion that the capabilities 

driving diversification tend to be located within firms more than within regions. 

Of course, if capabilities reside in firms, then it might be said that certain capabilities are also 

located in the regions where firms operate. While it is undoubtedly the case that place-specific 

assets do emerge within economic clusters (Storper, 1995; Baldwin et al. 2008), the impacts of 

these assets are heterogeneous (Potter and Watts, 2011; Rigby and Brown, 2015) and not broadly 

quantified. In the analysis below, we separate the influence of establishment-specific, firm-specific 

and city-specific forms of relatedness density on technological diversification. 

In order to explore the “location” of capabilities, we set up a related diversification model focused 

on the establishments of multi-locational firms. Establishments refer to the individual plants that 

together comprise the multi-locational firm. When we talk about firm effects for an individual 

establishment, we are referencing the combined capabilities of all the establishments that make-

up the individual firm minus the capabilities of the establishment in question. We are therefore 

able to separate the set of capabilities within the individual establishment from those in the firm. 

City-level effects refer to the capabilities of the city in which the establishment is located. For each 

establishment, we note those technologies (CPC classes) in which RTA was attained (binary RTA 

value moving from zero to one) across our three-year time windows. Measures of relatedness 

density are built for all observations at the establishment, firm and city levels. Note that we start 
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with a reference dataset that includes only the patent data within the multi-locational firms that we 

examine. This reference set provides the denominator in the RTA calculations. 

Somewhat more formally, our dependent variable, RTA, is now defined at the level of a branch 

as 

𝑅𝑇𝐴𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡 𝑖
𝑒 =

𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑐
𝑒 / ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑐

𝑒
𝑐

∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑐/ ∑ ∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑐𝑐𝑓𝑖𝑓𝑐
 

where i refers to the technology (CPC patent) class, the superscript e refers to the targeted 

establishment,  f to the firm and c to the city. Note again that the overall denominator here is the 

class share in the reference region (the sum of all branches across metropolitan areas in the US 

that we examined). RTA at the firm level (part of the relatedness density variable defined at the 

firm level) is defined as 

𝑅𝑇𝐴𝑓𝑖𝑟𝑚 𝑖
𝑒 =

∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑐
𝑒

𝑐,𝑒≠𝑓𝑐 / ∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑐
𝑒

𝑐,𝑒≠𝑓𝑐𝑖

∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑐/ ∑ ∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑐𝑐𝑓𝑖𝑓𝑐
 

where the overall denominator is the same as in the RTA for the establishment. The superscript e 

again indicates the targeted establishment to which the firm is related to. Note that the patent counts 

of the targeted establishment are removed from the RTA calculations of the firm.  Finally, RTA at 

the city level is defined as  

𝑅𝑇𝐴𝑐𝑖𝑡𝑦𝑖
𝑒 =

∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑐
𝑒

𝑓,𝑒≠𝑓 / ∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑐
𝑒

𝑓,𝑒≠𝑓𝑖

∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑐/ ∑ ∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑐𝑐𝑓𝑖𝑓𝑐
 

As for the firm level RTA, the city RTA calculation is establishment specific, meaning that it is 

calculated for each establishment-class combination by removing the establishment’s patent 

counts from the city total. These different measures of RTA allow us to define three relatedness 

density terms in our model, one for the branch, firm and city: 
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𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡,   𝑖 = (∑ 𝑆𝑖𝑗 ∗ 𝑅𝑇𝐴𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡)𝑗≠𝑖 /∑ 𝑆𝑖𝑗𝑗≠𝑖  

𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑓𝑖𝑟𝑚,   𝑖 = (∑ 𝑆𝑖𝑗 ∗ 𝑅𝑇𝐴𝑓𝑖𝑟𝑚)𝑗≠𝑖 /∑ 𝑆𝑖𝑗𝑗≠𝑖  

𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑐𝑖𝑡𝑦,   𝑖 = (∑ 𝑆𝑖𝑗 ∗ 𝑅𝑇𝐴𝑐𝑖𝑡𝑦)𝑗≠𝑖 /∑ 𝑆𝑖𝑗𝑗≠𝑖  

where 𝑆𝑖𝑗 is the relatedness between classes i and j built from the multi-locational firm data 

alone, and where RTA = 0/1. The new model to be estimated is 

𝑅𝑇𝐴𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡,   𝑖𝑡 =  𝛽𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡,   𝑖𝑡−1 + 𝛽𝑓𝑖𝑟𝑚𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑓𝑖𝑟𝑚,   𝑖𝑡−1 + 

                                                                 𝛽𝑐𝑖𝑡𝑦𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑐𝑖𝑡𝑦,   𝑖𝑡−1 + 𝐹𝐸𝑡𝑖𝑚𝑒 + 𝐹𝐸𝑓𝑖𝑟𝑚 + 𝜀       (2) 

and where the terms should all be familiar at this time. 

Results from estimating the relatedness density model at the establishment level are shown in 

Table 5. We estimate a logit model of technological diversification with firm and time fixed 

effects. Standard errors are also clustered across establishments within the firm as there is reason 

to expect they may be correlated. Model 4 reports the logit coefficients for the influence of 

establishment, firm and city relatedness density on diversification at the establishment level4. The 

coefficients (log odds ratios) for the relatedness density terms in Table 5 are relatively large. In 

Model 4, the establishment density coefficient of 19.7 means that a one-unit increase in the lagged 

value of relatedness density within the unit increases the probability of diversification by 

approximately 95%. However, a one-unit increase in establishment relatedness density is unlikely 

to occur. Estimated at the means of all the independent variables, a one standard deviation increase 

in establishment relatedness density increases the probability of diversification by just under 4%. 

It is clear from Model 4 that, on average, technological diversification within the establishments 

of multi-locational firms is shaped by all three sources of capabilities. 

 
4 As a reminder, the coefficients represent the influence of a unit increase in an independent variable on the log odds of 

the probability that the dependent variable is equal to 1 divided by the probability that the dependent variable is equal to 

0. 
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Table 5. Logit models for multi-locational firms 

 
Dependent variable is diversification at the branch level 

 

 

 

Model 4 

(Overall) 

Model 5 

(Foreign) 

Model 6 

(HQ) 

Model 7 

(Sun/Snow) 

Lag Establishment 

Density 

19.6665*** 

(0.2175) 

19.8008*** 

(0.2445) 

19.3182*** 

(0.3122) 

18.8442*** 

(0.4182) 

Lag Firm Density 
3.1204*** 

(0.1741) 

3.2377*** 

(0.1473) 

3.3679*** 

(0.1632) 

3.4201*** 

(0.1960) 

Lag City Density 
1.7730*** 

(0.0381) 

1.7683*** 

(0.0415) 

1.8132*** 

(0.0486) 

1.6952*** 

(0.0751) 

Lag Interact-

establishment 
 

-1.0289* 

(0.5686) 

-0.9266** 

(0.4181) 

0.5045 

(0.5158) 

Lag Interact-firm  
-0.8154* 

(0.4632) 

-0.1647 

(0.1839) 

0.1418 

(0.1146) 

Lag Interact-city 

 
 

0.0245 

(0.1049) 

-0.1966*** 

(0.0722) 

0.2600*** 

(0.0974) 

Lag Foreign dummy  
0.4063*** 

(0.0933) 
  

Lag HQ dummy   
0.8602*** 

(0.0489) 
 

Lag Sunbelt dummy    
-0.0287 

(0.0836) 

Constant 
-7.3364*** 

(0.0248) 

-7.3387 

(0.0251) 

-7.8436*** 

(0.0434) 

-7.2836*** 

(0.0897) 

Time fixed effects Yes Yes Yes Yes 

Firm fixed effects Yes Yes Yes Yes 

Observations 11,536,041 11,536,041 9,686,356 7,403,301 

Notes: All models were run with robust standard errors clustered at the firm level. * significant at the 0.1 level, ** 

significant at the 0.05 level, *** significant at the 0.01 level. 

The largest of the density effects is that found within the establishment itself. This may indicate 

that units of multi-locational firms have considerable discretion in terms of the direction of their 

knowledge development, and accumulated internal capabilities are most important in terms of 

shaping diversification patterns. Just as important for us, the regression coefficient for the 

relatedness density of the firm is about 75% larger than the coefficient for the relatedness density 

of the city in terms of shaping plant diversification. This finding confirms that the technological 

know-how that influences the pattern of diversification in multi-locational business units flows 
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within the firm and over space more readily than it flows across firm boundaries within the same 

city. That said, there remains a significant role of external, place-specific technological capabilities 

that impact diversification. It is, perhaps, this city effect that firms actively seek to exploit through 

siting their research units in different geographical locations. 

The results in Model 4 include all the establishments and firms in our sample, including foreign 

firms. To see whether foreign firms behave differently from domestic firms we turn to Model 5. 

In this model a dummy variable indicates whether a firm is domestic or foreign. The three 

relatedness density measures for establishments, firms and cities are interacted with the domestic-

foreign dummy. Thus, when the dummy variable equals zero, the relatedness density effects for 

domestic firms are indicated by the coefficients in the first three rows of Table 5. When the dummy 

variable equals one, the change in the density effects between domestic and foreign firms is 

reported by the interaction terms. The dummy variable for foreign firms in Model 5 is positive and 

significant, indicating that the branches of foreign firms have a higher probability of technological 

diversification than those of domestic firms. For foreign firms, the establishment and firm related 

density coefficients are significantly smaller than those for domestic firms, as indicated by the 

interaction terms. The results for the city relatedness density indicate no significant difference in 

the ability to tap into local sources of capabilities between foreign firms and their domestic 

counterparts. This is an interesting finding that might indicate foreign firms can embed within 

technological communities just as easily as domestic firms. It would be useful to examine whether 

this result is linked to the length of the presence of domestic and foreign firms in particular cities. 

That the interaction of the firm and establishment relatedness density coefficients are negative and 

significant might indicate that the branches of foreign multi-locational firms rely more heavily on 

sources of capabilities residing outside the US that we are not capturing in this model. 
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In Model 6, attention turns to whether technological diversification occurs differently within the 

HQ plants of firms and their non-HQ branches. Foreign firms are removed in Model 6 because 

these firms have no HQ locations in the US. The structure of Model 6 is the same as that in Model 

5 where a dummy variable identifies establishments as non-HQ or HQ (dummy = 1). The HQ 

dummy suggests that HQ plants have a significantly higher probability of diversification than non-

HQ plants. The partial regression coefficients in Model 6 indicate that establishment and city 

measures of relatedness density exert significantly larger impacts on diversification in non-HQ 

branches than HQ plants of multi-locational firms. Thus, the relative size of the firm density effect 

is larger in HQ plants. This might be expected as HQ plants tend to be more centrally located 

within firm networks. 

Model 7 is another logit model that focuses only on non-HQ branches of multi-locational firms, 

again excluding foreign firms. The focus in Model 7 is how different forms of relatedness density 

impact technological diversification in non-HQ branches located in Snow Belt and Sun Belt 

(dummy = 1) cities of the country. The Sun Belt-Snow Belt regionalization is a relatively crude 

division of the country that separates the older manufacturing core (Snow Belt) of the nation from 

elsewhere. It should be noted that a simple division of metropolitan regions into fast/slow growth 

in terms of patents provided results almost identical to those reported in Model 7. The results 

suggest that establishment and firm density effects on technological diversification do not vary 

between non-HQ plants located in Sun Belt or Snow Belt metropolitan areas. However, increases 

in relatedness density within the cities where non-HQ plants are located have a significantly larger 

impact on technological diversification in Sun Belt cities than Snow Belt cities. This might capture 

the heterogeneous culture of knowledge spillovers between firms that is more prevalent outside 

parts of the Snow Belt (Saxenian, 1994). 
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Note that estimation of the models in Table 5 using the linear probability model generate results 

similar to those presented. The results also do not change much if we estimate the logit model 

using branch-level fixed effects rather than firm-level fixed effects. 

Table 6. Logit models for multi-locational firms: diversification that is new to the firm 

 
Dependent variable is diversification that is new to the firm or not 

 

 
Model 8 

New to firm 

Model 9 

Not new to firm 

Lag Establishment 

Density 

3.5848*** 

(0.3127) 

5.2235*** 

(0.1570) 

Lag Firm Density 
-1.1903** 

(0.5174) 

5.0779*** 

(0.1509) 

Lag City Density 
2.0930*** 

 (0.0702) 

1.8766***  

(0.0517) 

Lag Interact-

establishment 

-0.5003 

(0.3202) 

-0.9740*** 

(0.1796) 

Lag Interact-firm 

 

-1.5457*** 

(0.5137) 

-0.6061** 

(0.2899) 

Lag Interact-city 

 

-0.2387** 

(0.0989) 

-0.3274*** 

(0.1030) 

Lag HQ dummy 

 

1.4340*** 

(0.0765) 
 

Lag HQ dummy 

 
 

0.3072*** 

(0.0491) 

Constant 

 

-7.1318*** 

(0.0484) 

-7.3455*** 

(0.0448) 

Time fixed effects Yes Yes 

Firm fixed effects Yes Yes 

Observations 9,337,681 9,253,577 

Notes: All models were run with robust standard errors clustered at the firm level. * significant at the 0.1 level, ** 

significant at the 0.05 level, *** significant at the 0.01 level. Foreign firms were excluded. 

Finally, in Table 6 we explore whether the drivers of related diversification vary when the 

establishments are introducing technologies that are new to the firm or not. Coefficients are again 

separated between HQ and non-HQ plants using interactions. We separate HQ and non-HQ plants 

to gain a better sense of the network structure of multi-locational firms, assuming that the HQ plant 

is more centrally located within the firm network and thus likely to draw upon wider sets of 
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resources than the branch. In Model 8, the focus is on the development of RTA (at the 

establishment level) in a technology class where other establishments of the firm have not yet 

established RTA. The first three rows show the effects of density at the branch, firm and city level 

on diversification in non-HQ plants. The interaction effects that follow show how the density 

coefficients change as we move to HQ plants. Relatedness density at the establishment level and 

at the city level have a positive and significant impact on diversification into technology classes 

that are new to the firm. Relatedness density at the firm level is significant, with a negative sign, 

this coefficient reflecting the novelty of diversification at the firm level. Contrasted with the results 

found in Model 9, it seems clear that firm-level capabilities are much more important for 

diversification into technological fields in which the firm has already developed a specialization. 

Going back to Model 8, the HQ dummy is positive and significant, indicating that HQ 

establishments are more likely to introduce new RTA than the non-HQ branches, but they draw 

significantly less on firm-level and city-level capabilities in this process. This suggests once again 

that the HQ plants of multi-locational firms might be more exploratory in terms of diversifying 

into new technologies, which is also reflected in Model 9. 

5. Discussion and Conclusion 

The empirical results presented in this article illustrate the multidimensional nature of knowledge 

sourcing practices by multi-locational firms. Combining USPTO patents with Orbis firm data, the 

structure of knowledge production within the establishments of multi-locational firms operating in 

the US was outlined for the period 2001 to 2015. The focus on multi-locational firms allowed more 

careful investigation of the influence of extra-local, but intra-organizational knowledge stocks on 

diversification at the plant level. The city model we first presented showed a significant association 

between regional diversification and the knowledge stock of neighboring regions, suggesting that 
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some capabilities are shared over space. The inter-regional spillovers occurring in that respect are, 

however, unlikely to be fully disembodied, or freely available to all economic agents. This is 

especially true in the case of more complex and valuable forms of knowledge which tend to be 

characterized by a natural degree of excludability (Zucker and Darby, 1996; Breschi and Lissoni, 

2001). While there is a growing literature addressing the role of mobile inventors as a knowledge 

dissemination mechanism across space (e.g. Breschi and Lissoni, 2009; van der Wouden and 

Rigby, 2019), there is little work that focuses on the role of organizations in this process at a 

subregional scale.  

Turning to related diversification models at the plant level, we find that capabilities developed in 

other establishments of the multi-locational firm were significant in shaping diversification 

trajectories. Although the models do not specify the mechanisms through which these capabilities 

flow across establishments, we can safely argue that multi-locational organizations are able to 

transfer knowledge across locations through intra-corporate channels and processes. Indeed, the 

substitution of markets for internal mechanisms (Forsgren, 2017) and the development of various 

forms of relationships between the member of organizations (e.g. trust, as discussed in Zucker et 

al. 1995) can facilitate the dissemination of more complex forms of knowledge between 

operational units. Through these processes, firms are creating more permanent forms of knowledge 

‘pipelines’ between locations (Bathelt and Li, 2014; Li and Bathelt, 2018). 

These firm-based capabilities prove to be more influential in technological diversification than 

place-based capabilities, suggesting that capabilities flow more readily over space within the firm 

than across firm boundaries within the same city. This result calls for more research on intra-

corporate knowledge flows as a mechanism of inter-regional knowledge spillovers. That being 

said, we found a consistent positive and significant effect of place-based capabilities in 
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establishment-level diversification. These results suggest that some capabilities are shared locally, 

and thus multi-locational firms may seek to access these localized sources of capabilities by 

spreading their innovative activities across multiple cities with differentiated knowledge stocks. 

Unfortunately, with limited secondary data, we cannot specify the nature of the local learning 

process, but we can affirm that it plays a significant role in technological diversification. 

While our results consistently show internal capabilities as the most closely related to new 

technological specializations, followed by firm-based and local capabilities, the way these specific 

sources of capabilities influence diversification patterns varies according to firm and region 

characteristics. We show that the branches of foreign firms are more likely to diversify into new 

technological fields than their domestic counterparts, but do so by relying less on internal and firm-

level capabilities. Of course, the fact that we do not include establishments operating outside the 

US might bias the results for firm-based capabilities; we could postulate that capabilities residing 

in establishments operating in other countries, including their Headquarters, would be more 

important for foreign establishments. This limit comes from data processing restrictions, but future 

studies could, for instance, look more carefully at a subset of foreign firms and identify their 

international knowledge portfolio to investigate its influence on technological diversification. 

Nonetheless, the results suggest that foreign firms are just as capable of tapping into local 

knowledge sources than are the establishments of domestic multi-locational firms. This result begs 

the question of how different kinds of firms embed themselves within local communities of actors 

and what levels of embedding are required for knowledge sharing. Finally, the importance of city-

level capabilities in shaping diversification in non-HQ plants within Sunbelt cities relative to Snow 

Belt cities is interesting. Does this result provide further evidence of the arguments developed by 

Saxenian (1994) that external knowledge spillovers are more prevalent outside cities of the 
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historical manufacturing core of the US? It is clear from all these results that knowledge sourcing 

patterns operate at the intersection between the structure of the organization, its geography, and 

the type of innovation/technological activity under consideration.   

The main managerial implication of these results is that multi-locational knowledge sourcing 

strategy may put firms in an advantageous position to develop unique assets and competitive 

advantages. Not only can differentiated local knowledge stocks positively influence the 

development of technological specializations in plants, but firms should also facilitate and promote 

the transfer of knowledge assets between their different establishments. There is by now a 

relatively large literature covering the role of the movement of managers and scientists across 

establishments, and collaboration between inventors, as instances of effective intra-corporate 

knowledge transfer mechanisms. The findings reported here also support the emerging claims in 

the broader agents of change literature that multi-locational firms play a critical role in spreading 

knowledge capabilities over space. Regions might well look toward attracting non-local, multi-

locational firms as one strategy for broadening their technological base. 
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Appendix  
 

Appendix Figure 2. Geographical Distribution of Patents by Multi-locational Firms.   

The map presented below shows the relative geographical distribution of patents by the multi-

locational firms of my sample. The territorial units used for the chapters on the US are the 381 

metro-area continental CBSAs, and as seen on the map, they do not cover the entirety of the US 

continental land. These cities do, however,  contain about 86 percent of the total US population 

(St. Louis Fed, 2018) and over 90% of national patenting activity (Brookings, 2013). Mirroring 

the overall distribution of patents in the country, multi-locational firms concentrate their innovative 

activity in coastal cities and a few other major metropolitan areas, with some of the highest levels 

in the Bay Area, New York, Boston, and Los Angeles. 
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Appendix Figure 2. Geographical Distribution of IBM.  

The following figure shows the spatial distribution of innovative activity for IBM, the firm with 

the largest number of patents and patenting activity in the sample. The areas colored in blue further 

show the locations where the branches of IBM have developed technological specializations than 

are distinct from the rest of the firm. This figure thus shows the extent to which IBM is both 

geographically and technologically diversified, a trend that is common to large US firms.  
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Chapter 2. Geographies of Knowledge Sourcing and the Value of 

Knowledge in Multi-locational Firms.  
 

Abstract 
There is a growing literature within economic geography and related fields on geographies of 

knowledge sourcing. Within geography that literature focuses on the mechanisms by which 

individual firms obtain knowledge from a variety of external sources and on whether those sources 

are local or not. In international business research, knowledge sourcing is typically associated with 

the activities of multinational enterprises and the ways in which they extract knowledge from the 

places in which their business units are located. I seek to bolster this literature by exploring 

knowledge sourcing within multi-locational firms operating in the U.S. using a unique dataset 

matching US patent records to firm-level ownership and geographical data. Value is added to 

existing research in a number of ways. First, I show that the establishments of multi-locational 

corporations source and produce different kinds of knowledge from different locations. Second, I 

show that the knowledge generated within a firm’s establishment is related to the knowledge stocks 

of the cities where they operate. Third, I report that the complexity of knowledge produced is 

positively related to the number of establishments in which multi-locational firms undertake 

innovative activity. In sum these data suggest that multi-locational firms distribute their R&D 

across locations in order to secure access to local pools of tacit knowledge. The complexity value 

of firms’ knowledge production is enhanced as a result of this spatial strategy. 

1. Introduction  
 

Exploiting spatial variations in markets and in the quality and availability of factors of production 

remains critical to competition in the modern global economy. While classical perspectives in 
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international economics and management understood the geographical diversification of firms on 

the basis of market adaptation, access to natural resources, and capital and labor cost optimization, 

modern theories of international business have dedicated considerable attention to the exploitation 

of localized sources of knowledge as a way for organizations to sustain competitive advantage 

(Cantwell, 2017; Papanastassiou et al., 2020). Combined, these perspectives regard the firm’s 

locational portfolio as a major source of heterogeneity between multi-locational firms, as each 

organization manages its value chain in a distinct fashion with a mix of market, cost-reducing, and 

knowledge-seeking motives (Yeung, 2018).  

The resulting geographical structure of multi-locational firms has predominantly been assessed at 

the international level in the literature (Beugelsdijk and Mudambi, 2013). However, Mudambi et 

al. (2018) argue that the locational patterns related to different segments of the value chain have 

to be understood at different geographical scales. Downstream processes, such as market 

differentiation or distribution, should be assessed at a larger national or international scale of 

analysis for the motivations underlying these activities pertain to widespread distribution and 

global reach. Upstream knowledge-intensive activities may be better understood at a smaller 

spatial scale, as firms seek to access localized sources of (tacit) knowledge that are locked into 

particular sub-national regions. While the importance of examining the knowledge sourcing and 

innovation activity of organizations at a smaller geographical scale has been acknowledged, 

empirical research has remained somewhat limited (Iammarino and McCann, 2013; Mudambi et 

al., 2018). Within economic geography, this is rapidly changing. There is by now robust evidence 

that sub-national regions vary in terms of technologies (Rigby and Essletzbichler, 1997), in the 

composition of their knowledge stocks and the character of their knowledge bases (Asheim and 

Gertler, 2005; Martin and Moodysson, 2011; Kogler et al., 2013), in terms of the trajectories of 
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knowledge diversification (Balland et al., 2015; Rigby 2015), and in the character of their 

innovation systems (Isaksen and Trippl, 2017). Furthermore, a rich contemporary debate on local 

versus non-local forms of knowledge sourcing and different mechanisms of knowledge flow is 

adding much to the field (Bathelt et al., 2004; Storper and Venables, 2004; Trippl et al., 2009; 

Fitjar and Rodriguez-Pose, 2011; Todtling et al., 2013). 

With the most valuable forms of knowledge locked in particular places (Sorenson et al., 2006; 

Balland and Rigby, 2017), the ability of firms to tap into multiple localized sources of knowledge 

expands the possibilities for knowledge recombination. Although the mechanisms for accessing 

knowledge are many, it is clear that multi-locational firms have broader sets of opportunities for 

knowledge extraction than single-plant firms (Dunning, 1988; Cantwell, 1989). However, it 

remains unclear how multi-locational firms operate within a variegated landscape of knowledge 

opportunities and whether they are able to take advantage of their organizational structure. 

Focusing on the innovative activities of multi-locational firms, this paper engages with this issue 

and asks three specific research questions that have rarely been tackled within economic 

geography: 

1) Do multi-locational firms produce different technologies within each of the plants that they 

operate? 

2) Does the knowledge developed within specific establishments of multi-locational firms reflect 

the broader knowledge stocks of the cities or regions in which they are located? (So is there 

evidence that these firms are sourcing knowledge through their location decisions?) 

3) Does multi-locational knowledge sourcing impact the value of innovative output? 
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I make a series of contributions to the literatures in economic geography and management in this 

study. First, the literature on multi-locational knowledge sourcing has predominantly looked at 

competence creation in the firm’s affiliates (e.g. Collinson and Wang, 2012; Cantwell and 

Piscitello, 2015; Phene and Tallman, 2018; Qiu and Cantwell, 2018) or external knowledge 

sourcing by these affiliates (e.g. Berry and Kaul, 2015; Berry, 2018), without explicitly testing 

whether the overall technological portfolio of organizations differs meaningfully across space. In 

this article, I use patent records linked to ownership and geographical data to statistically test 

whether the character of knowledge production varies between the different establishments of 

multi-locational organizations. Using permutational multivariate analysis of variance tests, the 

results indicate that more than 50 percent of the firms investigated produce patents in knowledge 

classes that differ across the locations in which they operate. This share rises to over 90 percent as 

the number of branches within firms exceeds 10. Second, I show that the patents generated within 

the branches of the multi-locational organization reflect the broader technological character of the 

metropolitan areas in which they are located. This adds to the body of evidence that suggests multi-

unit firms strategically locate their plants in order to access particular stocks of knowledge. Third, 

I revisit previous claims that multi-locational knowledge sourcing does not significantly impact 

the quality of innovative output (Singh, 2008; Scalera et al. 2018). The results are consistent with 

those of Singh (2008), indicating that the number of locations across which a firm is active is 

negatively correlated with forward citations on patents, a standard measure of patent quality. 

However, I find a significant and positive relationship between the geographically distributed 

nature of R&D and the complexity of patents. Multi-locational firms are seemingly able to exploit 

specialized local knowledge stocks and successfully integrate the ideas that they mine from 

different locations. 
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2. Literature Review  
 

2.1. Resource-based View of the Firm 

 

The theoretical foundations of the literature on knowledge sourcing can in part be traced back to 

the resource-based theory of the firm. This theory emphasizes the importance of proprietary 

tangible and intangible resources in building and sustaining competitive advantage (Prahalad and 

Hamel, 1990; Barney, 1991; Mahoney and Pandian, 1992). A key condition for firm-specific 

resources to raise performance is their uniqueness: resources must be valuable, rare, and 

imperfectly imitable (Barney, 1991). A more knowledge-centric perspective places the 

development and accumulation of knowledge at the center of the firm’s various processes and 

hence differentiation on the market (Nonaka, 1991; Kogut and Zander, 1992). Following this 

approach, the fundamental purpose of the firm is to coordinate the complex process of producing 

and diffusing knowledge within its organizational boundaries, while economically, its role is to 

unearth profitable applications from this process (Grant, 1996). It is broadly understood that not 

all forms of knowledge are of equal value to firms. Codified forms of knowledge that are relatively 

easily replicated by competitors tend not to be valuable. More tacit forms of knowledge that reside 

in the firm’s routines, technologies and human capital are less easy to copy, are rare and more 

valuable (Nonaka, 1991; Maskell and Malmberg, 1999; Nonaka and Krogh, 2009). It is tacit  

knowledge that represents the most important source of competitive advantage for many firms 

(Amin and Cohendet, 1999; Maskell, 2001) 

The firm’s proprietary resources and knowledge may not by themselves guarantee success on the 

market, however. It is the combination of internal strengths, the external environment, and market 

opportunities that effectively give rise to competitive advantage (Barney and Zajac, 1994). 
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Because these dimensions interact in complex ways, firms need to constantly adapt and adopt 

appropriate strategic responses to sustain their competitiveness (Teece et al. 1997). Adaptation lies 

in part on the ability of the organizations to supplement internal capability building with external 

knowledge sourcing. Indeed, as argued by Cohen and Levinthal (1990), the capacity to efficiently 

identify new sources of knowledge, absorb and translate external knowledge into internal 

applications are important dimensions affecting the competitiveness of firms. Ultimately, the 

ability to integrate diverse and fragmented bits of external knowledge expands knowledge 

recombination possibilities for the organization and may positively impact innovative outputs 

(Antonelli, 2000).  

2.2. External Knowledge Sourcing 

 

Because the cost of exchanging some forms knowledge, especially that which is tacit, increases 

rapidly with distance, the external sourcing of non-codified knowledge is considered a 

predominantly local affair (Gertler, 2003; Storper and Venables, 2004). Indeed, there is a large 

literature pointing at the localized nature of knowledge spillovers, be it in terms of geographical 

limits on knowledge diffusion (Jaffe et al., 1993; Sonn and Storper, 2008; Feldman et al., 2015), 

the local embeddedness of industry-specific knowledge in imperfectly mobile specialized workers 

(Almeida and Kogut, 1999; Scott, 2005; Alcacer and Chung, 2014), the agglomeration of 

specialized networks of suppliers and buyers (Porter, 1990) and the spatial concentrations of 

knowledge institutions and specialized service providers (Bramwell and Wolfe, 2008; Shearmur 

and Doloreux, 2019). Therefore, technological know-how is thought to circulate within and across 

the borders of local firms giving rise to the notion of place-based capabilities (Morgan, 1997; 

Freeman, 1994). That knowledge is embedded in localized processes of interactions and 



  63 
 

knowledge flows additionally implies that regions encompass different accumulated knowledge 

stocks, and thus exhibit different patterns of specialization (Rigby, 2015). The implications for 

organizations is that they need to be embedded in local networks in order to benefit from localized 

spillovers, but also that accessing distant sources of knowledge may prove to be difficult. 

Collaborations or external pipelines might be a way to source nonlocal knowledge (Bathelt et al., 

2004), but they may be limited in scope due to the costs associated with developing these pipelines 

(Esposito and Rigby, 2019), and the distance-dependent transaction costs involved in exchanging 

tacit knowledge (Scott, 1998; Storper and Venables, 2004). 

2.3 Multi-locational Firm 

 

Conversely, multi-locational firms may take advantage of their organizational structure to target 

distant knowledge pools, establishing plants in specific locations to access localized knowledge 

assets. Branch locations can thus act as competence-exploiting units reinforcing the specialization 

core of the firm, or as ‘competence-creating’ units which seek to generate new forms of knowledge 

by interacting with external partners (Cantwell and Piscitello, 2000; Cantwell and Mudambi, 2005; 

Mudambi et al., 2014). Exploiting variations in the geography of knowledge production 

consequently gives the firm the possibility to uniquely combine complementary strategic assets, 

which reduce the risk of imitation from competitors and hence contribute to developing their 

competitive advantage (Mudambi, 2002; Alcacer and Zhao, 2012). Accordingly, an increasing 

number of organizations have adopted a multi-locational knowledge sourcing strategy and thus 

multiplied the number of locations in which they carry high value-added operations (Dunning, 

2013; Forsgren, 2017), in turn representing an important form of pipeline connecting different 

regions (Bathelt and Li, 2014, 2020). In a way, multi-locational organizations attenuate the costs 
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of moving more complex forms of knowledge across space by superimposing an organizational 

structure that comprises cost-reducing mechanisms of knowledge transfers and integration. 

The recent literature on multi-locational knowledge sourcing highlights three key strategic 

dimensions surrounding geographically distributed R&D: the location choice, the organizational 

structure and the activity of subunits, and knowledge integration. The choice of the specific 

location in which a firm will pursue R&D could prove to be instrumental in shaping innovative 

outcomes. While the location decisions regarding downstream processes, such as market 

penetration or distribution, pertain to widescale geographical coverage, the location of high value-

added activities is rather motivated by the access to specialized and localized inputs (Mudambi et 

al., 2018). Thus, the motives and patterns regarding the location of upstream segments of the value 

chain may be better assessed at a smaller geographical scale. The subnational scale of analysis 

additionally allows to distinguish between domestic and international knowledge sourcing activity. 

While presumably similar in terms of organizational structure and processes, these two spatial 

levels of activity differ in two important ways. First, domestic multi-locational knowledge 

sourcing might be more limited in terms of the possibilities of combining distinct knowledge 

coming from different geographical sources, assuming that inter-country heterogeneity in 

knowledge production is more important than intra-national heterogeneity. This might be less 

important, however, in larger countries like the US, where researchers have observed significant 

differences in terms of technological specialization (Kogler et al., 2013; Rigby, 2015), and 

knowledge complexity (Balland and Rigby, 2017 ; Balland et al., 2020) between cities. The second 

main difference is that firms face lower institutional and cultural differences and costs when 

managing cross-location knowledge transfers within a country compared to cross-national 

equivalents. The presumed importance subnational inter-regional knowledge sourcing for firms is 
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the principal motivation to use the term multi-locational firms rather than multinational in this 

study. 

In general, the literature studying the location strategies of high value-added activities in multi-

locational firms has suggested that firms are more likely to locate in global and connected cities 

(Goerzen et al. 2013; Iammarino and McCann, 2013; Adler and Florida, 2020), clusters (Li and 

Bathelt, 2018), and locations with a higher potential for agglomeration externalities (Alcacer and 

Chung, 2014; Jindra et al., 2016). Regarding the relationship between localization and 

performance, the results appear to be relatively mixed. On the one hand, studies such as those 

carried by Cantwell and Iammarino (2000) and Berry (2015) found that multi-locational firms 

were more active in R&D in locations that are more innovative and dynamic. Lo Turco and 

Maggioni (2016) obtained similar results and showed that local capabilities had a positive impact 

on product diversification in (multi-locational) firms, especially those operating in more 

‘technologically advanced’ regions. Neffke and colleagues (2018) and Lo Turco and Maggioni 

(2019) found in turn that the capabilities developed and introduced in a region by multi-locational 

firms played a key role in fostering regional industrial diversification. On the other hand, other 

studies suggest that the geographical dispersion of R&D does not unconditionally positively 

impact innovation. Lecocq and colleagues (2012) reported that beyond a certain number of clusters 

in which a firm is active, the impact of operating establishments in multiple clusters on 

performance turned from positive to negative. In the same vein, Scalera and colleagues (2018) 

observed an inverted U-shaped relationship between domestic geographical diversification and the 

technological scope of innovation, whereas the relationship between international dispersion and 

innovation was linearly positive. Finally, Singh (2008) found a negative correlation between R&D 

dispersion and the value of a firm’s innovation after controlling for the level of integration between 
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the establishments of multi-locational firms. Part of the variability in the results obtained across 

these studies could, however, be explained by discrepancies in how certain concepts and indicators 

are operationalized. For instance, most of the literature solely look at the locations of inventors to 

build indices of geographical dispersion. This might overestimate how dispersed firms are in their 

R&D activity given that inventors generally provide their home address, and thus not necessarily 

the location where the R&D was performed (i.e. where the company is actually established). In 

addition, performance can be assessed from different perspectives and measured in various ways, 

which contributes to the level of heterogeneity observed across the different studies.  

A second key dimension widely discussed in the literature on knowledge sourcing is the role of 

the organizational structure and the mandates and level of autonomy granted to the firm’s different 

establishments. Multi-locational organizations can be theorized as differentiated networks of 

relationships between headquarters, subunits, and locations, where the type of activity performed 

in a given unit is assigned by the parent corporation as a function of its strategy, the capabilities 

developed within the unit, and the nature of the external environment in which it operates (Nohria 

and Ghoshal, 1997).  Research has shown overall that an increased level of autonomy was 

positively associated to the subunits’ innovative capabilities (Cantwell and Piscitello, 2015; 

Belderbos et al., 2015; Berry, 2015; Qiu and Cantwell, 2018). A higher level of embeddedness in 

the host location’s networks was also found to be linked to innovative performance (Song et al., 

2011; Berry, 2018; Phene and Tallman, 2018), which is in turn mediated by the accumulated 

capabilities of the subunit (Almeida and Phene, 2004, 2008). While these studies highlight the 

importance of developing external linkages in host locations, firms have to additionally manage 

intra-corporate networks in order to integrate the various bits of knowledge developed across its 
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portfolio of subunits. This phenomenon has been referred to as ‘multiple embeddedness’ (Meyer 

et al., 2011).  

Internal integration is contingent upon a mix of formal and informal mechanisms established to 

foster a certain level on internal coherence in the activity of the firm. Among other processes, 

geographical expansion needs to be supported by efficient communication and knowledge transfer 

channels aimed at facilitating the sharing of objectives, expectations, trust, and the development 

of interpersonal networks (Zucker et al, 1994; Nohria and Ghoshal, 1997). In that vein, Fang and 

colleagues (2010) and Berry (2015) highlighted the important role of internal manager mobility in 

facilitating information and knowledge transfers, a role that extends to inventor mobility and co-

invention (Singh, 2008). Regarding co-invention more specifically, Berry (2014) found that intra-

corporation and multi-country collaboration resulted in patents that were more technologically 

diversified than single-country patents, and were more likely to be integrated into future innovative 

activity by the corporation. In addition to being of greater quality, cross-establishment patents have 

also been shown to be an efficient appropriation mechanism: patents that are developed by 

collaborators coming from different locations are less likely to be cited by competitors, but more 

likely to be self-cited (Alcacer and Zhao, 2012). This is due to the difficulty of replicating 

(re)combinations based on different sources of localized knowledge by other firms, which results 

in fewer downstream citations or technological appropriation from external organizations.  

The literature on innovation in multi-locational firms rather than multi-national firms is extremely 

limited. There have been relatively few studies that explore how multi-locational firms organize 

their knowledge production across their establishments and whether firms benefit from a spatially 

focused or distributed pattern of R&D. Are multi-locational firms able to tap into the pools of tacit 

knowledge that are found in different locations, and can they successfully integrate that knowledge 
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to increase the value of the firm’s knowledge outputs? These are the issues that I engage in the 

empirical analysis below. 

3. Data 

3.1 Data Construction  

 

Innovative activity in multi-locational firms is explored using patent records from the United States 

Patent and Trademark Office (USPTO) and Orbis data. The Orbis data track connections between 

firms and establishments linked by ownership, while USPTO patent data are used to capture the 

structure of technology developed within firms and cities. Granted utility patents are the focus of 

the analysis, disaggregated into 652 classes of the Cooperative Patent Classification (CPC). Patent 

ownership is indicated by assignee information. While PatentsView makes available 

disambiguated assignee information, qualitative analysis of a subset of organization names 

revealed some duplicates due to slight differences in the name or variations in the assignee’s 

corporate identifier (e.g. Corp., Inc., Co.).  I therefore further disambiguated assignee names 

through fuzzy matching using the Jaro-Wingler algorithm from the package ‘stringdist’ in R. 

To determine the location of an invention, researchers generally use the address of the inventors 

rather than the assignee, since the latter captures the location of the headquarters or the intellectual 

property department of the organization instead of the location of invention per se. However, the 

USPTO records do not provide any information allowing a direct link between the affiliation of 

inventors and the assignee organization. This can prove to be problematic in instances where 

inventors live in a geographical area different than the main assignee and work at a subunit of the 

firm. To more accurately match the location of inventors and assignee organizations, I use firm-

level data from the Bureau Van Dijk’s Orbis database. Geographical and ownership information 
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for corporations with at least 2 plants operating in the United States was extracted. Because of data 

limitations, the sample is limited to directly owned branches of firms, thereby excluding joint 

ventures and subsidiaries. Branches are distinct from these latter entities as they do not represent 

a separate legal entity of the parent corporation and are rather considered a direct extension of the 

company. I link Orbis records to assignee names using the same fuzzy matching algorithm 

referenced above. To construct the final sample, a patent was assigned to a specific establishment 

of an assignee if the location of an inventor coincides with one of the branch locations of the 

assignee organization. Conversely, when a patent is assigned to firm X, and when the inventor on 

the patent is located in city A, if city A contains no establishment associated with firm X, the patent 

record is dropped from the analytical sample. Since Orbis only provides recent company data, the 

analysis is restricted to the years 2001 to 2015. The data series is truncated in 2015 due to right 

censoring in the granted patent data that occurs because of the time lag between patent filing and 

approval. The geographical matching was performed across the 381 metropolitan statistical areas 

(MSAs) of the United States. The focus is on firms that have patented from at least two 

establishments located in different metropolitan areas. 

3.2 Descriptive Statistics  

 

The data covers almost 330,000 patents and comprises 1,020 unique firms (of which 191 do not 

have their headquarters in the US) and 4,528 establishments. These multi-locational firms 

represent approximately 5 percent of all assignees and 20 to 25 percent of all US patents in any 

given year for the period 2001-2015. Inventive intensity varies markedly across firm assignees, 

with some firms producing only two patents between 2001 and 2015, while the most inventive 

firm generates in excess of 50,000 patents. On average, firms generate patents in 27.6 different 



  70 
 

technological classes. Table 1 categorizes each firm according to the main technological sector in 

which it patents. The largest sector of activity of the multi-locational firms is computers and 

communications, which is also the category in which there is the highest number of patents overall. 

The technological sectors with the lowest number of firms are mechanical and drugs and medical. 

Overall, the distribution of firms across technological groups is little different to the overall 

distribution of USPTO patents.  

Table 1. Distribution of firms and patent population by broad technological class 

Technology 

group: 
Chemical 

Computers and 

Communications 

Drugs and 

Medical 

Electrical 

and 

Electronic 

Mechanical Others 

Number of 

firms 

(percentage) 

158 

(15.5) 

312 

(30.6) 

123 

(12.1) 

136 

(13.3) 

122 

(12.0) 

169 

(16.6) 

Percentage of 

total patents  
10.3 36.5 13.2 18.8 10.6 10.5 

 

Table 2 reports descriptive statistics on multi-locational firms split into 5 size categories. The 

median number of establishments in the sample is 2, while the mean is 4.4. If we look at domestic 

and foreign firms separately, the mean and median for domestic companies are 2 and 4.6, while 

these values for foreign organizations are 2 and 3.8. Not surprisingly, the median number of patents 

increases as the number of establishments grows, going from 17 for the first category to 863 for 

firms with 11 to 20 innovation locations, and 2,119 for the 22 firms with over 20 establishments. 

Innovative activity is also increasingly dispersed as the number of establishments goes up: in the 

first category, the median percentage of patents coming from the largest location (most often the 

headquarters) is 76, while it is under 60 for firms with 6 to 10 and 11 to 20 establishments. The 
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same trend is also observed for technological specialization, as larger firms tend to be active in a 

broader range of technological sectors. 

Table 2. Descriptive statistics by size categories 

Size: 2 est. 

(n=533) 

3:5 est. 

(n=297) 

6:10 est. 

(n=109) 

11:20 est. 

(n=59) 

>20 est. 

(n=22) 

Median number of 

patents 
17 52.5 200 863 2119 

Median percentage of 

patents coming from 

largest location 

76% 66% 57% 57% 46% 

Median number of 

classes (CPC 652) 
9 20 39 67 140 

Median number of  

broad technological 

sectors 

2 4 4 5 6 

Median percentage of 

patents in largest 

technological sectors 

80% 0.70% 0.69% 0.66% 0.60% 

Note: technological sectors are defined by Hall et al (2001), and extracted from the NBER patent database.  

 

4. Empirical Analysis 
 

The empirical analysis is separated into four sections. First, I statistically test whether the 

establishments of multi-locational firms produce different technologies using repeated 

permutational analyses of variance (PERMANOVA). In the second part of the empirical analysis, 

I use ordination techniques to illustrate the range of technologies generated by three firms across 

their different establishments. The third section investigates whether technological differences in 

the patents generated by the plants of a particular firm are linked to differences in knowledge 

stocks produced in U.S. metropolitan areas. In the final section of analysis, I explore whether firms 
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derive benefits from distributing R&D activities across multiple locations. I reproduce the results 

of Singh (2008) at the international scale and show that distributed R&D does not increase the 

quality of innovative output as measured by forward citations, but it does raise the complexity 

value of firm patents and thus contributes to the creation of competitive advantage. 

4.1 Do Multi-locational Firms Produce Different Technologies Across their Locations? 

 

The first part of the analysis explores whether the establishments of multi-locational firms produce 

different technologies across the locations in which they operate. For all firm locations, I collect 

detailed technology class data from the USPTO on patents generated. A standard test would be 

some variant of analysis of variance to explore how the patent distribution within plants varies 

about the firm mean distribution. In this case, the patents are distributed across the 652 classes of 

the CPC demanding use of a multivariate analysis of variance (MANOVA). Further, the large 

number of zeros in the data at the branch by class level violates assumptions of MANOVA and so 

I switch to use of a permutation based MANOVA (PERMANOVA). PERMANOVA is a non-

parametric test that operates over a geometric partitioning of the variation in a dataset that may be 

linked to multiple factors. The geometric partitioning is defined in the space of a given dissimilarity 

measure, a measure of distance between technologies generated within the establishments of multi-

locational firms. Statistical inference is obtained by the permutation of patent observations across 

a firm’s plants, from which we obtain a distribution of randomly generated F statistics. The null 

hypothesis is that the observed differences between the centroids of a firm’s establishment are not 

statistically different than what would be observed if the technology class observations were 

randomly distributed across establishments (Anderson, 2017). I aggregate firm and establishment 
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technology class count data across five three-year periods to dampen annual fluctuations in 

patenting behavior. 

To operationalize the PERMANOVA we require a measure of the distance between patent classes. 

The measure employed is based on the technological relatedness between classes (Breschi et al., 

2003; Kogler et al., 2013). A relatedness score is generated for each pair of technology classes 

based on the co-occurrence of those classes across USPTO patent records. The co-classification 

counts for CPC classes i and j (𝑁𝑖𝑗) are standardized, in the form of a cosine index, yielding a 

measure of the relatedness or technological proximity between classes i and j in a given period: 

𝑆𝑖𝑗 =
𝑁𝑖𝑗

√𝑁𝑖 ∗ 𝑁𝑗
⁄  

The standardized proximity matrix (𝑆𝑖𝑗)  is subsequently used to calculate a dissimilarity score 

between all pairs of establishments by measuring the average relatedness distance between the 

patents they generate across different CPC classes. A branch dissimilarity matrix is generated for 

each of the five periods examined between 2001 and 2015. 

The within-group variance for a given establishment before permutations is given by the 

technological dissimilarity between time periods, while the between-group variance is represented 

by the distance between the centroids of the establishments of a given multi-locational firm. The 

simulated distribution of F statistics is estimated through permutations: the model randomly 

assigns observations to the establishments of a firm repeatedly, each time estimating a new F 

statistic. The observed F statistic is compared to the distribution of simulated F statistics to obtain 

a p-value. I performed separate PERMANOVA tests for each individual firm.  The motivation to 

perform individual tests is two-fold: 1) the large size of the dissimilarity matrix was incompatible 
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with the data processing limitations of PERMANOVA; 2) a single test does not provide much 

information with a large number of observations stratified by multiple firms (i.e. the main result 

could be driven by only a few firms that have different centroids). Because repeated hypothesis 

testing is performed, the raw p-value as well as an adjusted p-value are reported (following the 

False Discovery Rate approach, “fdr”, which is similar to generating Bonferroni statistics). The 

PERMANOVA tests were performed using the ‘vegan’ package in R (Oksanen et al., 2020).  

Table 3 presents the results of the PERMANOVA tests by size groups. I report the percentage of 

tests in each group from which we obtain a significant result at the 0.1, 0.05 and 0.01 confidence 

levels. The right-hand side columns present the results with p-values adjusted for repeated 

hypothesis testing. Results grouped by technology class can be found in the Appendix. I display 

the results only for those firms for which a total of 999 permutations were performed. Overall, 

using the adjusted p-values, slightly more than half the firms in the sample produce different kinds 

of technologies across their plants. However, there are important differences across firms of 

different sizes, as measured by the number of locations they operate. Almost 75% of firms with 

more than two plants report significant differences in the type of patents produced within their 

plants, and this share exceeds 90% for firms with more than 5 locations. Looking at foreign firms 

(not reported in the table of results), approximately 40% produce significantly different 

technologies across their plants. This relatively small proportion reflects the fact that foreign firms, 

on average, have fewer plants operating in the US than their domestic counterpart. In sum, these 

results suggest that larger and more mature firms are more effectively able to exploit and mobilize 

different sets of capabilities across the establishments that they control. 
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Table 3. Summary of firm-level PERMANOVA results 

Firm size 

# of 

establishments 

# of firms # (%) of firms with signif  

pmanova 

(perms=999) 

# (%) of firms with signif 

pmanova 

Adjusted for fdr (perms=999) 

2 263 98 (37.3) 

71 (27.0) 

12 (4.56) 

p<0.1 

p<0.05 

p<0.01 

56 (21.3) 

16 (6.08) 

0 (0) 

p<0.1 

p<0.05 

p<0.01 

3-5 283 201 (71.0) 

178 (62.9) 

123 (43.5) 

p<0.1 

p<0.05 

p<0.01 

168 (59.4) 

134 (47.3) 

82 (29.0) 

p<0.1 

p<0.05 

p<0.01 

6-10 109 102 (93.6) 

95 (87.2) 

82 (75.2) 

p<0.1 

p<0.05 

p<0.01 

93 (85.3) 

87 (79.8) 

66 (60.6) 

p<0.1 

p<0.05 

p<0.01 

11-20 59 59 (100) 

58 (98.3) 

56 (94.9) 

p<0.1 

p<0.05 

p<0.01 

57 (96.6) 

57 (96.6) 

53 (89.8) 

p<0.1 

p<0.05 

p<0.01 

>20 22 22 (100) 

22 (100) 

21 (95.5) 

p<0.1 

p<0.05 

p<0.01 

22 (100) 

22 (100) 

21 (95.5) 

p<0.1 

p<0.05 

p<0.01 

 

All firms 

 

 

736 

482 (65.5) 

424 (57.6) 

294 (39.9) 

p<0.1 

p<0.05 

p<0.01 

396 (53.8) 

316 (42.93) 

222 (30.1) 

p<0.1 

p<0.05 

p<0.01 

Notes: tests generated 17 NAs because of no variation across branches; 267 tests were not reported because the 

number of permutations (perms) was lower than 999.  

 

4.2 Case Studies and Ordination  

 

I illustrate these results through a few representative case studies: Ericsson, Amgen and Corning. 

To provide better visualizations, the analysis presented in this section builds on patent-level 

variance instead of aggregated class counts by time period (although results stay consistent). I use 

multidimensional scaling to map data points (patents) around their centroids. The distance between 

points represents their technological dissimilarity, and the distances between points and the 
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centroid show the within-group variance. The greater the distance between centroids of different 

groups, the greater the overall technological dissimilarity between two establishments. 

Amgen 

The first firm I examine is Amgen, a biotech company headquartered in Thousand Oaks, 

California. I identified 6 locations from where I linked inventors to an Amgen establishment, 

including their HQ, and branches in Boston, Seattle, and Colorado5. The patent-level 

PERMANOVA test for differences across locations is significant below the 0.01 level. The 

pairwise PERMANOVAs reveal that 87% of the pairwise branch tests within Amgen are 

significant at the fdr-adjusted 0.05 level.  Patents created at Amgen’s HQ are not significantly 

different from those generated elsewhere within the firm which can be explained by the relatively 

centralized structure of Amgen and an HQ that covers almost the whole range of technological 

classes in which the firm as a whole is active. That may be explained by the general centrality of 

the HQ in the firm’s organizational structure and innovation network. First, their central position 

suggests that they may be more involved in the overall innovative activities of the firm by 

transferring but also absorbing knowledge from the different subunits (Mudambi et al., 2014), 

therefore covering a wider spectrum of technologies than individual branches. Secondly, as 

reported in Frigon (2021), the HQ tends to be more exploratory in terms of technological 

production and diversification, which would also correspond to a broader range of innovative 

outputs. Conversely, the Boston plant is mostly concentrated around one cluster of related 

technologies, whereas the Seattle plant had the only patents focusing on the development of 

apparatus for culturing micro-organisms. This is clearly observable in the ordination plots 

 
5 The Seattle and Colorado plants are now closed.  
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presented in Figure 1, which show the patent spaces for the HQ as well as the Boston and Seattle 

plants. The last plot contains all the establishments of the firm. 

Figure 1. Technology ordination plots: Amgen 

        Est. 1 = Thousand Oaks, Ca; Est. 2 = Boston; Est.3 = Seattle. 

 

Ericsson 

The second case is Ericsson, a telecommunications company headquartered in Stockholm, 

Sweden. A total of seven establishments in the US from where Ericsson is generating patents were 

identified. The number of patents per location varies from 2 in Washington, D.C., to over 60 in 

Silicon Valley and North Carolina. The PERMANOVA test on the differences in patenting across 

establishments is significant at the 0.01 level. From post-hoc analysis, 50 percent of establishment 

pairs within Ericsson show significant differences in patenting class profiles. The Dallas and North 

Carolina establishments are quite distinct from other plants within the firm (5/6 of their pairwise 

tests are significant), while establishments with fewer patents tend not to be distinctive. 
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Three establishments are presented in Figure X below: Dallas, North Carolina, and Silicon Valley. 

The fourth plot includes all 7 establishments and all Ericsson US patents between 2001 and 2015. 

The three locations are distinct in terms of the technologies they are producing, although 

establishment 3 does not exhibit clear clusters of patents, unlike establishments 1 and 2 for which 

the centroids are located in areas that are quite separated from the other establishments of the firm.  

Figure 2. Technology ordination plots: Ericsson 

Est. 1 = Dallas ; Est. 2 = North Carolina; Est. 3 = Silicon Valley  

Corning  

The last case reported is Corning, a company operating in materials science and headquartered in 

the town of Corning, New York. Corning has 13 establishments generating patents, the most 

important ones being the HQ, Boston, New York City and Rochester, NY. Similar to the case of 

Amgen, the headquarters is active in most technological classes in which the firm as a whole 

operates. The general PERMANOVA is significant at the 0.01 level for Corning, and the pairwise 
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tests show 83% of branches reporting significant difference at the fdr-adjusted 0.05 level. The HQ 

has significant differences with all branches except for one, similar to the Rochester and Boston 

plants. The ordination plots below cover these two plants as well as the HQ. We can see from the 

plots that the centroid of the Rochester plant is pulled up from the Boston centroid due to clusters 

of related patents in the middle-right and upper-left areas of the dissimilarity space. While the HQ 

seems to be active in multiple areas technological areas, its centroid is pulled to the left due to a 

more important number of patents located in the left part of the quadrant.   

Figure 3. Technology ordination plots: Corning 

 

 

 

 

 

 

 

 

 

 

 

 

     Est1 = Boston; Est2= Corning, NY; Est. 3 = Rochester, NY. 

 

In sum, these case studies offer visualizations of the disparities in technological production across 

different establishments of multi-locational firms. While the differences do not always arise from 

exclusive specialization areas in certain establishments, there are clear differences in the relative 

importance of certain technology clusters between different locations. 
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4.3 Evidence of Localized Knowledge Sourcing  

 

The results presented above provide a clear indication that the majority of multi-locational firms 

operating in the US produce different kinds of technologies across their establishments. A related 

research question is whether these firms locate branch plants in specific regions in order to access 

particular kinds of knowledge. There is a great deal of interest in geographies of knowledge 

sourcing but, within economic geography at least, there is little empirical work that shows how the 

distributed R&D activities within the firm are connected to place-specific knowledge assets. Given 

the importance of tacit knowledge and the general acceptance of its immobility, this is rather 

surprising. It is to this question that I now turn. I take two bites at the issue, using different 

measures and techniques. The first bite hints at the association between the knowledge stocks of 

cities and the firms that are located in those cities, while the second bite builds that connection 

more clearly. 

The first bite uses standard techniques of linear regression where the dependent variable measures 

the technological distance between two establishments belonging to the same firm. Technological 

distance between establishments is once again obtained by measuring the inverse weighted average 

relatedness distance between the patents generated by the establishments across different CPC 

classes. The main explanatory variable is the technological distance between the cities in which 

the establishments are related. 

The technological distance between a pair of cities is measured as the inverse of a technological 

similarity index. That similarity index is based on a count of the number of technology classes in 

which both cities exhibit revealed comparative advantage (RCA) and is standardized as a cosine 

index, or: 
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 Technological Similarity Index =  
∑ (𝑅𝐶𝐴𝑖

𝐴∗𝑅𝐶𝐴𝑖
𝐵)𝑖

√∑ 𝑅𝐶𝐴𝑖
𝐴

𝑖 ∗∑ 𝑅𝐶𝐴𝑖
𝐵

𝑖

 . 

where RCA is a binary valued measure of revealed comparative advantage. The numerator in this 

expression is the count of patent technology classes i in cities A and B that jointly exhibit a positive 

value of RCA. The denominator standardizes for the number of technology classes in which city 

A has RCA and in which city B has RCA. 

If the geographical locations of firms are motivated by knowledge sourcing and technological 

diversification strategies, we should observe a positive and significant relationship between the 

distance in technological patent stocks between establishments and the distance between their host 

cities. I add to the model a proxy measure of the level of integration between establishments. 

Higher levels of inter-establishment collaboration should reduce technology differences between 

them. I measure intra-firm integration by the number of times the pair of establishments cites each 

other’s patents and by a dummy variable that indicates whether inventors from the establishments 

have collaborated. We know from Section 5.1 that the size of a firm is significant in terms of 

technological diversification across its establishments and so I include a count of the number of 

establishments at the firm level. Other controls include the innovative intensity of each pair of 

establishments, measured by the log of the product of the number of patents in each plant, whether 

one of the establishments is the headquarters of the firm, and dummy variables controlling for the 

broad technological sectors in which the firm is active. For this last variable, firms were 

categorized into one of the six sectors defined by Hall et al. (2001) according to their main sector 

of (patenting) activity. 

The results from the regression are presented in Table 4. Standard errors are clustered at the firm 

level for all models. The first model presents the results with the main variable of interest and 
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control variables excluding integration proxies. As predicted, the technological distance between 

host cities is positively and significantly related to technological differences across establishments.  

The HQ dummy is negative and significant, implying that HQ plants tend to overlap in terms of 

technological characteristics with the individual branches of the firm, as shown in the case studies. 

In terms of technological sectors, the establishments of a firm in drugs and medical exhibit, on 

average, less technological distance, whereas the establishments of firms in the mechanical sector 

tend to be more technologically differentiated.  

Models 2 and 3 incorporate the integration proxies. The measure of distance between cities stays 

positive and significant. As expected, the number of citations is negative and significant, implying 

that establishments that tend to cite one another more are less likely to exhibit significant 

differences in technology. Of the collaboration variables, only the dummy indicating at least one 

collaboration (Model 3) is significant, perhaps indicating that it is the existence of collaborative 

ties per se rather than their intensity (Model 2) that is the better indicator of knowledge integration 

between establishments. Together the results on citations and collaboration suggest that 

establishments that are more integrated may be more technologically similar, but I do not attempt 

to unpack the direction of causality in this relationship. Model 4 adds establishment size to the 

relationships under investigation. Distance and integration remain significant with opposite effect 

on the dependent variable as expected. The size variables are all positive and significant, meaning 

that the effect of being in a larger size category in comparison to the base outcome of 2 locations 

has a positive impact on the distance between establishments, and that impact is the strongest for 

the largest size group (> 10 establishments). The innovative intensity of the establishments 

themselves has no significant impact on the dependent variable. The results on size reinforce the 

conclusions from the PERMANOVA models, showing indeed that larger firms, those with more 
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branches, produce patents with less technology class overlap across their different locations than 

do smaller firms. The finding that larger firms tend to be more differentiated across their 

establishments could be approached in different ways. First, larger organizations benefit from 

economies of scale and scope that may foster and support their diversification process. Economies 

of scale allow the firm to generate surpluses that can be reinvested in subsequent rounds of 

expansion either in terms of volume of production, technological development, or market 

penetration. Through experience, firms also develop their management capabilities necessary to 

execute large-scale and dispersed activities, and therefore exploit economies of scope by 

diversifying into related sectors of activities (Chandler, 1977, 1990). Thus, larger firms might be 

better positioned than smaller firms to manage greater levels of internal diversification across 

sectors and space. Secondly, the relationship between size and differentiation could also come 

from strategic and sector-specific motives. As discussed by the international business literature, 

an increasing number of organizations compete on the basis of strategic asset sourcing, and thus 

greater geographical and technological dispersion could result from an explicit competitive 

strategy.  

The second attempt to link cities and the technologies of the establishments that locate within them 

uses non-linear regression in the form of the logit model. In this case we build a measure of the 

similarity between the knowledge stocks of each city and all establishments within the data set. 

The similarity index counts the number of technology classes in which a city and an establishment 

both exhibit revealed comparative advantage (RCA) and then standardizes this observed count 

with an expected count based on the probability of RCA technology matches (see van Eck and 

Waltman, 2009).  
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Table 4. Regression distance between establishments 

 Dependent variable: Distance between establishments within the firm 

 (1) (2) (3) (4) 

distance  between 

cities 

 

1.660*** 

(0.5222) 

1.408*** 

(0.505) 

1.362*** 

(0.512) 

1.241*** 

(0.500) 

log(1+ # 

collaborations) 

 -0.005 

(-0.006) 

 

  

Dummy collaboration   -0.033*** 

(0.008) 

-0.024*** 

(0.007) 

log(1+ # citations)  -0.017*** 

(0.005) 

-0.15*** 

(0.005) 

-0.014*** 

(0.005) 

 

Log(1+ product 

patents) 

-0.001 

(0.002) 

0.003 

(0.004) 

0.004 

(0.004) 

0.002 

(0.004) 

 

HQ -0.026** 

(0.012) 

-0.008 

(0.009) 

-0.002 

(0.009) 

0.017** 

(0.008) 

 

Size: 2 est.    - 

Size: 3 est.    0.046*** 

(0.013) 

Size: 4-5 est.     0.073*** 

(0.016) 

Size: 6-10 est.    0.049*** 

(0.019) 

Size: > 10 est.    0.091*** 

(0.016) 

Chemical  -  - - - 

Computers and 

communications 

-0.042 

(0.033) 

-0.051 

(0.032) 

-0.054* 

(0.032) 

-0.060** 

(0.030) 

Drugs and  

medical 

-0.093*** 

(0.024) 

-0.096*** 

(0.023) 

-0.098*** 

(0.023) 

-0.105*** 

(0.022) 

Electrical and 

electronic  

0.017 

(0.023) 

0.010 

(0.023) 

0.008 

(0.022) 

0.003 

(0.021) 

Mechanical  0.049*** 

(0.018) 

0.045*** 

(0.017) 

0.043** 

(0.017) 

0.036** 

(0.016) 

Miscellaneous -0.083*** 

(0.022) 

-0.081*** 

(0.022) 

-0.081*** 

(0.022) 

-0.080*** 

(0.022) 

Constant -0.723 

(0.517) 

-0.492 

(0.502) 

-0.445 

(0.508) 

-0.395 

(0.490) 

Observations 25,899 25,899 25,899 25,899 

R2 0.148 0.166 0.173 0.188 

Note: *p<0.1; **p<0.05; ***p<0.01 
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An index value of 1 indicates that a city and an establishment have the expected number of shared 

technology classes given the distribution of RTA values across all cities and establishments. An 

index value of 2 suggests that a city and establishment pair have about twice as many shared 

technology classes as you would expect given the overall distribution of RCA values, etc. 

I then take all the establishments within one firm and build a binary dependent variable that 

indicates whether or not the individual establishments of the firm are placed in the city where they 

are found. So imagine a firm with 5 plants. Each of these plants is associated with five observations 

and where the dependent variable takes the value 0 in four of those locations where the plant is 

assigned to the wrong city and the dependent variable takes the value 1 for one observation where 

the plant is allocated to the city in which it is actually found. I repeat these observations for all 

firms and then I use the technological similarity between the establishment and the city to predict 

the correct location of the establishment. I build the similarity measures using patent data for the 

entire study period 2001-15. 

The results are presented in Table 5. I have not added control variables to this model as I simply 

want to test whether we can allocate establishments to their respective cities within the firm based 

only on the technological similarity of establishments and cities. Using the probability of 0.5 as a 

threshold, this model correctly predicts over 92% of establishment locations at the firm level. This 

result provides strong support that the branches of multi-locational firms absorb the technological 

know-how of the cities in which they are located. Whether or not these establishments are 

strategically located in different cities to access the tacit knowledge that may be embedded in 

particular places remains to be seen. However, these results surely hint at that possibility. 
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Table 5. Logit model predicting city-establishment pairings based on technological 

similarity 

Dependent variable: 

location 
Coefficient (s.e.) obs 

Technological similarity 
0.0832*** 

(0.0096) 
56,326 

constant 
-0.2827*** 

(0.0324) 
 

Notes: Firm fixed effects included and standard errors clustered within the firm. * significant at the 0.1 level, ** 

significant at the 0.05 level, *** significant at the 0.01 level 

4.4 Does Multi-locational Knowledge Sourcing Increase the Quality of Innovative Output 

 

As discussed earlier, the resource (and knowledge) based view of the firm argues that access to 

technology is key in generating competitive advantage (Prahalad and Hamel, 1990; Barney, 1991; 

Mahoney and Pandian, 1992; Grant, 1996). While knowledge can be developed internally through 

R&D activity and other forms of knowledge creation processes (Nonaka, 1991), technological 

development dynamics also rest on the ability to combine internal resources with external 

knowledge (Cohen and Levinthal, 1990; Teece and Pisano, 1994), or on what has been known as 

open innovation strategies (Chesbrough, 2003). Access to external knowledge, especially that 

which is tacit, is thought to depend upon co-location with other knowledge providers as non-

codified forms of knowledge do not travel well (Gertler, 2003; Storper and Venables, 2004; 

Balland and Rigby, 2017). Thus, for single-plant firms, harnessing tacit non-local knowledge is 

very difficult. Collaborations or external pipelines might be a way to source non-local knowledge, 

but they may be limited in scope due to the costs associated with developing these pipelines 

(Esposito and Rigby, 2019), and the distance-dependent transaction costs involved in exchanging 

tacit knowledge (Scott, 1998; Storper and Venables, 2004). Conversely, multi-locational firms 
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may take advantage of their organizational structure to target distant knowledge pools, establishing 

plants in specific locations to access localized knowledge assets. Branch locations can thus act as 

competence-exploiting units reinforcing the specialization core of the firm, or as ‘competence-

creating’ units which seek to generate new forms of knowledge by interacting with external 

partners (Cantwell and Piscitello, 2000; Cantwell and Mudambi, 2005; Mudambi et al., 2014).  

If multi-locational firms are strategic in this way, we might expect to see returns to their actions, 

returns that may highlight their ability to gather distant knowledge assets and perhaps recombine 

those in productive ways. In a well-known paper in the international business field, Singh (2008) 

explores whether spatially distributed R&D within MNEs raises the quality of the knowledge they 

produce. He measures knowledge quality using forward citations and examines the relationship 

between knowledge quality and the geographical dispersion of R&D within a sample of more than 

1100 firms. Singh (2008) reports that increases in the spatial separation of a firm’s R&D activity 

is negatively associated with the number of forward citations generated by the firm’s patents. The 

potential gains from accessing diverse ideas generated in different locations are seen as offset by 

the difficulty of integrating disparate knowledge subsets. 

In the analysis below, I seek to revisit Singh’s (2008) work. Because I focus mostly, though not 

exclusively, on domestic multi-locational firms operating in a relatively standardized institutional 

environment, it is possible that the difficulties of knowledge integration may be lower in the 

sample. However, I also seek to distance this work from that of Singh (2008) in one very important 

respect. While Singh (2008) recognizes the value of tacit knowledge and its relative immobility, 

he does not have a good measure of its value. While this is a significant problem for us all, using 

forward citations to measure the quality of tacit knowledge does not appear to be the best solution. 

By its very nature, tacit knowledge belies the imitation that patent citations track. An alternative 
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concept, that of knowledge complexity, is also used to measure the value of knowledge (Hidalgo 

and Hausmann, 2009). Furthermore, knowledge that is complex also tends to be rare, so this 

concept appears to fit better with the idea of knowledge that is tacit. Indeed, Balland and Rigby 

(2017) develop the link between complexity and tacit knowledge before examining the geography 

of tacit knowledge production across U.S. cities. 

If access to multiple pools of knowledge is beneficial for firms, and if multi-locational firms are 

able to recombine that knowledge effectively, they should generate knowledge that is more 

valuable. I develop the two measures of knowledge ‘value’ discussed above, the number of 

forward citations on patents and the complexity of patents, and I regress those measures against 

the number of establishments in the firms that produce the patents in the sample. My hypothesis is 

that patent ‘value’ should be positively related to the number of establishments in the multi-

locational firm. I do not average patent values by each firm; the averaging process likely adding 

noise. So the units of observation in this analysis are individual patents produced by at least one 

of the 1,020 firms in the sample over the period 2001 to 2015. There are approximately 330,000 

patents in the sample. Forward citations for each patent are measured for 7 years after the 

application dates of granted patents only. Time fixed effects adjust for any truncation in citations 

at the end of the study period. The characteristics of patents, the assignee (owning organization), 

the date of application, the number of co-inventors, technology classes listed, number of 

knowledge claims and the number of forward citations are all available through the records of 

USPTO. Many of these variables are anticipated to interact with patent value. The complexity of 

CPC patent classes is derived following the method of reflections outlined in Hidalgo and 

Hausmann (2009). Class complexity scores are found from the set of all US patents generated in 

the period 2001 to 2015. Complexity scores for individual patents are measured as weighted 
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averages of the complexity values assigned to each of the classes listed on each patent. The number 

of locations by multi-locational firm comes from the Orbis data as explained above. 

Patent value, at least as measured through the number of citations, is presumably linked to the 

number of inventors, the number of classes and the number of knowledge claims listed on patents 

(Breitzman and Thomas, 2015). I add these variables to the analysis as covariates. Further, I expect 

that not only firm size (the number of establishments in the firm), but the interaction between a 

firm’s establishment drive the impact of a patent in terms of forward citations. I add two measures 

of inter-establishment interaction to the models. The first is a dummy variable that indicates 

whether a patent is the product of inventors located in different establishments of the firm. The 

second is a dummy variable that records whether a patent generated in one of the firm’s 

establishments cites a prior patent developed in a different location of the same firm. I found these 

dummy variables worked better than continuous measures of inter-establishment interaction in the 

models. Dummy variables are also employed to capture the potential influence of foreign inventors 

on patent values and whether or not a firm is foreign-owned. Foreign co-inventors and foreign 

firms might be able to draw on foreign resource pools that shape the value of knowledge over and 

above those factors that I control for above. Finally, I include a time-varying measure of the 

number of patents generated in each of the cities where plants are located. This is a proxy for the 

local knowledge available to the firm through its establishment network. The number of patents 

produced at the firm-level was correlated (r = 0.89) with the number of locations in the firm and 

so this secondary measure of firm size was not used as well as the number of branches within the 

firm. 

Tables 6 and 7 highlight the models linking the number of establishments within U.S. multi-

locational  firms to the quality and complexity of the knowledge they produce. With the number 
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of forward citations as a count variable, the models in Table 6 are estimated as negative binomial 

regressions using maximum likelihood techniques.  

Table 6. Number of branches and knowledge quality in US multi-locational firms 

 Dependent variable: number of forward citations on patent 

 

 Model 1 Model 2 Model 3 Model 4 

Number 

establishments 

-0.0058*** 

(0.0002) 

-0.0055*** 

(0.0002) 

-0.0051*** 

(0.0002) 

-0.0053*** 

(0.0002) 

Number claims   0.0100*** 

(0.0004) 

0.0096*** 

(0.0004) 

Class count   0.0834*** 

(0.0047) 

0.0792*** 

(0.0047) 

Inventor count   0.0445*** 

(0.0026) 

0.0401*** 

(0.0028) 

Inter-est. collabtn 

(co-inventors) 

   0.0518*** 

(0.0130) 

Inter-est collabtn 

(citations) 

   0.1472*** 

(0.0143) 

HQ     -0.1053*** 

(0.0112) 

Foreign inventor 

dummy 

   -0.0345* 

(0.0192) 

Foreign firm 

dummy 

   -0.0479** 

(0.0243) 

City-size 

(patents) 

   0.0000*** 

(6.53E-07) 

Constant 1.3071*** 

(0.0002) 

1.9471*** 

(0.1451) 

1.5421*** 

(0.1499) 

1.5629*** 

(0.1493) 

Patent year Fixed 

Effect 

No Yes Yes Yes 

Primary class 

Fixed Effect 

No Yes Yes Yes 

# Obs 329,768 329,768 304,726 304,726 

Notes: The model was estimated as a negative binomial regression using maximum likelihood estimation. * 

significant at the 0.1 level, ** significant at the 0.05 level, *** significant at the 0.01 level. Standard errors are 

shown in parentheses and are robust to heteroscedasticity. 

Throughout all four models examined, the negative relationship between the number of 

establishments and the quality of knowledge as measured by forward citations is clear. These 

results mirror the findings of Singh (2008). So even within multi-locational firms operating across 
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U.S. cities, in what I claim would be a relatively homogeneous institutional environment, these 

results would suggest that firms that control more plants are seemingly unable to integrate the 

knowledge that they produce in ways that would increase the quality of their patents, as measured 

by forward citations. The HQ dummy reports whether a patent was generated within the HQ of its 

parent firm. If we think of the HQ plant as that most capable of integrating knowledge produced 

across the firm, the negative and significant coefficient on the HQ dummy is telling. Most of the 

covariates in Table 6 operate as expected. Increases in the number of knowledge claims, the 

number of inventors and the number of classes on patents all tend to raise knowledge quality. 

Furthermore, as collaboration between the establishments of the firm increases, captured with 

dummy variables on co-inventor linkages between establishments and with citations linking 

establishments, knowledge quality rises. When patents are generated by teams that include a 

foreign co-inventor they tend to be less valuable, and foreign firms in the sample generate 

knowledge that generates significantly less forward citations than domestic multi-locational firms. 

Finally, patents that are produced in larger cities, measured by total patent production, generate 

more forward citations.  

Now turning to the measure of complexity rather than citations in Table 7, the key finding is that 

firms with a larger number of establishments tend to produce significantly more complex patents, 

on average. Unlike the previous results showing that dispersed R&D had a negative impact on 

patent quality, or forward citations, the results obtained in the complexity models support the view 

that multi-locational firms are able to exploit specialized local knowledge stocks and successfully 

integrate the ideas that they gather in different locations. Patent characteristics impact complexity  

in ways we would anticipate with more complex patents requiring more inventors and generating 

more knowledge claims. 
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The class count has a negative relationship with complexity unlike knowledge quality. This can be 

explained by the fact that combining highly complex classes is extraordinarily difficult and not 

that common. Combining complex and less complex classes in similar fields is much more likely 

but the lower complexity classes dampen the overall measure of patent complexity. When 

establishments of a firm collaborate more, knowledge complexity is increased. And, note that the 

HQ dummy variable is positive and significant in the case of knowledge complexity. The HQ does 

appear to be able to integrate the technological insights gained from other locations of the firm in 

a way that boosts the complexity of the patents it generates. While tacit knowledge broadly may 

be locked in place, it is quite possible that snippets of valuable, tacit knowledge can be extracted 

from the places where it is produced and utilized to raise overall firm performance. Foreign co-

inventors appear to bring valuable ideas to the production of complex types of knowledge, unlike 

the production of highly cited patents. Foreign firms produce less complex knowledge in their U.S. 

plants than domestic firms. Much more work is required to understand if this is because they are 

less embedded locally or because their U.S. branches do not collaborate as much as those of 

domestic firms. A simple interaction added to Model 4 of Table 7 does show that there is 

significantly less collaboration between the U.S. branches of foreign versus domestic firms. 

Finally, there is a positive association between larger cities and more complex knowledge 

production. Overall, using complexity rather than citations as a proxy for the quality of innovative 

output offers contrasting results. I argue that measuring complexity come closer to capturing the 

production of knowledge that is more tacit, and thus more valuable for firms. In fact, the results 

obtained from the complexity models appear closer to what theoretical arguments in the knowledge 

sourcing literature claim: firms that utilize their organizational structure to tap into diverse 
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knowledge pools are able to produce knowledge that is harder to replicate, and thus that could 

prove to be a valuable source of competitive advantage.  

Table 7. Number of branches and knowledge complexity in US multi-locational firms 

 Dependent variable: patent complexity 

 Model 1 Model 2 Model 3 Model 4 

Number 

establishments 

0.0025*** 

(0.0001) 

0.0001*** 

(8.12E-06) 

0.0001*** 

(8.45E-06) 

0.0001*** 

(8.87E-06) 

Number claims   0.0001*** 

(0.0000) 

0.0001*** 

(0.0000) 

Class count   -0.0210*** 

(0.0003) 

-0.0211*** 

(0.0003) 

Inventor count   0.0004*** 

(0.0001) 

0.0002* 

(0.0001) 

Inter-est. collabtn 

(co-inventors) 

   0.0029*** 

(0.0005) 

Inter-est collabtn 

(citations) 

   0.0011** 

(0.0005) 

HQ     0.0029*** 

(0.0004) 

Foreign inventor 

dummy 

   0.0022*** 

(0.0007) 

Foreign firm 

dummy 

   -0.0042*** 

(0.0007) 

City-size 

(patents) 

   3.62E-07*** 

(2.53E-08) 

Constant 0.6594*** 

(0.0006) 

0.2817*** 

(0.0062) 

0.3105*** 

(0.0068) 

0.3077*** 

(0.0068) 

Patent year Fixed 

Effect 

No Yes Yes Yes 

Primary class 

Fixed Effect 

No Yes Yes Yes 

# Obs 329,768 329,768 304,726 304,726 

Notes: The model was estimated as OLS. * significant at the 0.1 level, ** significant at the 0.05 level, *** 

significant at the 0.01 level. Standard errors are shown in parentheses and are robust to heteroscedasticity. 

 

Conclusions 
This study offers a series of contributions to the literatures in economic geography and 

international business. Matching U.S. patent records to firm-level ownership and geographical 

data, I empirically explore knowledge sourcing and knowledge production patterns in multi-
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locational firms operating in the U.S. While this topic has been extensively discussed in the 

literature, few studies have undertaken a large-scale empirical analysis at a disaggregate spatial 

level of activity. Echoing the literature in economic geography that shows significant differences 

in technological production, specialization, and complexity across regions (Rigby, 2015; Balland 

and Rigby, 2017; Balland et al., 2020), the sub-national scale of analysis should not be overlooked 

when considering how firms deploy their activities spatially to develop their competitive 

advantage.  

The first empirical section addresses the simple question of whether firms produce different kinds 

of knowledge across their individual locations. Previous studies have generally looked at 

geographical and technological diversification using patent shares (Qiu and Cantwell, 2018), 

technological class combinations (Phene and Tallman, 2018) or by comparing the distribution of 

RCAs across the firm’s locations (Cantwell and Piscitello, 2000, 2015). I take a different approach 

and use a measure of technological relatedness between CPC classes in a PERMANOVA design 

to statistically test whether establishments of a firm differ in the technologies they produce. I 

discover that about half of the firms in the sample have statistically significant differences across 

their different locations. The percentage increases as attention shifts to larger firms, suggesting 

that large and more mature firms may be better able to successfully source knowledge from 

heterogeneous local pools and thus use their spatial-organizational structure to diversify into new 

technological fields.  

The subsequent set of analyses more directly addresses whether spatial diversification is linked to 

localized knowledge sourcing motivations in multi-locational firms. First, using a standard 

regression model, I show that the technological distance between cities is an important indicator 

of technological distance between the establishments of a firm. In addition, this model confirms 



  95 
 

that as the size of the firm increases, establishments tend to be more differentiated in terms of 

technological production. Conversely, establishments that are more integrated, as indicated by co-

establishment collaborations and patent citations, tend to produce more similar technologies. The 

second model seeks to capture the association between the knowledge of the firm and that of the 

region more directly. Using a logistic regression, I find that technological proximity between 

establishments and cities is a strong predictor of the location of establishments. From these two 

models, we can therefore claim that geographical diversification of innovative activities in multi-

locational firms appears to be motivated by knowledge seeking. 

Finally, following theories of knowledge sourcing in international business, a multi-locational 

knowledge sourcing strategy should be beneficial to the competitive advantage of firms due to the 

ability to tap into multiple localized knowledge pools. However, papers by Singh (2008) and 

Scalera et al. (2018) found that this hypothetical relationship did not hold true empirically. In the 

former case, geographically dispersed R&D is shown to have a negative correlation with the 

quality of innovation; in the latter case, the results take the form of a curvilinear relationship 

between the number of domestic R&D locations and the average technological scope of patents 

produced by the firm. These results are rather surprising given that having access to a wider 

knowledge base should theoretically expand recombination possibilities and thus positively 

contribute to innovative activity. I thus revisit these claims and rather look at the complexity of 

innovative output, which we could argue, represents a better measure to capture knowledge that is 

more tacit. I first partly replicate Singh’s model and obtain the same results: geographically 

dispersed R&D is negatively associated with ‘knowledge quality’ as measured by forward 

citations. Turning to the complexity models, I find a positive association between the number of 

establishments in multi-locational firms and the average complexity of patents they produce. These 
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results imply that multi-locational knowledge sourcing is an important source of competitive 

advantage for firms. Indeed, complex technologies are harder to replicate, and thus can allow firms 

to maintain their competitive edge over competitors (Alcacer and Zhao, 2012; Balland and Rigby, 

2017). Finally, these results also show that higher levels of integration between the establishments 

of the firm were also conducive to developing technologies that are more complex. This is in line 

with other research showing that collaboration between establishments of a firm had a positive 

impact on innovative outcomes (Berry, 2014, 2015).  

Overall, this research provides robust empirical evidence that firms operating in the U.S. have 

variegated knowledge production activities across cities in which they operate. There are, however, 

some limitations to this research. First, the sample is limited to branches of corporations, and 

therefore exclude subsidiaries and joint ventures. Including these forms of entities is likely, 

however, to reinforce my findings that firms diversify across space given that subsidiaries often 

operate in sectors that are slightly different than what the core firm is doing. Nevertheless, 

including these other establishments controlled by the firm would offer a more comprehensive 

picture of knowledge sourcing patterns in multi-locational organizations. Secondly, this study does 

not incorporate other firm-level or regional dimensions likely to affect diversification. This is due 

in part to the lack of accessibility of detailed firm-level information for private corporations in the 

US. Finally, there are many possibilities to extend this research in the future. On the one hand, a 

broader empirical perspective on knowledge diversification at the multinational scale would add 

much to the literature. On the other hand, I did not explore differences across industries and forms 

of corporations; disaggregating the data would likely unearth a certain level of heterogeneity 

between organizations. 
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Appendix  
 

Appendix Table 1. PERMANOVA results grouped by broad technological classes 

Technological 

sector  

# of firms # (%) of firms with signif  

pmanova 

(perms=999) 

# (%) of firms with signif 

pmanova 

Adjusted for RHT (perms=999) 

1 115 82 (71.3) 

70 (60.9) 

54 (0.470) 

p<0.1 

p<0.05 

p<0.01 

66 (57.4) 

55 (47.8) 

39 (33.9) 

p<0.1 

p<0.05 

p<0.01 

2 225 142 (63.1) 

125 (55.6) 

80 (35.6) 

p<0.1 

p<0.05 

p<0.01 

114 (50.7) 

89 (39.6) 

63 (28.0) 

p<0.1 

p<0.05 

p<0.01 

3 103 67 (65.0) 

57 (0.553) 

42 (40.8) 

p<0.1 

p<0.05 

p<0.01 

55 (53.4) 

45 (43.7) 

31 (30.1) 

p<0.1 

p<0.05 

p<0.01 

4 102 67 (65.7) 

62 (60.8) 

46 () 

p<0.1 

p<0.05 

p<0.01 

59 (57.8) 

50 (49.0) 

34 (33.3) 

p<0.1 

p<0.05 

p<0.01 

5 83 52 (62.7) 

46 (55.4) 

33 (39.8) 

p<0.1 

p<0.05 

p<0.01 

45 (54.2) 

36 (43.4) 

27 (32.5) 

p<0.1 

p<0.05 

p<0.01 

6 108 72 (66.7) 

64 (59.3) 

39 (36.1) 

p<0.1 

p<0.05 

p<0.01 

57 (52.8) 

41 (38.0) 

28 (25.9) 

p<0.1 

p<0.05 

p<0.01 

 

All firms 

 

 

736 

482 (65.5) 

424 (57.6) 

294 (39.9) 

p<0.1 

p<0.05 

p<0.01 

396 (53.8) 

316 (42.93) 

222 (30.1) 

p<0.1 

p<0.05 

p<0.01 
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Chapter 3. Technological Diversification and Capability Sourcing in Multi-

locational Firms in Europe 
 

Abstract 
 

Using European patent records linked to ownership and geographical data, this paper examines the 

influence of establishment, corporate wide, and regional capabilities on technological 

diversification in multi-locational firms in Europe. The general results show that all three sources 

of capabilities positively and significantly impact technological diversification. These results 

suggest that capabilities flow across firm boundaries located within the same region as well as 

between regions within intra-corporate channels. However, distinguishing between intra-corporate 

capability flows occurring within national economies as opposed to flows occurring across borders 

reveals an effect that is almost twice as large for capabilities residing in other establishments from 

the same country. Finally, the influence of capability sources varies depending on the ‘degree of 

novelty’ of the technologies developed within establishments of multi-locational firms. 

Technologies that are new to the firm as a whole build primarily on internal and place-based 

capabilities, whereas technologies that are new to the region in which the establishment operates 

rather build on internal and firm-level capabilities.  

Introduction 
 

At least since the emergence of the resource-based view of the firm, economic performance has 

been linked to the unique capabilities firms develop (Wernerfelt, 1984; Prahalad and Hamel, 1990; 

Barney, 1991). Similar perspectives emphasize the centrality of accumulated knowledge as a 

source of differentiation and competitive advantage on the market, knowledge that underlies the 

firm’s various processes and routines (Kogut and Zander, 1992; Grant, 1996). But how do  
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knowledge or  capabilities emerge in the first place? From a firm perspective, knowledge 

development has been conceptualized as resulting from a mix of internal processes, such as 

dedicated R&D (Pavitt, 1991) and the development of routines through repetition, experimentation 

and interaction (Arrow, 1974; Teece and Pisano, 1994), and market and non-market based external 

interactions (Von Hippel, 1988; Chesbrough, 2003). Because of the cost of searching for new 

knowledge and the difficulty of knowledge exchange, inter-organization knowledge flows tend to 

be predominantly localized (Storper and Venables, 2004; Gertler, 2005), bringing specific types 

of capabilities to circulate primarily among co-located, or clustered, agents (Maskell and 

Malmberg, 1999; Gertler, 2003; Balland and Rigby, 2017). The interactions and knowledge 

spillovers of co-located firms thus lead technological know-how to circulate within and across the 

borders of local firms, giving rise to what could be conceived as place-based capabilities (Morgan, 

1997; Freeman, 1994). 

From a regional perspective, the importance of developing and reinforcing local capabilities to 

stimulate economic development has consequently been a widely discussed topic in academia and 

policy. In the policy domain, public initiatives such as smart specialization in Europe or the 

superclusters in Canada are built on the premise that regions host distinct specializations and 

innovative capabilities, and face different sets of challenges and opportunities (Rodriguez-Pose, 

2018). These approaches to regional economic development rest on the initial assessment of the 

local knowledge base from which future specialization trajectories can be shaped. In parallel, the 

question of how regions reinforce or develop new specializations has been central to the economic 

geography literature. To some, regional economies tend to follow path-dependent development 

trajectories, whether it be in terms of the structure of the urban hierarchy (Davis and Weinstein, 

2002; Bleakley and Lin, 2012), or in terms of technological production (Rigby, 2015; He et al., 
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2018). However, long-term trends towards path dependencies can be disrupted by structural 

changes in the industrial organization of regions (Martin and Sunley, 2006), which can forge 

alternative development paths (Trippl et al., 2018). Changes in the spatial distribution of economic 

activity and industrial mix may arise from major technological discontinuities that trigger a 

reshuffling in the localization of industrial activities (Storper and Walker, 1989), or they may be 

prompted by the movement of knowledge and factors of production, perhaps generated by the 

mobility of skilled workers or by the entry or exit of multi-locational firms (Neffke et al., 2018; 

Trippl et al., 2018). Overall, whether or not regional industries embark on divergent development 

trajectories, ‘importing’ or developing new capabilities may prove to be crucial to sustain the long-

term dynamism of regional industries (Bathelt et al., 2004; Martin and Sunley, 2006).  

While the patterns of specialization, diversification, or decline of regions have been subject to 

extensive research, how the capabilities supporting changes in the industrial structure are 

developed or introduced by organizations remains an important source of inquiry. Recent studies 

have begun the task of unpacking the sources of capabilities involved in the development of new 

regional specializations, reporting that nonlocal agents play key roles in shifting the industrial base 

of regions(Neffke et al., 2018; Lo Turco and Maggioni, 2016, 2019; Elekes et al., 2019; Whittle et 

al., 2020) These results align with the theoretical arguments of Bathelt et al., (2004), who suggest 

that extra-local connections, or external pipelines, are instrumental to the long-term dynamism of 

industrial clusters. In this scenario, nonlocal firms may act as a form of (permanent) pipeline 

linking a regional industry to external sources of knowledge (Bathelt and Li, 2020).  

Although nonlocal firms are central to these studies, the multi-locational firm’s complex 

organizational structure and the processes of knowledge recombination are frequently overlooked. 

The general assumption underlying the idea that multi-locational firms are more likely than single-
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plant firms to develop or introduce new capabilities is that multi-locational firms have a higher 

knowledge recombination potential enabled by their geographically distributed network of R&D 

establishments (Dunning, 2013; Cantwell, 2017). There are multiple elements involved in the 

process that are rarely discussed in regional studies both theoretically and empirically. First, there 

are distinct sources of capabilities that may intervene in the innovation process in multi-locational 

firms, capabilities that may have different impacts, or at least be impactful at different levels of 

intensity. Knowledge development in a given organization generally results from a mix of internal 

and external interactions. For multi-locational firms, this interface is multiplied as the organization 

operates in multiple environments simultaneously. The capabilities developed within a specific 

establishment of the firm, with its set of routines, human capital, and technologies are presumably 

different from the capabilities developed by the other establishments of the corporation. What is 

more, each establishment might be embedded in specific sets of (local) relationships that will also 

influence the nature of the capabilities they are developing, in turn generating further 

differentiation across the corporation’s different plants. Thus, do all these capabilities play the 

same role in technological development in multi-locational firms? Is it the plants of the multi-

locational firms themselves that tend to develop these new capabilities that influence regional 

trajectories or do these establishments rather import capabilities from different locations through 

corporate channels?  

Secondly, organizations have different spatial structures that may influence how capabilities are 

developed. In this respect, by focusing on international value chains, the literature on multi-

locational (multinational) firms has generally under-appreciated the intra-national scale when 

investigating these processes (Iammarino and McCann, 2013; Mudambi et al., 2018), even though 

firms do exploit inter-regional variations in knowledge production within national economies (as 
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shown in chapter 2). Little is known about this phenomenon in the European space, i.e. whether 

firms exploit both intra- and inter-national variations in knowledge stocks for knowledge sourcing 

purposes, and thus whether technological production in individual plants is influenced by 

capabilities in other establishments within the same national economy, by capabilities residing in 

other national economies, or both.   

In this paper, I address this gap and build on regional diversification models but zoom in to 

investigate the importance of establishment, firm, and regional sources of capabilities in the 

development of new technologies in multi-locational firms in Europe. I additionally build on the 

literature on knowledge sourcing in multinational (multi-locational) firms to design the conceptual 

framework (e.g. Mudambi, 2002; Beugelsdijk and Mudambi, 2013; Iammarino and McCann, 

2013; Dunning, 2013; Cantwell, 2017). I more specifically tackle three general questions. First, 

using fixed effects logit regressions, I find that all three sources of capabilities have a significant 

influence on the direction of technological diversification in multi-locational firms. The first set of 

results indicate that regional, or place-based capabilities have the strongest impact, although 

differences between all three sources are relatively small. Secondly, I investigate whether there are 

differences in capability sourcing from other establishments of the firm within the same national 

economy as opposed to establishments operating in other countries. The results show an effect that 

is almost twice as large for establishments of the same country. Finally, I examine the changes in 

the effects of these capabilities depending on the ‘degree of novelty’ of the technology developed, 

identifying technologies that are new to the firm as a whole and technologies that are new to the 

region. The results show that when technologies are new to the firm as opposed to being already 

developed in the rest of the corporation, establishments predominantly build on their own 

capabilities, followed by capabilities residing in the host location. Diversification in technologies 
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that are new to the region shows a divergent trend: firm-level capabilities have a positive influence, 

while these new technologies are negatively related to accumulated regional capabilities. These 

results bring important nuances to the arguments put forward by the literature on regional 

diversification and structural change. These new regional technologies introduced by multi-

locational firms build more closely on capabilities accumulated in other national units of the firm, 

and not necessarily on knowledge from distant or international locations. This highlights the 

importance of deconfining the study of multi-locational firms from focusing on international 

operations to include the (sometimes expansive) networks of national establishments when 

investigating knowledge flows.  

The rest of the paper is organized as follows. First, I will review the existing literature on 

diversification and knowledge sourcing in firms and regions. Section 3 provides a discussion on 

the data and the methods used in the paper, while section 4 presents the results. I will conclude in 

section 5 with a discussion on the results and their implication.   

2. Theoretical background 
 

I adopt a perspective that builds on two streams of literature in this study. These two literatures 

intersect in the importance given to knowledge and innovation for competitiveness in the modern 

economy. First, I discuss how regions can be conceptualized as differentiated repositories of 

accumulated knowledge, and how local industrial structures evolve over time. Secondly, I focus 

on knowledge development and innovation in organizations. Although the unit of analysis in the 

empirical models are firms, the approach developed in this paper intends to combine a regional 

and a firm-level perspective to investigate how multi-locational firms use their own accumulated 

capabilities as well as capabilities residing in other local actors to develop technologies that are 
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either new to the establishment, new to the firm, or technologies that are new to the region as a 

whole. It therefore provides a more disaggregate perspective on the role of nonlocal agents in 

fostering industrial structural change in regions.  

2.1 Co-location 

 

The starting point in economic geography is that the economic structures of specific localities are 

distinct from each other. At the primary level, we can think of regional differentiation in terms of 

initial or preexisting factor endowments. For instance, Davis and Weinstein (2002) reported a 

strong historical stability in the spatial distribution of the population in Japan, showing that the 

early location choices of Japanese settlers based on topographic features are still reflected in 

today’s urban hierarchy. In a similar vein, Bleakley and Lin (2012) argue that settlements around 

portage sites during European and American colonization in the United States are more likely to 

be large population centers as of today. The explanation behind these phenomena is that increasing 

returns to scale in denser areas give cities an advantage in subsequent rounds of economic 

development. Ellison and Glaeser (1999) estimated that the natural advantages explained about 

20% of the observed geographical concentration in the US. While these studies capture long-term 

path dependencies in the general urban landscape, there are also differentiated and evolutive 

patterns in the spatial distribution of industrial activities, economic growth, and migration flows. 

These give rise to significant observed inter-regional differences in terms of real wages (Kemeny 

and Storper, 2012), technological specialization (Rigby and Essletzbichler, 1997; Kogler et al., 

2017), and the quality of knowledge produced locally (Balland and Rigby, 2017; Balland et al., 

2020), among other dimensions.  
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How the spatial organization of economic activities takes shape and evolves has long been a source 

of academic inquiry (Boschma and Martin, 2010). If we assume that firms seek to optimize their 

location choice based on expected returns, changes in the cost structure of capital, labor and 

technology in a specific location could push firms – or an industry as a whole- to relocate to more 

favorable environments (Storper and Walker, 1989). Saxenian (1996) argues that more rigid 

institutions and labor markets, along with outdated industrial and organizational structures, can 

also hamper growth in some industrial complexes, while favoring the emergence of new locations. 

Additionally, the prior knowledge base (Balland et al. 2018), quality of regional institutions and 

governance (Rodriguez-Pose, 2013; Storper, 2013), or the presence of leading research universities 

and scientists (Zucker et al. 1994), are different elements that have been identified as potentially 

contributing to the emergence of new regional specializations. The extent to which the 

development of local industrial sectors is initiated and supported by the entry and exit of firms, or 

to the actual movement of capital (knowledge, human, financial, physical), remains unclear, 

however.  

As new centers of economic production emerge, the forces of agglomeration attract firms towards 

co-location. The exchange of more tacit forms of knowledge has a space-dependent cost structure, 

and thus decentralized and flexible forms of economic activities reliant on untraded 

interdependencies tend to cluster in space to minimize these costs (Storper, 1995; Storper and 

Venables, 2004). In addition to allowing more frequent face-to-face interactions, which may be 

crucial to the effective transfer of tacit knowledge, co-location attenuates the search costs related 

to finding specific bits of complementary knowledge. Co-located firms can indeed benefit from 

already-established local connections or else rely on the local reputation or referrals from various 

partners to ease the screening process (Gertler, 2005). The clustering of firms centered around 
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given complementary activities thus leads certain capabilities to accumulate in place, although 

these capabilities are not necessarily disembodied and freely disseminated among local actors 

(Breschi and Lissoni, 2001). Though localized, knowledge may in fact reside in actors composing 

the local-industrial complex.  Zucker and colleagues (1998) provided evidence that knowledge 

dissemination can be strongly limited, as exemplified by the case of the early stages of the 

development of the biotech industry in California. This can be explained by the high returns to 

intellectual capital of breakthrough technologies, thus incentivizing the capital holders to be 

protective of their knowledge. Besides scientists, local knowledge may reside in other local actors, 

such as imperfectly mobile specialized workers (Scott, 2005; Rigby and Brown, 2015), industry-

specific buyers and suppliers (Porter, 1990; Duranton and Puga, 2004), local knowledge 

institutions and specialized service providers (Bramwell and Wolfe, 2008; Shearmur and 

Doloreux, 2019), and entrepreneurs (Feldman, 2001; Audretsch and Feldman, 2004). In the 

aggregate, these different actors represent sources of knowledge firms embedded in a locality may 

access. 

Overall, we can argue that it is the forces of agglomeration and the ‘local’ accumulation of 

capabilities that give rise to specific regional compositions of industrial activities. In such a 

process, the relationship between the firm and the region can be seen as mutually influential: 

individual organizations, influenced by their local environment, develop distinct sets of 

capabilities to compete on the market and in turn shape the environment in which they operate by 

augmenting or transforming the set of local capabilities available to organizations.  

2.2 Technological Change  

Evolutionary perspectives in geography have sought to shed light on the dynamics that forge the 

nature of regional industries. The evolution of regional industrial activities is believed to be shaped 
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by the capabilities underlying the existing industrial structure that emerge from past trajectories of 

competition and choices made by local economic agents (Rigby and Essletzbichler, 1997). At the 

individual firm level, technological development is believed to be constrained by the 

organization’s accumulated sets of capabilities and by the (local) knowledge they have access to. 

Building from the resource-based view of the firm, differentiation and competitiveness on the 

market arise from the firm’s rare, valuable, and imperfectly imitable resources (Barney, 1991). 

Knowledge-based approaches similarly emphasize the singularity of the knowledge developed and 

accumulated in organizations, knowledge that underlies other activities in the firm (Grant, 1996). 

To remain competitive in the longer run, however, knowledge should not be treated as static. Firms 

need to develop adaptative capabilities and adopt strategic responses to changes in market demand 

and competition (March, 1991; Teece et al. 1997). A key element in this dynamic process is the 

ability of organizations to learn, meaning the firm’s repetition and experimentation that foment 

strategic responses that “adapt, integrat[e] and reconfigure[e] internal and external organization 

skills, resources, and functional competences toward changing environment” (Teece and Pisano, 

1994: 1). The cumulative nature of learning implies that firms are more likely to diversify into 

related activities (Teece et al., 1994). Indeed, the bounded rationality of economic agents and the 

costs associated with exploring new technological opportunities (March, 1991) will lead firms to 

invest in sectors and technologies that are closer to their existing capability base (Kogut and 

Zander, 1992). This tendency to enter technological fields that are closer to the firm’s existing 

organizational capabilities has been observed repetitively in the empirical literature (Teece et al., 

1994, Patell and Pavitt, 1997; Breschi et al., 2003; Leten et al., 2007; Dosi et al., 2017).  

Technological development in firms is not only constrained by their own capabilities, but also by 

the external capabilities the organization can tap into and internalize to expand their own capability 
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base (Cohen and Levinthal, 1990). Although some firms regularly engage in non-local knowledge 

interactions for innovation purposes (Trippl et al., 2009; Fitjar and Rodriguez-Pose, 2013), the 

costs of searching new technological capabilities and the costs of exchanging more tacit forms of 

knowledge across space leads external knowledge sourcing to be mostly localized (Storper and 

Venables, 2004; Gertler, 2005; Martin and Moodysson, 2011; Koch and Simmler, 2020),  therefore 

partially conditioning the development trajectory of firms to the trajectories of other co-located 

organizations. This may result in a form a path-dependent evolution of technology for plants 

operating in a given region (Essletzbichler and Rigby, 2007). We could therefore argue that 

technological evolution results from a recursive process of knowledge development and exchange 

between individual plants and aggregate regional industries. Hausmann and Rodrik (2003) develop 

these same arguments in their claim that industrial diversification (of countries) is restricted by 

high search costs entrepreneurs face when trying to penetrate new sectors, so they primarily build 

on (geographically and technologically) proximate capabilities. Expanding on these arguments and 

exploring these questions empirically, Hausmann et al. (2007) and Hidalgo et al. (2007) use export 

data and show that a country’s current export basket is a strong predictor of subsequent 

diversification and economic growth. Their results imply that diversification follows path-

dependent trajectories, but not all paths yield the same economic benefits (see also Balland et al., 

2019).  

These studies, however, highlight the path-dependent nature of technological evolution at the 

country level, which hides inter-regional disparities. Boschma et al. (2013) and Neffke and 

Henning (2013) focus on the subnational scale to examine these processes, discovering that region-

specific industrial bases were shaping the development trajectories of these regions. Kogler et al. 

(2013), Rigby (2015), and Balland et al. (2015) explore diversification more specifically in the 
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realm of technological production, or patenting. Overall, these studies show that regions develop 

distinct knowledge cores and build on their existing local capabilities to enter new technological 

domains.  

While path dependency implies that co-location might support technological development in firms 

because they can reduce their search costs and benefit from localized and complementary 

knowledge externalities, Martin and Sunley (2006) argue that it can also become a source of 

negative externalities. As exemplified by the case of older industrial regions in North America and 

Europe, strong path-dependent trajectories may eventually hinder innovative activity and generate 

institutional rigidity that negatively affects innovative and entrepreneurial activity (Saxenian, 

1996). As a response, in a context of a constantly changing technological frontier and increasing 

global competition, regional industries need to foster the development and introduction of new 

capabilities in order to maintain the industry’s dynamism and long-term competitiveness (Grabher 

1993; Hassink, 2005) 

2.3 Multi-Locational Firms as Sources of New Capabilities  

 

These new capabilities could come from diverse sources, from new technological innovations to 

entrepreneurial activity. Given the nature of local processes discussed above, the ability to import 

nonlocal knowledge may represent the most promising source of new capability for local firms 

and industries (Bathelt et al., 2004), whether it be through some forms of interactions, cooperation, 

strategic alliances, or through the entry to a region of new multi-locational firms. A body of work 

focusing on the role of nonlocal agents in introducing new capabilities to regional economies has 

recently emerged. Neffke et al. (2018), Elekes et al. (2019) and Lo Turco and Maggioni (2019) 

use similar approaches based on industrial and product relatedness and find that nonlocal firms are 
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important vectors of regional economic diversification. Underlying these arguments is the idea 

that nonlocal firms develop knowledge stocks that are distinct from those accumulated in local 

single-plant firms because of the potential of recombining various capabilities developed across 

their spatial network of establishments. Although there are well-established theoretical 

foundations to these claims (Mudambi, 2002; Iammarino and McCann, 2013; Cantwell, 2017), 

how capabilities are sourced and recombined remain relatively unexplored in this body of work.  

2.4. Theoretical Foundations of the Advantages of Multi-Locational Firms 

 

I will therefore briefly examine the theoretical foundations supporting the idea that nonlocal firms 

might be in an advantageous position to develop new capabilities in comparison to local single-

plant units. Indeed, multi-locational firms can take multiple forms, and their internationalization 

strategy may be founded on various sets of motives. The intention in this discussion is not to cover 

the whole range of potential multi-locational structures, but rather to highlight the main dimensions 

that pertain to the themes of this study. To start, following Chandler’s (1990) work on 

organizations, we can think of geographical expansion in terms of economies of scale and 

economies of scope. On the one hand, a multiunit structure allows optimization of the costs of 

production, through a mix of operation size and vertical dispersion of the value chain based on 

factor availability and factor price. On the other hand, multiunit firms can use their surplus and 

accumulated capabilities to differentiate products and penetrate different geographical and sectoral 

markets, thus building on economies of scope. Therefore, multiunit firms may have an advantage 

over single-plant organizations both in terms of efficiency and product or technological diversity.  

Focusing on the technological dimension more closely, multi-locational firms can build their 

advantage from tapping into different pools of knowledge and therefore expanding knowledge 
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recombination possibilities. While this does not hold true for all multi-locational firms, this 

knowledge sourcing strategy is one that is increasingly used by modern organizations (Cantwell, 

1989; Mudambi, 2002; Dunning, 2013). Nohria and Ghoshal (1997) view the multi-locational 

(they use the term multinational) organizational structure as a differentiated network of 

relationships between the home base and the affiliates, and between the affiliates themselves. The 

assignments given to each unit, from market development to knowledge sourcing and innovation, 

will be contingent on the set of capabilities developed within the unit, the economic dynamics 

within the host location, and the global strategy of the firm. Thus, they argue that the role of the 

subunit will be contingent upon the nature of the unit, meaning its accumulated resources, degree 

of autonomy, technologies and capabilities, and the ‘complexity’ of the environment in which they 

operate. When integrated in higher segments of the value chain, subunits generally hold three 

distinct roles: that of creating new capabilities for their own activity, adapting existing 

technologies to local markets, and diffusing innovations to the rest of the corporation.  

Overall, the internationalization of R&D activity implies that corporations can expand their 

knowledge base by carrying spatially differentiated activities and by participating in different 

localized innovation networks (Cantwell, 2017). The establishments of multi-locational firms 

therefore find themselves in a context of multiple embeddedness (Meyer et al., 2011). 

Establishments are, to various levels, embedded in the corporate network, inheriting from the 

central organization a set of norms and values that facilitate multidirectional knowledge flows 

between plants and the headquarters (Mudambi et al., 2014). At the same time, branches and 

subsidiaries are increasingly seen as units of value creation, and must create their own capabilities 

and generate innovative output, which require a certain level of external knowledge sourcing 

activity and thus localized embeddedness (Cantwell and Mudambi, 2005; Figueiredo, 2011).  
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2.5 Mechanisms of Knowledge Transfer Within the Firm 

 

The multi-locational knowledge sourcing and development processes need to be supported by 

internal mechanisms to maintain corporate coherence and generate synergies between the activities 

of different establishments. Although these internal mechanisms are not the subject of this study, 

I will provide a short discussion on some of the processes that are underlying knowledge flows 

within corporations. A relatively large literature has discussed the role of organizational designs 

in favoring or hampering innovative activities in multi-locational firms. In general, subunits that 

are granted a higher level of autonomy (Cantwell and Piscitello, 2015; Belderbos et al., 2015; 

Berry, 2015; Qiu and Cantwell, 2018), in terms of financial slack or decision-making power, and 

units that are more strongly embedded in their host location’s networks (Song et al., 2011; Berry, 

2018; Phene and Tallman, 2018) tend to be more innovative. However, flexibility and 

decentralization are counterbalanced by a need to develop effective internal integration 

mechanisms that will support inter-unit knowledge flows (Ferraris et al., 2020). Indeed, 

geographical expansion needs to be supported by efficient communication and knowledge transfer 

channels aimed at facilitating the sharing of objectives, expectations, trust, and the development 

of interpersonal networks (Zucker et al, 1994; Nohria and Ghoshal, 1997). These mechanisms can 

take various forms. Fang and colleagues (2010) and Berry (2015) highlighted the important role 

of internal manager mobility in facilitating information and knowledge transfers, a role that 

extends to inventor mobility and co-invention (Singh, 2008). If we consider knowledge creation 

as resulting in part from the interaction of individuals with different expertise in the organization 

(Nonaka, 1991), the movement of personnel can not only allow different subunits to share a 

common knowledge base, but also to favor the creation of new ideas by reallocating human capital 
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and specific expertise to different establishments, therefore enhancing knowledge recombination 

possibilities.  

In sum, firms engaged in geographically distributed innovative activity may be more apt at 

developing and introducing new capabilities because of their network of locally embedded 

establishments. In a way, multi-locational organizations attenuate the costs of moving more 

complex forms of knowledge across space by superimposing an organizational structure that 

comprises cost-reducing mechanisms of knowledge transfers and integration. From a regional 

perspective, these firms can become important contributors to or even instigators of technological 

upgrading and economic growth (Narula and Dunning, 2000; Kemeny, 2010; Cortinovis et al., 

2020; Crescenzi et al., 2021a; Crescenzi et al., 2021b).  

This paper investigates these questions empirically by focusing on technological diversification in 

the establishments of multi-locational firms. The focus is on the development of technological 

areas that are new to the firm since following the previous discussion, the introduction and 

development of new capabilities are key to sustain a competitive advantage for firms and regions 

alike. The empirical design builds on the related diversification literature and focuses on the 

establishments of multi-locational firms as the unit of analysis. I investigate three general sources 

of capabilities: the establishment, the corporation, and the capabilities residing in other co-located 

actors. Unlike most studies that tend to amalgamate corporate networks as one unique source, I 

distinguish between sources that originate from other establishments within the same country from 

sources accumulated in other countries in which the firm is active. While presumably similar in 

terms of organizational structure and processes, these two spatial levels of activity differ in (at 

least) two important ways. First, intra-national but multi-locational knowledge sourcing might be 

more limited in terms of diversity and thus in further recombination possibilities, although chapter 
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2 shows that there are significant dissimilarities in technological production across national 

establishments of firms, especially larger ones. The second main difference is that intra-national 

knowledge transfers may be less costly than international ones due to the absence of major 

institutional and cultural differences, which would theoretically lower transaction costs as 

compared to cross-border exchanges.  

I therefore ask three general questions:  

1) Do capabilities that influence technological diversification within the establishments of multi-

locational firms reside within the specific establishment, within the overall corporate network, or 

within the region in which the establishment operates?  

2) Are there differences between the influence of capabilities from other establishments within the 

same country as opposed to other establishments of the firm operating in other countries?  

3) Are there differences in the influence of different sources of capabilities depending on whether 

technologies are new to the establishment, new to the firm as a whole, or new to the region?  

3. Data  
 

I explore technological diversification in multi-locational firms in Europe using patents for the 

European Patent Office (EPO) and firm-level data from the Bureau Van Dijk (BVD). EPO patent 

records are used to capture the structure of technology developed by the firms and their host region. 

I focus on utility patents owned by multi-locational firms operating in the 27 EU members plus 

Switzerland, Iceland, Norway and the UK. Technological fields are observed from the 652 

technological classes from the Cooperative Patent. Assignees are regrouped by corporate 

ownership, and thus company groups include branches and subsidiaries. To determine the location 
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of inventions, researchers generally use the addresses of inventors, either focusing on the location 

of the first inventor, or the location of the majority of inventors listed on the patent record. 

However, EPO records do not provide information that allows a direct linkage of  inventors to an 

assignee. This represents an issue in hypothetical instances where inventors live in a geographical 

area that is different than the assignee location; this could indicate for example that they either 

commute to this assignee location, are consultants, or they work at another establishment of the 

firm. Moreover, the address listed on the patent records of multi-establishment corporations could 

rather identify the headquarters or the location of the intellectual property department, rather than 

the location of the invention per se. Thus, I use establishment-level geographical information from 

the BVD to identify all the European locations in which multi-locational firms are active. Patents  

were assigned to a specific establishment of an assignee if the location of an inventor coincides 

with one of the locations of the assignee organization. Conversely, when a patent is assigned to 

firm X and the inventor is located in region A, if region A contains no establishment associated 

with firm X, then the patent record is dropped from the analytical sample. The geographical 

matching was done at the NUTS2 level. Since the BVD provides only recent data, and because of 

lags in the granting and publication of patents, I restrict the analysis to the years 2001 to 2015.  

The final sample covers 874 unique firms, 4240 establishments and 124,660 patents. The sample 

only includes firms with at least two establishments that have patented in at least two consecutive 

time periods. Multi-locational firms account for about 30 % of all patents granted in Europe in 

each time period. Table 1 presents some summary statistics on the median number of patents, 

inventors, locations, and countries per firm. The median number of patents granted to firms is 42.5, 

but the range extends from 2 to 8625; the median number of inventors is 30, but like the number 

of patents, there is an important level of heterogeneity. The level of geographical dispersion also 
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varies across firms: smaller multi-locational firms are concentrated in two regions of the same 

country while larger firms can be scattered across as many as 9 countries and more than 30 NUTS2 

regions. Table 2 shows the European countries with the highest number of patenting 

establishments of multi-locational firms in the final sample. The top 10 is mostly composed of 

Western and Northern European countries, with Germany having by far the highest number of 

plants and the highest number of granted patents in general. Appendix A shows some summary 

statistics for the largest multi-locational firms in the sample. 

Table 1. Descriptive statistics 

 Patents  Inventors Locations Countries  

Median  42.5  30 2 2 

Std. dev.  439 282 3.39 1.36 

Range 2 - 8625 2 - 5362 1-32 1 - 9 
Notes: the minimum patent count of 2 means that at least one firm has 2 establishments that have shared a patent in 

two distinct time periods.  

 

Table 2. Countries with the largest number of establishments 

Country  
Number of unique 

establishments 

Number of 

patents 

Germany 1837 189851 

Italy 503 36157 

France 496 68452 

UK 327 38837 

Switzerland 273 26585 

Netherlands 141 22592 

Sweden 137 19696 

Belgium 118 11857 

Finland 100 8847 

Denmark 89 8561 

 

4. Methods 
The empirical analysis builds on regional related diversification models (e.g. Boschma et al. 2015; 

Rigby, 2015; He et al., 2018). Diversification models in evolutionary economic geography rest on 
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the assumption that firms in regions are more likely to diversify into technological areas that are 

close to their existing technological base. Similar assumptions underlie empirical studies of 

technological diversification/coherence at the individual firm level (Teece et al., 1994; Breschi et 

al., 2003; Leten et al., 2007; Dosi et al., 2017).  

Building on the earlier work of Jaffe (1986), Engelsman and van Raan (1994) and Kogler and 

colleagues (2013), I build a measure of proximity between technologies based on the co-

occurrence of CPC classes listed on EPO records. The following method was employed. Co-

classification counts are obtained for all pairs of CPC classes, yielding a symmetric technology 

co-classification matrix where the cells represent co-class counts. These counts are converted into 

standardized measures of proximity by dividing by the square root of the product of the number 

of patents in each of the two classes:  

𝑆𝑖𝑗 =
𝑁𝑖𝑗

√𝑁𝑖 ∗ 𝑁𝑗
⁄  

where 𝑖 and 𝑗 represent CPC classes and  𝑆𝑖𝑗 is an element of the standardized co-classification 

matrix (S) that indicates the technological proximity between all pairs of patent classes in a given 

period. The elements on the principal diagonal of S are set to 1. An 𝑆𝑖𝑗 value of zero would indicate 

that there are no patents in a given period that contain class codes i and j. 

The standardized co-classification measure enters the calculation of the proximity between the 

accumulated technological capabilities of the plant, the firm and the region and all CPC classes, 

treated in the model as potential technological fields in which a firm can diversify. We can 

anticipate that the establishment diversifies in CPC classes that build on accumulated capabilities 

at the plant, firm, and regional level. Plants here refer to specific establishments of a multi-
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locational firm, whereas the firm is understood as all the other establishments of the same 

corporation.  

These three sources of capabilities are operationalized through measures of relatedness density 

(Boschma et al., 2015; Balland et al., 2019). More formally, these variables take the following 

form:  

𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡,   𝑖 = (∑ 𝑆𝑖𝑗 ∗ 𝑅𝑇𝐴𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡)𝑗≠𝑖 /∑ 𝑆𝑖𝑗𝑗≠𝑖  

𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑓𝑖𝑟𝑚,   𝑖 = (∑ 𝑆𝑖𝑗 ∗ 𝑅𝑇𝐴𝑓𝑖𝑟𝑚)𝑗≠𝑖 /∑ 𝑆𝑖𝑗𝑗≠𝑖  

𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑟𝑒𝑔𝑖𝑜𝑛,   𝑖 = (∑ 𝑆𝑖𝑗 ∗ 𝑅𝑇𝐴𝑛𝑢𝑡𝑠2)𝑗≠𝑖 /∑ 𝑆𝑖𝑗𝑗≠𝑖  

where the relatedness density (or technological proximity) around technology i is the sum of the 

proximity S of all other technologies in which 1) the establishment, 2) the rest of the firm, and 3) 

the region has RTA, or a specialization in the given technological classes, divided by the sum of 

the proximity of all technologies around class i. The relatedness density values range from 0 to 1, 

with 0 indicating no RTA is present in any of the technological classes j related to class i. All 

measures are estimated for 3-year time periods. RTAs are obtained from the following equations:  

RTA establishment 

𝑅𝑇𝐴𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡 𝑖
𝑒 =

𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑟
𝑒 / ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑟

𝑒
𝑐

∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑟/ ∑ ∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑟𝑟𝑓𝑖𝑓𝑟
 

where i refers to the technology (CPC patent) class, the superscript e refers to the targeted 

establishment,  f references the firm and c the region. Note that the overall denominator here is the 

class share in the reference region (the sum of all establishments across NUTS2 regions). All 

calculations refer to a specific time period t (t omitted in equations for clarity) 
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RTA firm  

𝑅𝑇𝐴𝑓𝑖𝑟𝑚 𝑖
𝑒 =

∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑟
𝑒

𝑟,𝑒≠𝑓𝑟 / ∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑟
𝑒

𝑟,𝑒≠𝑓𝑟𝑖

∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑟/ ∑ ∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑟𝑟𝑓𝑖𝑓𝑟
 

 

where the overall denominator is the same as in the RTA for the establishment. The superscript e 

again indicates the targeted establishment to which the firm is related. The class counts of the 

targeted establishment are removed from the RTA calculations of the firm 

RTA nuts2 region 

𝑅𝑇𝐴𝑟𝑒𝑔𝑖𝑜𝑛𝑖
𝑒 =

∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑟
𝑒

𝑓,𝑒≠𝑓 / ∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑟
𝑒

𝑓,𝑒≠𝑓𝑖

∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑟/ ∑ ∑ ∑ 𝑃𝑎𝑡𝑒𝑛𝑡𝑠𝑖𝑓𝑟𝑟𝑓𝑖𝑓𝑐
 

where the numerator represents the share of a class in a given region, and the denominator stays 

the same as in the previous calculations. Here, the class counts specific to the targeted 

establishment are removed from the regional counts.  

Table 3 presents summary statistics for the three main explanatory variables. For each time period, 

lagged (t-1) average relatedness density measures are reported for technologies where the unit of 

interest (establishment, firm or region) has developed RTA (=1) or not (=0). This table therefore 

gives a preview of the models presented below that test whether the capabilities residing in the 

establishment, the firm, and the region predict the technologies into which an establishment will 

diversify. These statistics suggest that classes in which establishments develop RTA are more 

technologically related to capabilities within branches, firms and regions than the classes in which 

the establishment does not have RTA. Thus relatedness density should have an important influence 

in shaping the  diversification patterns of the branches of multi-locational firms. 
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5. Empirical Analysis 
 

5.1 Base Model 

 

The general model of technological diversification in multi-locational firm takes the development 

of a new RTA at the establishment level as the dependent variable. The explanatory variables are 

the lagged relatedness density measures. In general terms, the model to be estimated is: 

𝑅𝑇𝐴𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡,   𝑖𝑡 =  𝛽𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑚𝑒𝑛𝑡,   𝑖𝑡−1 + 𝛽𝑓𝑖𝑟𝑚𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑓𝑖𝑟𝑚,   𝑖𝑡−1 + 

                                               𝛽𝑟𝑒𝑔𝑖𝑜𝑛𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑟𝑒𝑔𝑖𝑜𝑛,   𝑖𝑡−1 + 𝐹𝐸𝑡𝑖𝑚𝑒 + 𝐹𝐸𝑓𝑖𝑟𝑚 + 𝐹𝐸𝑛𝑢𝑡𝑠2 + 𝜀 

Table 3. Average relatedness density 

Time 

Period 

Relatedness density 

Establishment 

RTA=1                 RTA=0 

Relatedness density 

Firm 

RTA=1              RTA=0 

Relatedness density 

Region 

RTA=1              RTA=0 

2 
0.1490 

(0.1897) 

0.0073 

(0.0367) 

0.1350 

(0.1793) 

0.0165 

(0.0598) 

0.2916 

(0.2192) 

0.1448 

(0.1812) 

3 
0.1523 

(0.1902) 

0.0083 

(0.0388) 

0.1275 

(0.1718) 

0.0167 

(0.0593) 

0.2821 

(0.2096) 

0.1455 

(0.1785) 

4 
0.1597 

(0.1910) 

0.0087 

(0.0401) 

0.1302 

(0.1729) 

0.0173 

(0.0599) 

0.2827 

(0.2082) 

0.1506 

(0.1802) 

5 
0.1837 

(0.1958) 

0.0087 

(0.0403) 

0.1351 

(0.1776) 

0.0169 

(0.0602) 

0.2983 

(0.2079) 

0.1516 

(0.1793) 
Notes: The relatedness density means are not reported for period 1 because we are looking at the influence of 

accumulated capabilities of the previous time period (t-1) on technological specialization in a given period (t).  

One important caveat to this empirical design is that these measures of relatedness density do not 

directly capture realized knowledge transfers between economic agents, nor do they identify the 

mechanisms through which knowledge flows could occur (Breschi and Lissoni, 2001). However, 

the model of related diversification does identify the knowledge subsets that are more closely 

related to new technologies developed within the branches of the multi-locational firms examined. 

Following the assumptions of the evolutionary perspectives on technological development, 

diversification is seen in this model as a result of a recombination process in which components 
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of knowledge developed internally and sourced externally serve as input in the innovation process 

(Henderson and Clark, 1990; Fleming and Sorenson, 2001; Cassiman and Veugelers, 2006). Thus, 

by identifying sources that are most closely related to technological outputs, we can postulate that 

some level of knowledge sourcing has occurred, or more indirectly that these sources have 

influenced the trajectory of knowledge development in the organization.  

Results from the base models are shown in Table 4 below. I estimate a logit regression model with 

firm, time, and region fixed effects that control for unobserved heterogeneity across firms, regions 

and time periods. All the variables are centered around their mean, and so the coefficients should 

be interpreted as the effect of an increase of 1 standard deviation of the explanatory variable on 

the log-odds ratio of diversifying into a new technological class. Standard errors are clustered at 

the firm level, as there are reasons to expect that they may be correlated. Model 1 includes the 

three main lagged measures of relatedness density, along with three time-varying control variables 

that capture changes in the size of establishments, technological classes and regions. 

All three coefficients on the relatedness density variables are positive and significant at the 1 

percent level. The regional density coefficient has the largest partial regression coefficient 

followed by the firm and establishment coefficients. A one standard deviation increase in the 

regional density measure increases the log-odds of developing a new RTA in a given technological 

class by 0.21, while it is 0.19 and 0.18 for firm and establishment density, respectively. Although 

the differences are relatively small, these results suggest that the capabilities residing in other local 

assignees have the strongest influence in predicting the technology classes in which an 

establishment will develop new RTA. In related work on U.S. multi-locational firms, the firm 

density effect is typically found to be substantially larger than the regional density effect (Frigon, 

2021). Clearly, this difference requires further investigation.  
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Table 4. Logit model related diversification in multi-locational firms 

 Model 1 Model 2 Model 3 Model 4 

 

D.V.: 

New RTA 

est. 

New RTA 

est. 

New RTA 

est. 

New entry 

est. 

Establishment 

Density 

0.1776*** 

(0.0043) 

0.1737*** 

(0.0049) 

0.1835*** 

(0.0037) 

0.1893*** 

(0.0038) 

Firm Density 
0.1892*** 

(0.0073) 

0.1943*** 

(0.0081) 
  

Firm within 

country density 
  

0.1509*** 

(0.0090) 

0.1469*** 

(0.0089) 

Firm outside 

country density 
  

0.0833*** 

(0.0089) 

0.0766*** 

(0.0091) 

Region Density 
0.2080*** 

(0.0093) 

0.2038*** 

(0.0108) 

0.2021*** 

(0.0010) 

0.1935*** 

(0.0107) 

HQ dummy  
0.1081 

(0.0775) 
  

Interaction 

Establishment 
 

0.0229** 

(0.0098) 
  

Interaction 

Firm 
 

-0.0347** 

(0. 0140) 
  

Interaction 

region 
 

0.0263 

(0.0206) 
  

# inventors est. 
0.0863*** 

(0.0239) 

0.0872*** 

(0.0239) 

0.0867*** 

(0.0247) 

0.1351*** 

(0.0261) 

# inventors 

class 

0.2716*** 

(0.0022) 

0.2715*** 

(0.0022) 

0.2699*** 

(0.0024) 

0.2896*** 

(0.0028) 

# inventors reg. 
0.0021 

(0.1026) 

-0.0004 

(0.1025) 

-0.0056 

(0.1012) 

-0.0706 

(0.1274) 

Constant 
-5.3149*** 

(0.2525) 

-5.3295*** 

(0.2597) 

-5.2644*** 

(0.2484) 

-5.5479*** 

(0.2800) 

Time fixed 

effects 
Yes Yes Yes Yes 

Firm fixed 

effects 
Yes Yes Yes Yes 

Region fixed 

effects 
Yes Yes Yes Yes 

Observations 10,935,846 10,935,846 10,935,846 10,935,846 

Pseudo R2 0.1332 0.1333 0.1326 0.1628 

Notes: All independent variables are lagged. * significant at the 0.1 level, ** significant at the 0.05 level, 

*** significant at the 0.01 level. 

Model 2 investigates whether there are differences in capability sourcing between the non-HQ 

branches and the HQ establishments of multi-locational firms. HQ and non-HQ plants are 

separated to gain a better sense of the network structure of multi-locational firms, assuming that 
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the HQ plant is more centrally located within the firm network and thus likely to draw upon wider 

sets of resources than the subunits. A dummy variable taking the value 1 if the establishment is a 

HQ, and 0 if it is not the HQ, is therefore introduced. Interaction terms (HQ *density) are added 

to test whether capability sourcing exhibits different patterns between the two types of units. 

The main variables of interest remain virtually unchanged. For subunits (when HQ dummy = 0 ), 

the regional density has the strongest effect, followed by firm and establishment density. The HQ 

dummy is not significant in itself, indicating no significant differences in the propensity of 

introducing a new technological class between HQ and non-HQ plants. The establishment and firm 

interaction terms are significant, though the coefficients are small. For the former, establishment 

density is more important in HQs versus subunits, whereas the opposite is observed for firm 

density. This is a surprising result, as we would have expected HQs to be more apt at mobilizing 

knowledge coming from the different subunits. At the same time, this could imply that HQ plants 

are more independent than subunits of the firm in terms of technological diversification, meaning 

that they enter areas that are more technologically distant to what the rest of the firm is already 

doing.  

5.2 Is There a Border Effect? 

The density variables used in models 1 and 2 do not differentiate between establishments that 

operate within the same country from those abroad. As many firms in Europe operate in multiple 

regions and multiple countries simultaneously, we might expect capabilities coming from other 

establishments within the same country to diffuse more readily than capabilities residing in 

establishments located in other countries. Knowledge flows should be subject to less friction from 

differences in institutions, language and culture when moving across intra-national regions as 

opposed to international borders. Model 3 thus disaggregates firm density into two distinct 
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measures: 1) the relatedness density of firms within the same national economy and 2) the 

relatedness density of firms outside the national economy. These variables are constructed 

following the same procedure detailed above for the three general explanatory variables. Note 

again that the influence of the focal establishment is removed from the RTA calculations.  The 

results support my initial claims that capabilities in other national establishments of the same firm 

are more influential than firm capabilities in other countries, exhibiting coefficients of 0.15 and 

0.08, respectively. The regional density effect still has the largest coefficient. 

Model 4 adds a robustness check to the results by investigating how the different measures of 

relatedness impact the entry of establishments into technology classes where they had no previous 

patents.  The coefficients are broadly similar in magnitude between Models 3 and 4 indicating that 

the examination of entry into new classes versus the establishment of RTA has little impact on the 

results. The time-varying control variables remain consistent in their impact across all models of 

Table 4, with increases in the size of establishments and technology classes raising the log odds of 

RTA being established, while region size has no significant impact. 

5.3 New to the Firm and New to the Region Capabilities 

 

I now explore whether there are different patterns of capability sourcing depending on the ‘degree 

of novelty’ of the technology introduced. I differentiate between entries in technological classes 

that are new to the firm and new to the region as contrasted to technologies that are only new to 

the focal establishment. I use entry in these models rather than RTA, as I seek to examine when a 

technology is first introduced, rather than when the firm has developed specialization in a 

technological area. Technically speaking, an entry that is new to the firm is identified as a positive 

patent count in a technological class where no establishments of the firm had a positive count in 
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the current and previous time periods. Entry that is new to the region is similarly defined as an 

entry in a technological class where no other co-located assignees had a positive count in the 

current and previous time periods. There are 38010 instances of entries that are new to the firm, 

by 3489 establishments and 865 firms. Note that most firms (88 percent) and a majority of 

establishments (69 percent) simultaneously develop technologies that are new and not new to the 

firm. For technological classes new to a region, there are 2134 instances, introduced by a total of 

774 units and 403 firms. Again, the observational units are technology classes within 

establishments of multi-locational firms over three-year periods spanning the years 2001 to 2015. 

The results of Model 5 on entries that are new to the firm are presented in Table 5. As for the 

previous models, I estimate a logit regression with time, firm, and region fixed effects, and 

standard errors clustered at the firm level. All coefficients are significant. The largest coefficient 

of the main explanatory variables is for the establishment relatedness density, with a one standard 

deviation increase in its value leading to an increase of 0.26 in the log-odds of diversifying into a 

technological class previously unoccupied across the firm. This result suggests that establishments 

that develop technologies that are unique to the corporation build primarily on their own 

accumulated capabilities. This is additionally supported by the positive and significant effect of 

the number of inventors active in the subunit. The two firm-level density variables have a negative 

sign, interpreted as a one standard deviation increase in the firm relatedness density decreasing the 

log-odds of diversification in a given class by 0.04 and 0.03 for the within-country and out-of-

country measures, respectively. 

 



 133 
 

Table 5. Logit results: new to the firm and new to the region 

 Model 5 Model 6 Model 7 

D.V: 

 

Entry new to the 

firm 

Entry same as 

the firm 

Entry new to the 

region 

Establishment 

Density 

0.2626*** 

(0.0047) 

0.2249*** 

(0.0036) 
0.3011*** 

(0.0150) 

Firm within 

country density 

-0.0419*** 

(0.0010) 

0.1855*** 

(0.0093) 

0.1330*** 

(0.0241) 

Firm outside 

country density 

-0.0278*** 

(0.0069) 

0.0986*** 

(0.0104) 

0.0850*** 

(0.01511) 

Region Density 
0.1862*** 

(0.0108) 

0.1666*** 

(0.0126) 

-0.2049*** 

(0.0319) 

# inventors est. 
0.2619*** 

(0.0692) 

0.0925*** 

(0.0126) 

0.0334 

(0.0622) 

# inventors class 
0.2628*** 

(0.0028) 

0.3317*** 

(0.0041) 

-0.1295* 

(0.0711) 

# inventors reg. 
-0.3975*** 

(0.1502) 

0.0752 

(0.1177) 

0.3097 

(0.3381) 

Constant 
-6.7083*** 

(0.3941) 

-5.7836*** 

(0.2146) 

-8.8969*** 

(0.6845) 

Time fixed effects Yes Yes Yes 

Firm fixed effects Yes Yes Yes 

Region fixed effects Yes Yes Yes 

Observations 10,896,600 10,376,600 1,885,000 

Pseudo R2 0.1895 0.2815 0.1352 

Notes: All independent variables are lagged. * significant at the 0.1 level, ** significant at the 0.05 level, *** 

significant at the 0.01 level 

This suggests that these new technologies developed by specific establishments do not build on 

the firm’s existing capabilities but rather represent areas that are quite unrelated to the core 

knowledge base of the firm. These could capture cases of competence-creating activity in the firm 

that are more exploratory in nature and not directly centered around the activities of the other units 

of the firm (Cantwell and Mudambi, 2005). The positive and significant effect of regional density 

show once more that establishments build on local capabilities for technological diversification. 

Conversely, as shown in Model 6, firm-based capabilities are much more influential when 

establishments produce technologies in which the rest of the firm already specializes. These two 
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sets of results therefore indicate that firm-based capabilities enter the diversification process in 

given establishments when they start exploiting technological areas that are already known to the 

firm. These scenarios are akin to the competence-exploiting mandates discussed in the 

management literature, where subunits seek to reinforce or adapt to local markets the firm’s 

existing competitive advantages. Therefore, while the results presented in Table 4 point at a 

significant influence of both firm and regional capabilities on diversification at the establishment 

level, distinguishing between technologies that are new to the firm or not reveals differences in 

capability sourcing patterns. 

Finally, Model 7 explores the development of technologies that are new to the region. This model 

examines whether multi-locational firms really build on their corporate network to introduce 

novelty in a region, as claimed by the recent work on the agents of structural change in regions. 

As per the last models, I estimate a logit model with fixed effects. However, because the model 

with all the observations did not converge, I use a reduced sample that includes only firms that 

have introduced at least one technology that is new to their host region. The results support the 

argument formulated above. The firm density coefficients are positive and significant, but the 

within-country density impact is about 56 percent larger than the out-of-country density, with 

increases in log-odds ratios of 0.1330 and 0.0850. This pattern highlights the need to consider 

these firms not only as connecting different countries or distant regions, but as transferring 

knowledge across subnational regions as well. These knowledge transfers could be the more 

impactful in terms of regional diversification. As for the previous models presented in Table 5, the 

establishment density has a positive and relatively large coefficient as compared to the other 

variables. The regional density coefficient is now negative and significant, so an increase in the 

regional relatedness density to a technological class decreases the likelihood of that technology 
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being developed as new to the region. This could indicate on the one hand that regions already 

occupy a large number of technological classes to which their relatedness density would be high, 

therefore exhibiting a relatively lower relatedness to these technologies that are new. On the other 

hand, this suggests that the technologies introduced by multi-locational firms tend to be quite 

unrelated to existing regional capabilities. Finally, of the control variables, only the class size is 

significant, but negative, showing that technologies new to the region tend to be produced to a 

lesser extent by firms in Europe. Thus, in general, these new technologies introduced by the units 

of multi-locational firms do not seem to readily build on existing regional capabilities, which 

would therefore concur to the recent arguments that these actors may be able to spark regional 

diversification into more unrelated fields (Neffke et al., 2018), as long as their activity generate 

externalities for co-located organizations.  

To summarize, there are important distinctions between technologies that are new to the firm from 

technologies that are new to the region. For the former, firms rely on their own capabilities and 

local sources of knowledge, whereas units of multi-locational firms that are producing new 

technologies that are unique to their host region rather build on their internal and corporate-wide 

capabilities to do so.  

6. Conclusions  
 

This study offers a series of insights into technological diversification and capability sourcing in 

multi-locational firms operating in Europe. Combining data from the European Patent Office with 

Orbis firm data for the period 2001 to 2015, I show that the patterns of capability sourcing vary 

depending on the type of activity a given establishment is engaged in. Using fixed effects logit 

regressions, the overall results show that technological diversification, understood as the 
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establishment of RTA within the branch of a firm or the entry of a branch into a technology class 

previously unoccupied, is positively and significantly impacted by relatedness density to the 

technology class that is located within the establishment, within the firm of which the 

establishment is a part and within the NUTS 2 region where the establishment is located. Of the 

three relatedness density measures, the regional measure has the largest partial regression 

coefficient, though it is only marginally greater than that for the firm and the establishment. These 

results suggest that place-based capabilities do flow across firm boundaries at least within the 

regions where they are located. Furthermore, the results indicate that capabilities also flow between 

regions within intra-corporate channels, as suggested by the literature in international business 

(e.g. Mudambi, 2008; Alcacer and Zhao, 2012; Berry, 2018).  

Separating firm capability transfer between establishments located within the same country and 

establishments located in different countries reveals that national border effects play an important 

role in terms of within firm knowledge exchange. While differences in aggregate knowledge flows 

over space are reported by researchers investigating multi-national corporations (e.g. Phene and 

Almeida, 2008; Berry, 2014, 2015; Branstetter et al., 2018), that within firm knowledge flows 

between establishments located in the same country and those located in different countries is 

markedly different is a new finding that requires further investigation. The greater relative 

importance of within country flows across the establishments of an individual firm might fit with 

arguments that knowledge integration is more straightforward between organizational units that 

operate under relatively similar institutional conditions. The managerial implications of this 

finding is that firms may seek to locate R&D facilities or innovative plants in neighboring regions 

of the same country in order to favor capability flows. If innovation rests on the recombination of 
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knowledge, facilitating knowledge transfers through a spatially differentiated but national strategy 

could be beneficial.  

The last part of the empirical analysis expands on these ideas and examine technologies that are 

new to the firm and new to the region as a whole. In the case of related diversification of 

establishments into technologies in which the firm has no prior experience, the results show that 

accumulated internal capabilities play the dominant role. Firm-level relatedness density has a 

negative impact in this case, while place-based capabilities exert a positive influence. Thus, when 

establishments venture into technological areas that are new to the firm, they complement their 

own capabilities with knowledge from the plants of co-located firms. These results support the 

general arguments put forward by the knowledge sourcing literature that subunits engaging in 

competence-creating activity tend to have more autonomy and engage to a greater degree with the 

local knowledge networks as opposed to relying predominantly on corporate channels (Cantwell 

and Mudambi, 2005).  

In the case of diversification of establishments into technologies that are new to the region in which 

they are located, multi-locational firms rely largely on their own corporate capabilities. While 

much of the literature does not specify the spatial structure of these inter-firm flows, my results 

suggest that firm capabilities built within the establishments of a single country are more important 

in the process of regional diversification than are capabilities that are generated within the firm in 

other countries. This finding has implications for regional policies: if attracting nonlocal 

investment is used as a development strategy, firms already operating in other regions of a country 

may be a priority target as they would be more likely to benefit from intra-corporate synergies and 

knowledge flows.  
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In summary, the results reveal the importance of different kinds of knowledge flows in stimulating 

technological diversification. Although beyond the scope of this study, my findings raise questions 

about the other characteristics of firms and regions that influence knowledge production and its 

movement. An important limitation of this work is its reliance on patent data. Institutional 

differences between regions, access to financial and other forms of capital, and access to skilled 

labor of varying types will likely impact knowledge development and its movement within and 

between firms located in different places. Future research would surely benefit from including a 

broader set of control variables in models of diversification. 
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Appendix 
 

Appendix Table 1. Top ten firms with the most patents 

Firm name 
Number of 

locations 

Number of 

countries 

Number of 

distinct 

inventors 

Number of 

patents 
 

Bosch 30 8 5362 8625  

Philips 8 5 3575 4711  

BASF 17 7 1656 4059  

Continental 32 6 1756 2645  

Ericsson 2 2 1161 2628  

Airbus 16 5 1907 2368  

Bayer 12 5 1029 2182  

Siemens 30 8 1362 2094  

Valeo 13 7 1088 1618  

Renault 1 1 1205 1537  

*Renault has two distinct establishments in the same nuts 2 region 
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Chapter 4. Technological and Geographical Diversification in Multi-

locational Firms in Europe 
 

Abstract  

Using patent records linked to firm-level ownership and geographical data, this paper examines 

the geographical distribution of innovative activities within multi-locational firms in Europe and 

its resulting impact on knowledge value. I first investigate whether the technological portfolio of 

distinct establishments within the firm differ. The results report that 60 percent of firms have 

statistically significant differences. There are, however, important variations depending on size, 

with only 30 percent of firms with 2 establishments generating significant results, while it exceeds 

80 percent for firms with more than 10 establishments. I subsequently investigate whether higher 

levels of geographical dispersion in innovative activities impact the value of the knowledge 

produced by the firm. I find that greater levels of geographical dispersion are associated with the 

production of technologies that are more complex, aligning with the theoretical claims in the 

literature that firms can gain a competitive advantage as a result of tapping into diverse pools of 

place-based capabilities. 

Introduction 

The production of knowledge plays a key role in the generation of competitive advantage for firms 

in many sectors of the modern economy. Knowledge creation is now recognized as a process that 

does not only involve the firm itself, but also a set of interactions with external actors. Internally, 

the firm develops new capabilities through various means, be it dedicated research and 

development (Pavitt, 1991) or as a product of experience and learning by doing (Arrow, 1974; 

Teece and Pisano, 1994). The firm additionally develops knowledge by learning from others, 
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through market and non-market interactions involving various types of organizations, such as 

suppliers, buyers, competitors, or research organizations (Lundvall and Jonhson, 1994; 

Chesbrough, 2003). The capacity to combine internal and external sources was conceptualized by 

Cohen and Levinthal (1990) as the absorptive capacities of the firm, discussing how the firm’s 

ability to identify and assimilate new external knowledge is preconditioned by its own accumulated 

knowledge. Ultimately, developing these absorptive capacities may benefit the firm as it expands 

its knowledge recombination possibilities and thus innovative capacities.  

External knowledge sourcing is, however, generally seen as being restricted in terms of 

geographical scope. The costs of searching for new knowledge and suitable economic partners 

coupled with the difficulty of exchanging more tacit forms of knowledge lead certain forms of 

inter-organizational knowledge flows to be predominantly localized (Gertler, 2004; Storper and 

Venables, 2004; Gertler, 2005). The co-location of interacting firms and the knowledge 

externalities generated by agglomeration bring technological know-how to circulate within and 

across the borders of local firms, giving rise to place-based capabilities (Morgan, 1997; Freeman, 

1994). The process of local capability accumulation further generates a significant degree of inter-

regional heterogeneity in terms of industrial specialization (Rigby and Essletzbichler, 1997; 

Kogler et al., 2017) and in the nature and complexity of the local knowledge base (Balland and 

Rigby, 2017; Balland et al., 2020). The type and value of external sources of knowledge are, as a 

result, highly uneven across space.  

Multi-locational firms have a distinct advantage in this knowledge environment as they have the 

ability to site establishments in different locations in order to access differentiated pools of place-

based capabilities (Dunning, 2013; Cantwell, 2017). The geography of knowledge sourcing by 

multi-locational firms and its resulting impact on the firm remain, however, a relatively 



 151 
 

underdeveloped area of research. Within economic geography, most of the work has focused on 

case studies is limited to certain sectors of activity and locations, while large-scale empirical 

studies have been lacking. Recently, a few scholars have sough to unpack the role of multi-

locational firms in introducing new capabilities into regional economies (Neffke et al. 2018; Lo 

Turco and Maggioni, 2016, 2019; Elekes et al. 2019; Whittle et al., 2020). While these studies 

highlight the critical role of these nonlocal agents in fostering regional technological 

diversification, the knowledge sourcing process leading multi-locational firms to develop new 

regional capabilities is only indirectly addressed. The management literature has been clearer on 

the firm processes supporting knowledge sourcing activity (e.g. Almeida and Phene, 2004, 2008; 

Berry, 2014, 2015; Branstetter et al., 2018), but it has said little about the level of differentiation 

in knowledge production across the different locations of the firm. Moreover, this literature has 

tended to overlook the subnational scale of analysis and focuses on multinational firms and their 

global network of activities, despite evidence that regions within a national economy have distinct 

pools of capabilities that firms may benefit from.  

This paper therefore pursues two main objectives. First, I empirically investigate whether multi-

locational firms produce distinct technologies across their different establishments. This is 

followed by an examination of the firm and regional characteristics associated with the degree of 

differentiation across the firm’s locations. Secondly, I test whether greater levels of geographically 

distributed innovation activities are associated with the production of patents that are more 

valuable.  

I examine these questions by using patent records matched to firm-level ownership and 

geographical data covering multi-locational firms in Europe. The focus is on the knowledge 

production activities of these firms across European NUTS2 regions. The empirical results show 
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that about 60 percent of firms investigated produce patents in knowledge classes that statistically 

differ across the locations in which they operate. This share exceeds 80 percent for firms with more 

than 10 establishments, as compared to slightly below 30 percent for firms with only two 

establishments. Furthermore, I find that the degree of technological distance between 

establishments is reflected by the technological distance between their host cities, suggesting that 

differences in knowledge production within firms is at least partly explained by differences in 

geographies of knowledge production. Conversely, establishments that are more strongly 

integrated tend to show greater levels of technological proximity. Finally, contrasting my results 

with prior work in the international business literature (Singh, 2008; Scalera et al., 2018), I find 

that the number of establishments in which the firm carries out innovative activities is positively 

associated with the production of patents of higher complexity. I argue that complexity, as opposed 

to other measures of patent quality (e.g. forward citations, technological scope), comes closer to 

capturing knowledge that is tacit. Complex technologies are rarer and harder to replicate (Hidalgo 

and Hausmann, 2009; Balland and Rigby, 2017), and thus presumably represent greater strategic 

value for the firm.  

The rest of the paper is structured as follows. First, I review the existing literature on (geographical) 

knowledge sourcing with a particular focus on research in economic geography and international 

business. I subsequently discuss data sources and variable construction, before detailing the three 

sets of empirical results discussed above. The final section offers general conclusions.  

2. Literature Review 
 

2.1 Internal Capabilities  

The theoretical foundations of the knowledge sourcing literature can be traced back at least to the 

emergence of the resource-based view of the firm. From this approach, competition on the market 
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is seen as being tied to the tangible and intangible resources accumulated within organizational 

boundaries (Wernerfelt, 1984; Prahalad and Hamel, 1990; Mahoney and Pandian, 1992). Barney 

(1991) argued that it is more specifically the resources that are rare, valuable, imperfectly imitable, 

and non-substitutable that give rise to sustained competitive advantages. Knowledge-based 

perspectives similarly consider the firm’s proprietary knowledge as key to explaining 

differentiation and economic performance. Indeed, organizations can be seen as structures that 

allow the coordination and diffusion of knowledge embodied in different individuals and 

accumulated in the firm’s routines (Nonaka, 1991; Kogut and Zander, 1992). This knowledge 

further represents a key input in the development of profitable applications (Grant, 1996). As for 

the case of resources, it is broadly understood that not all forms of knowledge are of equal value 

to firms. More codified forms that are relatively easily replicated by competitors tend not to be 

valuable, whereas more tacit forms that reside in the firm’s routines, technologies and human 

capital are less easy to copy, are rare and more valuable (Nonaka, 1991; Maskell and Malmberg, 

1999; Nonaka and Krogh, 2009). It is thus tacit knowledge that presumably represents the most 

important source of competitive advantage for many firms (Amin and Cohendet, 1999; Maskell, 

2001).  

In the longer run, competitiveness may not solely rely on accumulated knowledge, but rather on 

the firm’s ability to develop new capabilities and adopt strategic responses to changing conditions 

in terms of market demands, technological frontier, and competition (March, 1991; Teece et al., 

1997). Teece and Pisano (1994) discuss how organizational learning through repetition and 

experimentation is central to this dynamic process of adaptation. The cumulative nature of the 

learning process and the recombinant nature of knowledge creation further imply that the 

development of new capabilities will be tied to the firm’s existing set of skills, routines, and thus 
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conditioned by the firm’s history (Teece and Pisano, 1994; Teece et al., 1994). The costs of 

exploring new technological opportunities analogously pose limits to the degree of diversification 

firms will engage into (March, 1991). As a result, the development of capabilities in firms will 

tend to follow a certain level of path dependency, as repetitively observed by the empirical 

literature (Teece et al., 1994, Patell and Pavitt, 1997; Breschi et al., 2003; Leten et al., 2007; Dosi 

et al., 2017). 

2.2 External Knowledge Sourcing 
 

The sole reliance on internal knowledge may, however, restrict the firm in its ability to develop 

new capabilities, as a single firm is indeed limited by its own limited set of resources. 

Consequently, turning to complementary external sources of knowledge can be a key strategy to 

remain competitive. Cohen and Levinthal (1990) discussed how internal and external knowledge 

are in fact intertwined. Firms must first develop the breadth and depth of their own knowledge 

base, or what they call their absorptive capacities, to more effectively identify valuable external 

knowledge, integrate it into the firm’s processes and translate it into profitable applications. 

Ultimately, successfully integrating diverse bits of complementary external knowledge can 

positively impact innovation processes and competitiveness as the firm expands its knowledge 

recombination possibilities (Antonelli, 2000). However, the breadth and depth of the firm’s 

accumulated knowledge also circumscribe the nature of the knowledge that can be efficiently 

internalized by the firm.  

In addition to being limited in technological scope, external knowledge sourcing may also be 

bounded in terms of geographical scope. The search costs related to finding sources of 

complementary knowledge coupled with the space-dependent costs of exchanging more tacit 
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forms of knowledge implies that at least some forms of knowledge exchange require a certain level 

of proximity (Scott, 1998; Storper and Venables, 2004). Although it has been argued that 

geographical proximity rather act as a support to other forms of proximity (Boschma, 2005),  co-

location may ultimately mitigate the costs of knowledge exchange. It allows for recurrent and 

serendipitous interactions, face-to-face contacts, and the development of trust relationships, which 

all act favorably on decreasing the costs and risks associated with the transfer of more tacit forms 

of knowledge (Storper and Venables, 2004; Bathelt et al., 2004). Co-location may additionally 

facilitate collaboration between organizations that may be conducive to knowledge exchange. 

Local networks and connections, referrals and reputation help firms find the most suitable partners 

and consequently support to formation of economic ties between local agents (Gertler, 2005). 

These advantages, together with the other various benefits of agglomeration (Duranton and Puga, 

2004), bring forms of economic activity more reliant on knowledge-based interactions to cluster 

in space, thus leading some capabilities to accumulate in places (Freeman, 1994; Morgan, 1997), 

and knowledge spillovers to be predominantly localized (Jaffe et al., 1993; Sonn and Storper, 

2008) . Empirical studies showing that specialized knowledge does not travel well across space 

(Feldman et al., 2015), that regions sustain differentiated patterns of specialization (Rigby and 

Essletzbichler, 1997; Kogler et al., 2017), and that more complex forms of knowledge are 

concentrated in large cities (Balland and Rigby, 2017; Balland et al., 2020) provide further 

evidence supporting those claims. Although localized, these capabilities should not necessarily be 

seen as completely disembodied, but rather as residing in the actors composing regional 

economies. These include the specialized and imperfectly mobile workers (Almeida and Kogut, 

1999; Scott, 2005; Alcacer and Chung, 2014; Rigby and Brown, 2015), universities (Fritsch and 
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Schwirten, 1999; Bramwell and Wolfe, 2008; Laursen et al., 2011), and specialized service 

providers (Muller and Doloreux, 2009; Shearmur and Doloreux, 2019).  

Overall, the forces of agglomeration and the space-dependent costs of exchanging some forms of 

knowledge imply that the sourcing of external (tacit) knowledge will primarily occur locally. 

However, that some forms of knowledge might be locked in place through the co-location of 

various economic actors raises the question of whether organizations can nevertheless access this 

knowledge without being embedded in the regional economy. Bathelt et al. (2004) argued that 

firms and regions access remote knowledge sources through the establishment of ‘pipelines’, 

meaning channels and network ties with nonlocal actors that lead to a certain degree of knowledge 

transfer (Owen-Smith and Powell, 2004). Being able to source extra-local knowledge is believed 

to allow firms in regions to avoid ‘negative lock-in’ situations by expanding knowledge 

recombination possibilities and therefore stimulating innovation (Hassink, 2005; Morrison et al., 

2012). Depending on their nature, however, the extent and benefits of nonlocal interactions may 

be offset by the costs of establishing and sustaining pipelines (Esposito and Rigby, 2019). Others 

have pointed out that nonlocal knowledge can also originate from market and non-market-based 

interactions with customers, suppliers and competitors, as shown for instance in the case of 

knowledge-intensive industries (Todtling et al., 2006) and the software industry (Trippl et al., 

2009) in Austria. Gertler and Levitte (2005) also showed through the case of Biotech firms in 

Canada that nonlocal knowledge may be sourced from the hiring of foreign workers and co-

invention. There are multiple similar studies covering a diverse range of industries and 

geographical locations. Most of this literature tends, however, to be restricted to specific case 

studies, while large-scale empirical analyses on the matter tend to be scarce. Bathelt and Li (2014, 

2018, 2020) recently explored how multi-locational companies, through their network of 
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establishments, can be considered as a permanent form of pipeline connecting firms and regions 

to other clusters. Other empirical studies have corroborated these claims and found that that 

nonlocal firms were key agents in the development of new regional capabilities in Europe (Lo 

Turco and Maggioni, 2016, 2019; Neffke et all., 2018; Elekes et al., 2019). The role these nonlocal 

agents play in regional economies are implicitly linked to their presumed ability to import 

capabilities from their corporate’s network of locations. While this last aspect has been, to a certain 

extent, addressed in the management literature (e.g. Almeida and Phene, 2004, 2008; Berry, 2014, 

2015), more research is needed to more carefully these regional and organizational dimensions.  

2.3 Knowledge Sourcing in Multi-locational Firms 

 

From an organizational perspective, multi-locational firms can circumvent the difficulties of 

accessing localized knowledge through the establishment of branches or subsidiaries. Of course, 

there are multiple other motives for firms to expand geographically, from the access to specific 

resources to reducing costs, but firms are increasingly motivated in their locational choice by a 

knowledge seeking strategy, in a context where innovation and technologies are key to sustain a 

competitive advantage on global markets (Mudambi, 2002; Cantwell, 2017.). If the organization 

in general can be seen as having an advantage over markets in managing the innovation process 

(Ghoshal and Moran, 1996; Grant, 1996), the multi-locational organization further provides a 

structure and ‘an internal institutional context’ that support the coordination of value-adding 

activities across locations and establishments (Nohria and Ghoshal, 1997; Forsgren, 2017). Thus, 

firms can simultaneously access multiple localized knowledge pools and are able to internalize 

and attenuate the costs of moving knowledge across space, providing them an advantage over 

single-plant firms. Indeed, by exploiting variations in geographies of knowledge production, multi-
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locational firms can uniquely recombine strategic knowledge assets (Kogut and Zander, 1993) that 

fuel the innovation process and reduce the risks of imitation from competitors (Alcacer and Zhao, 

2012).  

Taken as a whole, multi-locational firms are complex structures that internalize and coordinate 

various sorts of activities across different geographies. Nohria and Ghoshal (1997) conceptualized 

the multi-establishment firm as a differentiated network of relationships between headquarters and 

subunits, and between the subunits themselves. They argue that the specific mandates of each unit, 

be it market development, production or knowledge sourcing, will be contingent upon the 

capabilities of the unit, the nature of the host environment, and the global strategy of the firm. 

They further argue that the more ‘complex’ the subunit’s local environment, the more decision-

making power and resources will be allocated. A complex environment is understood as a location 

where there is a high level of technological dynamism and competition, therefore simultaneously 

presenting an incentive for subunits to constantly innovate in order to remain competitive, and an 

opportunity for the corporation to tap into that dynamic knowledge pool. Overall, when units of 

the firm are integrated into the higher segments of the value chain, their role could be categorized 

into three types, following different arrangements of resources, (de)centralization, and host 

environment. They can have the mandate to create new capabilities that will be solely used within 

the subunit, they can adapt existing technologies developed within the firm to local markets, or 

develop and diffuse innovations to the rest of the corporation.  

To various degrees, the establishments of multi-locational firms are therefore operating in a 

context of multiple embeddedness (Figueiredo, 2011; Meyer et al., 2011). On the one hand, 

establishments are embedded in the corporate network, inheriting a set of norms and values that 

serve to maintain a certain level of coherence across the different activities of the firm, in turn 
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facilitating knowledge flows within the corporate network (Mudambi et al., 2014). On the other 

hand, subunits operate in specific locations where they engage in various forms of interactions, 

contractual arrangements, and form ties with other local organizations. This second form of 

embeddedness is deemed to be especially important when subunits are given a competence-

creating mandate, i.e. where they seek to exploit local knowledge to develop capabilities that are 

new to the firm (Cantwell and Mudambi, 2005).  

2.4 Strategic Dimensions of Knowledge Sourcing 

 

These various dimensions of knowledge sourcing have received considerable attention in the 

recent empirical literature in management. In general, the discussion has been centered around 

three key strategic aspects: location; organizational structure, and integration.  

First, different segments of the value chain are associated with distinct geographical 

considerations. Most of the world’s largest corporations come from the US, Western Europe or 

Japan (Forsgren, 2017). The home base is still predominant in shaping the ‘business culture’ of 

the firm (Dicken and Malmberg, 2001; Meyer et al., 2011) and in terms of hosting specialized 

administrative tasks and research and development (Antras and Yeaple, 2014). However, some 

argue that the activities of multi-locational firms are becoming increasingly geographically 

decentralized (Jeong and Siegel, 2020). What is more, the degree of the concentration of activities 

observed in the ‘home base’, often defined in terms of countries, may in fact hide a significant 

degree of subnational dispersion and variations in the knowledge production activity of multi-

locational firms, as shown for instance in Frigon (2021) in a study on the US and in Cantwell and 

Iammarino (2000) in the UK.  
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From the firm’s perspective, the location in which it carries R&D activity is a key strategic 

dimension (Dunning, 1998). The location choice will generally be contingent upon the global 

strategy of the firm, the specific segment of the value chain under consideration, and the location’s 

factor endowment. Mudambi et al. (2018) argue that while the location of downstream segments 

such as marketing and sales are generally motivated by national or global reach, the upstream 

knowledge-intensive activities rather pertain to accessing specific bits of knowledge that are highly 

localized. The literature has indeed highlighted that multi-locational firms seek to locate their 

higher value-added activities where they can benefit from specialized knowledge externalities: in 

global and connected cities (Goerzen et al. 2013; Iammarino and McCann, 2013; Adler and 

Florida, 2020), specialized clusters (Li and Bathelt, 2018), locations with stronger agglomeration 

externalities (Basile et al., 2008; Alcacer and Chung, 2014; Jindra et al., 2016), and where other 

foreign firms are carrying R&D activities (Cantwell and Piscitello, 2004; Siedschlag et al., 2013).  

These findings, coupled with the fact that subnational regions exhibit different patterns of 

specialization and levels of knowledge complexity (Kogler et al., 2017; Balland and Rigby, 2017), 

are the main motivations to focus on multi-locational firms rather than strictly multinational firms 

in this study. Indeed, as shown in (Frigon, 2021), firms also carry differentiated knowledge 

production activities across subnational regions. Subnational and international patterns of 

knowledge sourcing may nevertheless differ in some important ways. First, domestic multi-

locational knowledge sourcing might be more limited in terms of accessing heterogenous 

knowledge sources than is international knowledge sourcing. This might be less of a concern, 

however, in large economies where cities possess distinct specializations. The second main 

difference is that firms may face lower institutional and cultural differences when managing 
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knowledge flows occurring within a national economy rather than between countries. Focusing on 

Europe will allow to explore these spatial differences.  

The second key strategic dimension related to knowledge sourcing is how firms manage their 

organizational structure. As previously discussed, to optimize its cross-border high value-adding 

activities, the firm has to adapt its structure and processes based on the specific nature of activities 

carried in the subunit and the location in which it operates. On that matter, the empirical literature 

has shown that a higher degree of decentralization and autonomy granted to the subunit was 

positively associated with the development of its innovation capabilities (Cantwell and Piscitello, 

2015; Belderbos et al., 2015; Berry, 2015; Qiu and Cantwell, 2018). In addition, a higher degree 

of embeddedness of the subunit in its host location’s networks along with the development of its 

own absorptive capacities are important vector of (innovative) performance (Almeida and Phene, 

2004, 2008; Song et al., 2011; Berry, 2018; Phene and Tallman, 2018). Thus, multi-locational 

organizations must allow for a certain level of flexibility as well as sufficient resources for subunits 

to fully contribute to competence creation within the firm.  

However, management scholars also suggested that for the corporation as a whole to benefit from 

the activities of the subunit, decentralization must be accompanied by integration mechanisms to 

sustain a certain level of internal coherence and therefore support inter-unit knowledge flows. 

Functional and geographical diversification should thus be supported by efficient communication 

channels and socialization practices that promote the sharing of mutual objectives, expectations, 

trust, and the development of interpersonal networks (Nohria and Ghoshal, 1997). The empirical 

literature has found in that respect that the mobility of managers (Fang et al., 2010; Berry, 2015) 

and inventors (Singh, 2005; 2008) could be important integration mechanisms that lead to effective 

knowledge transfers and improved innovation processes. In the same vein, Branstetter et al. (2018) 
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found that US corporations relied on the temporary mobility of their home-based inventors to 

foster the development of capabilities in their foreign affiliates. By moving inventors and managers 

around, firms enable learning by interacting processes that can lead to benefits in terms of 

knowledge recombination and creation.  

In sum, multi-locational firms presumably have an advantage over single-unit firms in developing 

new technologies due to their (variable) ability to exploit multiple distinct sources of localized 

capabilities. However, to my knowledge, very few studies have empirically examined the degree 

of differentiation in the knowledge multi-locational firms produce across different establishments. 

What is more, studies statistically testing whether multi-locational knowledge sourcing has a 

meaningful impact on innovation outputs have so far provided mixed results (e.g. Singh, 2008; 

Scalera et al., 2018). This paper addresses these gaps in the literature by examining the patterns of 

knowledge production of firms operating across multiple European locations. The analysis 

encompasses multi-locational firms broadly defined as organizations that innovate from more than 

one location, whether or not these two locations are within the same country. The analysis thus 

distances itself from a pure focus on multinational firms, as firms are differentiated across locations 

within the same country as well as across different countries. In the following paragraphs, I will 

present some descriptive statistics before turning to the empirical analyses on knowledge 

differentiation and the quality of innovative output.  

3. Data 
 

Knowledge sourcing and technological diversification in multi-locational firms in Europe are 

explored by combining patent data from the European Patent Office (EPO) with firm-level data 

from the Bureau Van Dijk (BVD)’s Orbis database. Patent assignees are regrouped by corporate 
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ownership, and thus company groups include branches and subsidiaries. Utility patent records 

from the EPO and associated locational information are used to distribute knowledge production 

across the establishments of the firm, while the nature of technologies is assessed through the  

Cooperative Patent Classification (CPC) technology classes listed on those patents. The focus is 

on patents owned by multi-locational firms operating in the 27 EU members plus Switzerland, 

Iceland, Norway and the UK. To determine the location of an invention, researchers generally use 

the address of  inventors. However, this method is likely to  exaggerate the firm’s geographical 

structure. Indeed, EPO records do not provide information that allow a direct linkage of inventors 

to an assignee organization. This can be an issue where inventors live in a geographical area that 

does not contain an establishment of the assignee on the patent. In this case, it is difficult to 

accurately identify the location where the patent was produced. That location could be the address 

of the inventor, or that of the nearest assignee establishment, or even somewhere else. Thus, I use 

establishment-level geographical information from the BVD to identify all the European locations 

in which multi-locational firms are active. A patent was assigned to a specific establishment of an 

assignee if the location of the inventor coincides with one of the locations of the assignee 

organization. Conversely, when a patent is assigned to firm X and the inventor is located in region 

A, if region A contains no establishment associated with firm X, then the patent record is dropped 

from the analytical sample. The geographical matching was done at the NUTS2 level. Since the 

BVD provides only recent data, and because of lags in the granting and publication of patents, I 

restrict the analysis to the years 2001 to 2015. Patents generated by co-inventors are split between 

locations containing an inventor and a plant of the assignee. 

The final sample covers 874 unique firms, 4240 establishments and 124,660 patents. The sample 

only includes firms with a minimum of two establishments that have patented in at least two 
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consecutive 3-year time periods. The final sample of multi-locational firms account for about 30% 

of all patents granted in Europe in each time period.6 Table 1 presents some summary statistics 

organized by the size of the corporate group (number of establishments). There are notable 

differences across size categories. The median number of patents produced ranges from 14 for 

firms with only 2 establishments to 267 for firms with more than 20 establishments. The number 

of patents per establishment is also higher in larger firms, with almost 28 patents per establishment 

for the largest firms and 7 for the smallest. The median number and the per-establishment ratio of 

inventors also increase with size: firms with 2 establishments having a median of 11 inventors, or 

5.5 inventors per establishment, and firms with more than 20 establishments having a median of 

193 or roughly 12 inventors per establishment. The third and fourth rows provide a sense of the 

extent of technological diversification in multi-locational firms.  

Table 1. Descriptive statistics by size categories 

Size 2 est. 

(n=167) 

3:5 est. 

(n=286) 

6:10 est. 

(n=198) 

11:20 est. 

(n=154) 

>20 est. 

(n=69) 

Median number of 

patents (per 

establishment 

14 

(7) 

32.5 

(14.5) 

42 

(14.9) 

133 

(25.4) 

267 

(27.7) 

Median number of 

inventors (per 

establishment) 

11 

(5.5) 

22.5 

(9) 

30.5 

(8.2) 

93 

(13) 

193 

(12.1) 

Median number of 

CPC classes (per 

establishment) 

10 

(5) 

15 

(6) 

20 

(5) 

42.5 

(6) 

78 

(5) 

Median percentage of 

patents in largest 

technological class 
33.0 30.6 29.7 21.7 14.0 

Median percentage of 

patents coming from 

largest location 
69.2 66.7 54.8 47.5 32.7 

 

 
6 Before applying the restrictions to generate the final sample for the analysis, multi-locational firms account for 

about half of all patents in the EU between 2001 and 2015.  
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The median number of technological classes in which firms patent increases with size, but the ratio 

per establishment stays constant at 5 or 6 classes. However, the concentration of patenting in the 

dominant class decreases with size, indicating that larger firms are less concentrated in their main 

class of patenting activity than smaller firms, though firms of all size are scattered across a similar 

number of classes overall. The fifth row gives an indication of the geographical concentration of 

patenting activity. In general, larger firms tend to have more decentralized innovative activities. In 

smaller firms, between 55 and 70 percent of all patents are produced in a single location, whereas 

the percentage drops to 48 and 33 for firms that have between 11 and 20 establishments and more 

than 20, respectively. Overall, these summary statistics suggest that larger firms are more 

diversified both in terms of technological production and in terms of the relative geographical 

distribution of innovative activity. 

4. Empirical Analysis 

 4.1 Permutational Analysis of Variance 

 

The first part of the empirical analysis investigates whether there are statistically significant 

differences in the technological portfolio of establishments of a same multi-locational firm. That 

is: do firms produce different kinds of knowledge across the establishments that they control? A 

standard test would be an analysis of variance to compare patent distributions across plants. 

However, because patents are distributed across 652 classes and the very large majority of these 

classes take the value 0, the assumptions of standard multivariate analyses of variance are violated. 

I therefore turn to a permutation based MANOVA (PERMANOVA), a non-parametric test that 

operates over a geometric partitioning of the variation in a dataset that may be linked to multiple 

factors. The geometric partitioning is defined in the space of a given dissimilarity measure; in this 
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case, I use a measure of distance between technologies generated within the establishments of 

multi-locational firms. Statistical inference is obtained by the permutation of patent observations 

across a firm’s plants, from which we obtain a distribution of randomly generated F statistics. The 

null hypothesis is that the observed differences between the centroids of a firm’s establishment are 

not statistically different than what would be observed if the technology class observations were 

randomly distributed across establishments (Anderson, 2017). I aggregate firm and establishment 

technology class count data across five three-year periods to dampen annual fluctuations in 

patenting behavior. To operationalize the PERMANOVA, we require a measure of the distance 

between patent classes. The measure employed is based on technological relatedness between 

classes (Breschi et al., 2003; Kogler et al., 2013). A relatedness score is generated for each pair of 

technology classes based on the co-occurrence of those classes across EPO patent records. The co-

classification counts for CPC classes i and j (𝑁𝑖𝑗) are standardized in the form of a cosine index, 

yielding a measure of the relatedness or technological proximity between classes i and j in a given 

period: 

𝑆𝑖𝑗 =
𝑁𝑖𝑗

√𝑁𝑖 ∗ 𝑁𝑗
⁄  

The standardized proximity matrix (𝑆𝑖𝑗)  is subsequently used to calculate a dissimilarity score 

between all pairs of establishments by measuring the average relatedness distance between the 

patents they generate across CPC classes. An establishment dissimilarity matrix is generated for 

each of the five periods examined between 2001 and 2015. 

The within-group variance for a given establishment before permutations is given by the 

technological dissimilarity between time periods, while the between-group variance is represented 

by the distance between the centroids of the establishments of a given multi-locational firm. The 



 167 
 

simulated distribution of F statistics is estimated through permutations: the model randomly 

assigns observations to the establishments of a firm repeatedly, each time estimating a new F 

statistic. The observed F statistics are compared to the distribution of simulated F statistics to 

obtain a p-value for the PERMANOVA Due to the large size of the dissimilarity matrix and the 

limitations associated with interpreting a single test with a large number of firms, I perform 

separate PERMANOVA tests for each individual firm. The raw p-value as well as an adjusted p-

value are reported because of repeated hypothesis testing. The adjusted p-value is calculated from 

the false discovery rate approach (fdr), which is similar to the Bonferroni correction but generally 

better suited to large-scale multiple testing. The PERMANOVA tests were performed using the 

‘vegan’ package in R (Oksanen et al., 2020).  

Table 2 presents the results of the PERMANOVA tests by size groups. The percentage of tests in 

each group from which we obtain a significant result at the 0.1, 0.05, and 0.01 confidence levels 

is reported. The last column contains the p-values adjusted for fdr. Only the tests with 999 

permutations are reported to provide a comparable basis of analysis across firms and groups, i.e. 

tests with fewer than 999 permutations can result from a small number of observations in each 

establishment of the firm, limiting the lower boundary of the p-value and potentially biasing the 

results. Using the adjusted p-value, slightly more than 60 percent of firms have significant 

differences in the technology that they produce within each of their plants at the 10 percent level. 

There are, however, important differences across size groups. For the 65 firms with two 

establishments, about 30 percent have significant differences across locations, whereas the 

percentage steadily increases as we move up the size category to reach approximately 85 percent 

for firms with 11-20 establishments, and almost 100 percent with firms with more than 20 
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establishments. The results therefore indicate that larger firms tend to be more differentiated in 

terms of technological production across establishments than are smaller firms.  

Table 2. Summary of PERMANOVA results by size categories 

Firm size 

# of 

establishments 

# of firms 

# (%) of firms with signif  

pmanova 

(perms=999) 

# (%) of firms with signif 

pmanova 

Adjusted for fdr (perms=999) 

2 65 

28 (43.1) 

21 (32.3) 

4 (6.1) 

p<0.1 

p<0.05 

p<0.01 

19 (29.2) 

8 (12.3) 

0 (0) 

p<0.1 

p<0.05 

p<0.01 

3-5 199 

120 (60.3) 

95 (47.7) 

41 (20.6) 

p<0.1 

p<0.05 

p<0.01 

88 (44.2) 

57 (28.6) 

25 (12.6) 

p<0.1 

p<0.05 

p<0.01 

6-10 172 

120 (69.8) 

104 (60.5) 

81 (47.1) 

p<0.1 

p<0.05 

p<0.01 

101 (58.7) 

94 (54.7) 

70 (40.7) 

p<0.1 

p<0.05 

p<0.01 

11-20 153 

137 (89.5) 

131 (85.6) 

124 (81.0) 

p<0.1 

p<0.05 

p<0.01 

131 (85.6) 

128 (83.7) 

111 (72.5) 

p<0.1 

p<0.05 

p<0.01 

>20 69 

68 (98.6) 

67 (97.1) 

66 (95.7) 

p<0.1 

p<0.05 

p<0.01 

67 (97.1) 

66 (95.7) 

66 (95.7) 

 

p<0.1 

p<0.05 

p<0.01 

All firms 

 
658 

473 (71.9) 

418 (63.5) 

316 (48.0) 

p<0.1 

p<0.05 

p<0.01 

406 (61.7) 

353 (53.6) 

272 (41.3) 

p<0.1 

p<0.05 

p<0.01 
* 216 tests were not reported because the number of permutations (perms) was lower than 999.  

The degree of differentiation in multi-locational firms is a priori more important than what was 

reported in similar work covering the U.S. (Frigon, 2021). However, the difference can be 

explained by discrepancies in the distribution of firms across size groups. Only 65 firms with two 

establishments generated valid results, representing about 10 percent of the whole sample of firms. 

For the U.S. sample, the share of firms with two establishments represented about a third of the 

whole sample. So if we rather focus on comparing equivalent categories of size, the proportion of 
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European firms with significant differences is in fact considerably less than in the U.S. Adding the 

fact that the European data used in this study includes subsidiaries, which are often used to 

diversify from the main activities of the firm, whereas the U.S. data used in Frigon (2021) focused 

on fully-owned branches, these results suggest that firms operating in Europe tend to be less 

technologically diversified than are firms operating across different U.S. locations. More research 

directly comparing the U.S. with Europe is needed to confirm these claims.  

4.2 Technological distance between establishments  

 

While the PERMANOVA tests capture whether different establishments within the firm produce 

different kinds of technologies, it says little about the factors that lead to this differentiation. Thus, 

I further investigate knowledge diversification patterns in multi-locational firms by testing the 

impact of a set of firm and regional characteristics on the technological distance between pairs of 

establishments belonging to the same firm. I estimate an OLS regression with robust standard 

errors. Similar to what has been used to construct the distance measure used in the 

PERMANOVAs, I use the average technological distance between pairs of establishments 

belonging to the same firm  as the dependent variable:  

𝐷𝑎,𝑏 = ∑ ∑ 𝑆𝑖𝑗 ∗ (
𝑁𝑎,𝑖

∑ 𝑁𝑎

𝑛

𝑖=1

∗  
𝑁𝑏,𝑗

∑ 𝑁𝑏

)

𝑛

𝑗=1

 

where 𝐷𝑎𝑏 is an element of the (dis)similarity matrix representing the weighted average relatedness 

between establishments a and b. The term 𝑆𝑖𝑗 is the relatedness score between technologies i and 

j, and the weight is calculated as the product of the share of class i in the total class counts for 

establishment a, expressed as 
𝑁𝑎,𝑖

∑ 𝑁𝑎

 , and the share of class j in the total class counts of establishment 
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b, expressed as 
𝑁𝑏,𝑖

∑ 𝑁𝑏

. The values of the matrix 𝐷𝑎,𝑏 are subsequently inverted to obtain dissimilarity 

scores. The resulting value is bound between 0 and 1. The dependent variable takes the value 0 

when two establishments produce exactly the same technologies, and it takes the value 1 when two 

establishments have no technological classes in common.  

I regress the dependent variable on various firm and regional characteristics. First, the 

PERMANOVA results suggested that larger firms may be more technologically differentiated than 

smaller ones. I examine this result further by operationalizing the size of the firm as a categorical 

variable using the same groupings as used in the previous sections of the paper. Secondly, the 

literature on knowledge sourcing has suggested that internal mechanisms for knowledge 

integration may be more conducive to knowledge transfers across subunits of the firm (e.g. Singh, 

2008; Berry, 2015; Branstetter et al., 2018). Thus, we would expect establishments with higher 

degrees of integration to share a more similar knowledge base. I use two indicators of integration. 

First, I add a dummy variable taking the value 1 if at least one of the establishments has cited at 

least one patent from the other establishment, and 0 otherwise. I add another dummy variable 

indicating whether the two establishments have engaged in co-invention or not. A total of 1146 

establishments have at least 1 collaboration, which represents slightly over a quarter of all 

establishments, while 303 out of the 874 firms in the sample have had a pair of establishments 

collaborating on a patent. Collaborations between establishments extend to an average of 7.7 

patents. Thirdly, I add a variable capturing the size of both establishments, measured by the log of 

the product of patent counts from each establishment as well as an indicator of whether one of the 

establishments is the headquarters. Fourthly, I look at whether the establishments are located 

within the same national economy or not. Postulating that knowledge transfers are easier to operate 

within a similar institutional and cultural context and that inter-regional heterogeneity in 
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knowledge production is greater across rather than within national borders, we would anticipate 

that two establishments operating in the same country will share a higher degree of technological 

proximity. In a similar vein, I calculate the aggregate technological distance between the two 

regions in which the establishments operate. This variable is operationalized as the weighted 

average distance between all pairs of classes in which the two regions patent. If ‘innovative’ 

establishments are influenced by the knowledge base of their host location in their knowledge 

production, a greater technological distance between regions should be associated with a greater 

technological distance between establishments. A variable capturing the size of the host locations 

is also added to the model. It is measured as the product of the total number of patents in each 

location.  

Table 3. Regression results: distance between establishments 

Independent 

variables Coefficient 

Robust 

Std. error t-value P-value 

Distance city 0.0460 0.0052 8.863 0.0000 

Log(city size) -0.0014 0.0026 -0.553 0.58 

Same country -0.0117 0.0085 -1.375 0.1691 

Collaboration -0.3905 0.0232 -16.860 0.0000 

Citation  -0.3426 0.0354 -9.679 0.0000 

Log (product 

patents) -0.0187 0.0021 -8.705 0.0000 

HQ 0.0496 0.0092 5.374 0.0000 

Size: 2 est. - - - - 

Size: 3 est. 0.1656 0.0730 2.267 0.0234 

Size: 4-5 est.  
0.3151 0.0681 4.625 0.0000 

Size: 6-10 est. 
0.4273 0.0656 6.510 0.0000 

Size: > 10 est. 0.6393 0.0650 9.836 0.0000 

(Intercept) -0.1913 0.0770 -2.484 0.013 

R2: 0.1362     
Observations: 17724   
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The results are shown in Table 3. The results confirm the patterns identified from the 

PERMANOVA tests: the degree of technological differentiation between establishments keeps 

increasing as we move up the size categories. For instance, holding everything else constant, a pair 

of establishments belonging to the largest size group as compared to the base category (size = 2 

establishments) increases the average technological distance by 0.64, which is considerable given 

that the technological distance measure is limited to the interval between 0 and 1. That larger firms 

are more differentiated across their locations could be explained in different ways. First, as 

organizations grow, they are able to benefit from economies of scale and scope that support their 

geographical and sectoral diversification (Chandler, 1990). The surplus generated through large-

scale production can indeed allow firms to invest in new technological ventures and target new 

markets, while through the process firms develop management capabilities that can support an 

efficient coordination of dispersed activities (Chandler, 1977). Thus, large firms could be more apt 

at promoting greater levels of diversification across establishments. Secondly, that larger firms are 

more differentiated could be endogenously associated with the corporate strategy. As discussed by 

the international business literature, an increasing number of organizations compete based on their 

access to specialized and localized knowledge, and thus the greater level of differentiation would 

result from an explicit strategy to tap into diverse knowledge pools.  

Regarding integration, both variables behave as expected and are negatively and significantly 

associated with technological distance. Having at least one patent citation between the two 

establishments decrease the technological distance by 0.34, while co-invention is associated with 

a decrease of 0.39, on average. However, I do not test for causality in this model. For instance, the 

influence of the collaboration indicator could go both ways. On the one hand, a higher level of 

technological proximity between two establishments could facilitate collaboration and thus 
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represent an incentive to engage in co-invention. On the other hand, it could be collaboration and 

the following knowledge transfers that result in a greater level of technological similarity between 

establishments. In any scenario, in line with most of the literature, the results show that 

collaboration is positively associated with knowledge integration in multi-locational firms. The 

last two firm characteristics present opposite effects. First, that one of the two establishments is 

the headquarters of the firm is associated with a higher level of technological distance. The effect 

of the dummy is rather small, but this could indicate that HQs are more exploratory in terms of 

technological development, thereby exhibiting a greater distance with other establishments of the 

firm. Secondly, the product of the size of the two establishments has a negative and significant 

association with technological distance. Establishments with more patents might be more 

diversified, and thus more likely to overlap with the technological portfolio of other 

establishments.  

Turning to geographical characteristics, the product of the sizes of the cities in which the 

establishments operate is not significant. The dummy indicating whether two establishments are 

located within the same national economy has the expected negative sign, but is also not 

significant. Stated differently, this result indicates that the technological distance between 

establishments located in different countries is not statistically different than the distance between 

establishments operating within the same national economy. This therefore highlights the need to 

assess knowledge sourcing and production at the regional rather than the international level. 

Finally, the city distance coefficient is positive and significant, indicating as mentioned previously 

that a greater level of technological distance between cities is reflected by a greater distance 

between establishments. This result may capture a certain level of local knowledge sourcing 

activity from multi-locational firms, which would imply that the local knowledge base influences 
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the nature of technologies produced in specific establishments and thus in part explain the degree 

of diversification between firms.  

4.3 Knowledge Complexity 

 

The set of results presented so far show that a large proportion of firms source and produce 

technologies that are distinct across their different establishments. The literature in international 

business has claimed that this strategy is beneficial to the performance of the firm, and therefore 

we should expect firms with greater levels of geographically distributed R&D to be able to produce 

technologies of greater value. The empirical literature has so far provided inconclusive results. For 

instance, Singh (2008) found that the level of geographical dispersion of R&D in large multi-

locational firms was negatively associated with the average quality of the firm’s innovative output, 

as measured by the average number of forward citations that the firm generates across its patents. 

Scalera et al. (2018) report a nonlinear relationship between the domestic geographical dispersion 

of R&D in US firms and the technological scope of their patents, as proxied by the number of 

unique technological classes. Their results suggest, however, that international dispersion has a 

positive and significant impact on the technological breadth of the firm.  

There are two major issues related to empirically addressing the question of multi-locational 

knowledge sourcing. First, most studies use the location of inventors to measure the degree of 

geographical dispersion. However, as discussed before, the USPTO or EPO do not provide 

information that allows a direct linkage between the location of the inventors and the assignee 

location(s). Rather, the location of inventors listed on patent records represents the address of their 

domicile, and so discrepancies between the address of the main assignee and that of the inventors 

might imply that inventors are commuting, working remotely, have multiple addresses, etc. 
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Looking at inventors’ addresses may thus lead to an overestimation of the geographical dispersion 

of the activity of the firm. The second issue relates to measuring the quality or value of innovative 

output. For instance, Singh (2008) uses forward citations as an indicator of knowledge value, but 

by their nature, tacit and more valuable forms of knowledge should be harder to replicate by 

competitors, at least for some time. Consequently, it is unclear whether citations really capture the 

value of knowledge produced by a firm.  

An alternative measure of the value of different kinds of economic activity has recently been 

proposed by Hidalgo and Hausmann (2009). They develop a measure of the complexity of exports 

that originate in different countries. For them, complexity reflects the difficulty of producing 

various types of goods. What countries are able to produce and export is seen to depend on the 

capabilities that they possess. Countries that have developed broad sets of capabilities specialize 

in the production of many types of goods, while countries with relatively few capabilities tend to 

specialize in only a few different sectors. Complex, high value goods require many capabilities for 

their production and so tend to be produced by a relatively small number of countries. Less 

complex, lower valued goods tend to be produced in a much larger number of locations reflecting 

the broader availability of a smaller range of capabilities across different countries. 

Operationalizing the measurement of complexity requires data on economic activity across 

different sectors and locations. These data are used to build a bipartite network of sectoral 

specializations distributed across different geographical units. The complexity measure developed 

by Hidalgo and Hausmann (2009) has been shown to represent a measure of eigenvector centrality 

for such a bipartite network (He et al., 2016). Balland and Rigby (2017) have applied this same 

measure to explore the complexity of knowledge production across U.S. cities. Work by Balland 

et al. (2019) and Pintar and Scherngell (2021) explore similar questions for the EU. 
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Following this same approach, I build complexity measures for the 652 technology classes of the 

CPC. Individual patents make knowledge claims across a series of these classes. I thus calculate 

the complexity value of EU patents as the weighted average of the complexity values for the 

technology classes in which their knowledge claims are reported. The resulting patent complexity 

values are standardized to fall over the interval 0 to 1. Some patents are dropped from the analysis 

because they are classified in the miscellaneous category, which includes a relatively wide range 

of heterogenous technologies.  

If multi-locational firms benefit from tapping into different localized knowledge pools, we should 

expect that greater levels of geographical dispersion in R&D will be positively associated with 

producing technological innovations of greater value. To test this idea, I generate two different 

measures of ‘patent value’. First, I revisit Singh’s (2008) work and examine the impact of multi-

locational knowledge sourcing on the value of the innovative output as measured by forward 

citations. In a second stage, I turn to the measure of complexity, as I postulate that this measure 

comes closer to the idea of tacit and more valuable knowledge. I do not average patent values by 

each firm; the averaging process is likely to add noise. So the units of observation in this analysis 

are individual patents produced by at least one of the 874 firms in the sample over the period 2001 

to 2015. There are approximately 125,000 patents in the sample. Forward citations for each patent 

are measured for 7 years after the application dates of granted patents only. Time fixed effects 

adjust for any truncation in citations at the end of the study period. The characteristics of patents, 

the assignee (owning organization), the date of application, the number of co-inventors, technology 

classes listed, number of knowledge claims and the number of forward citations are all available 

through the records of the EPO.  
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The main explanatory variable used in the models is the (log of the) number of establishments 

from which the multi-locational firm patents. Similar to Singh (2008), I add measures of 

knowledge integration proxied by a dummy indicating whether the patent results from 

collaboration between more than one establishment of the firm or not, and a dummy indicating 

whether the patent cites another patent from an establishment of the same firm. Patent value is 

additionally presumably linked to the size of the team involved, to the number of knowledge claims 

and the number of different technological classes from which it builds (Breitzman and Thomas, 

2015). I add these variables as covariates in the model. Sourcing knowledge from foreign locations 

could potentially broaden the scope of technologies and expertise involved in the innovation 

process. I test for this dimension by adding two dummy variables: one that captures whether the 

innovation involved inventors from multiple European countries, and another one indicating 

whether one of the inventors is located outside of Europe. As shown in the previous analyses, the 

HQ is more differentiated in terms of knowledge production than are the subunits of the firm. We 

could consequently expect HQs to produce patents that are more valuable on average. I add a 

dummy indicating whether at least of the assignee establishments is the HQ. Finally, I add a 

variable on the size of the region (or the average size) of the assignee establishment(s). Larger 

cities potentially give more opportunities for knowledge sourcing so we can expect this variable 

to have a positive impact. The continuous variables used in the model show non-negligible levels 

of dispersion, so they are used in their log form. The fixed effects are the filing year to control for 

variations over time, and the primary class of the patent to account for heterogeneity across 

technological sectors.   

Table 4 presents the results for the model with the number of forward citations as the dependent 

variable. Because it is a count variable, I estimate a negative binomial regression. Model 1 only 
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includes the main explanatory variable, while Model 2 adds fixed effects. Model 3 shows the 

results with all covariates and fixed effects. The general results mirror the finding from Singh 

(2008). Across all three models, the geographical dispersion is negatively and significantly 

associated with forward citations. This result would imply that firms do not benefit from a greater 

level of geographical dispersion in terms of generating patents of higher quality. Regarding the 

covariates in Model 3, both knowledge integration indicators are positive and significant, so rather 

than dispersion, it is the level of connectivity between establishments that gives rise to patents that 

generate more forward citations. Of the two measures capturing ‘foreign’ collaborations, only the 

presence of an inventor residing outside of Europe has a significant impact, but the coefficient is 

negative. This is a surprising result, as we would expect the participation of foreign inventors to 

increase the diversity of knowledge involved in the innovation process, which should technically 

increase its quality. At the same time, knowledge integration with multinational teams might prove 

to be more difficult perhaps due to coordination challenges. The dummy indicating whether the 

patent was introduced by a HQ is positive and significant, reflecting the idea that HQs may have 

more resources and be more centrally positioned in the corporate innovation network to develop 

patents of higher quality. All three variables on patent characteristics are significant but have 

different impacts. The number of classes on a patent as well as the number of backward citations 

are associated with a higher level of forward citations, while the inventor count has a negative 

impact. This result could indicate that it is not necessarily the size of the team that matters for 

innovative quality, but rather the level of proximity between inventors, be it in terms of belonging 

to the same organization or the same geographical area. Finally, the region size has a significant 

and negative impact on the quality of the patent, on average.  
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The complexity models presented in Table 5 offer contrasting results. Because complexity is a 

continuous variable (ranging from 0 to 1), I estimate an OLS regression with the same set of fixed 

effects and covariates as in the models from Table 4.  Model 1 only includes the main explanatory 

variable, while Model 2 adds fixed effects to it. Model 3 adds the covariates. For all three models, 

geographical dispersion, as measured by the number of innovative establishments controlled by 

the firm, has a positive and significant effect on the level of complexity of the focal patent, on 

average. This result highlights the importance of the definition of patent value adopted. While 

being more geographically dispersed is associated with patents with fewer forward citations, the 

complexity of the patent is enhanced as a result of multi-locational knowledge sourcing. Again 

emphasizing that the complexity construct might represent knowledge that is more valuable to the 

firm, this shows that adopting a multi-locational strategy may be beneficial for organizations, and 

support the claims made by Alcacer and Zhao (2012) that it is a strategy that effectively allows to 

protect the firm’s proprietary knowledge from replication by competitors.  

Of the patent characteristics, the number of classes on a patent is positive and significant, and so 

is the size of the team, contrasting with the results on forward citations. Thus, while the number 

of inventors was negatively associated with how much citations a patent was generating, 

combining the expertise of more individuals is positively associated with a greater level of 

complexity. Collaborations involving inventors from multiple countries and inventors from 

outside of Europe are also positively associated with complexity, again showing different results 

than the previous models. The HQ dummy is now negative and significant, thus signaling that 

while HQs might be better positioned to develop patents that are of greater quality, if we think in 

terms of their impact on future innovation processes, their patents tend to be less complex. Would 
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that mean that HQs tend to produce more general technologies, while the firm’s affiliates tend to 

be more specialized?  

Table 4. Forward citations model 

Dependent variable = number of forward citations 

  Model 1 Model 2 Model 3 

Number establishments 
-0.1411*** 

(0.0132) 

-0.1435*** 

(0.0133) 

-0.1273*** 

(0.0136) 

Class count   0.1097*** 

(0.0200) 

Inventor count   -0.0701** 

(0.0296) 

Number of claims    
0.5586*** 

(0.0237) 

Inter-est. citation    
0.6671*** 

(0.0441) 

Inter-est. collabtn   0.2080*** 

(0.0392) 

Multicountry collab   -0.0938 

(0.1313) 

HQ    0.3085*** 

(0.0330) 

Non-European inventor 

dummy 
  -0.1363** 

(0.0660) 

NUTS2 Region size   -0.0388*** 

(0.0120) 

Constant 
-1.4427*** 

(0.0396) 

-1.1942*** 

(0.0587) 

-1.1766*** 

(0.1784) 

Patent year Fixed 

Effect 
No Yes Yes 

Primary class Fixed 

Effect 
No Yes Yes 

R2 0.0015 0.0450 0.0606 

# Obs 120,218 120,218 120,218 

Notes: . * significant at the 0.1 level, ** significant at the 0.05 level, *** significant at the 0.01 level. 
Standard errors are robust to heteroskedasticity. 

There are some surprising results from the complexity models. The two collaboration variables 

present opposite signs: citations to other patents of the firm have a positive and significant impact, 

while it is negative for co-invention. We would have expected collaboration to generate positive 

knowledge externalities and allow for greater levels of knowledge recombination. However, as 

suggested by Wuyts et al. (2005) and Nooteboom et al., (2007) with respect to inter-organizational 
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relationships, the success of collaborations may depend on the level of cognitive distance between 

the participating agents. On the one hand, the different parties should have a certain level of 

dissimilarity in their knowledge for the resulting innovation to be novel and valuable. On the other 

hand, too much cognitive distance can make coordination and the integration of knowledge more 

difficult. Both studies consequently find that there is an optimal level of cognitive distance to reach 

to maximize the value of the output. Building on these ideas, I interact the dummy on collaboration 

with the average technological distance between the involved establishments and include the 

variable’s quadratic form to account for a potential inverted u-shaped relationship. The results 

containing these variables are contained in Model 4 of Table 5, and confirm the expected 

relationship. Up to a tipping point of around 0.42 units of average technological distance between 

establishments (out of 1), the relationship is positive, while it turns negative passed that threshold. 

Therefore, it is when establishments hosting co-inventors share a certain level of technological 

proximity that their collaboration is fruitful in terms of generating more complex technologies.  

The second dimension I explore further in Model 4 is the relationship between size and complexity. 

Recent studies have shown that complex technologies were predominantly produced in large cities 

(Balland et al., 2020; Balland and Rigby, 2017), and so the negative and significant impact of city 

size is rather puzzling.  I therefore add a quadratic term on the size variable to examine whether 

this relationship is in fact curvilinear. The first term is no longer significant, nor is the quadratic 

term. However, when I use the raw size values and the standard deviations (not reported in the 

table), the results show an inverted u-shape relationship between size of the host city and 

complexity. In both scenarios, being located in a city with larger number of patents is negatively 

associated with average complexity. This could be explained by the disproportionately large 

number of low-complexity patents in these large cities, and also that the concentration of complex 
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technologies may also be driven by assignees that are not multi-locational firms (i.e. universities, 

governmental labs, startups, etc.). The other results do not differ meaningfully between Models 4 

and 3. 

Table 5. Complexity model 

  Dependent variable: patent complexity  

  Model 1 Model 2 Model 3 Model 4 

Number establishments 
0.0090*** 

(0.0007) 

0.0030*** 

(0.0005) 

0.0032*** 

(0.0005) 

0.0052*** 

(0.005) 

Class count   0.0184*** 

(0.0007) 

0.0194*** 

(0.0007) 

Inventor count   0.0186*** 

(0.0011) 

0.0181*** 

(0.0011) 

Number of claims    
-0.0246*** 

(0.0009) 

-0.0246*** 

(0.0010) 

Inter-est. citation    
0.0107*** 

(0.0020) 

0.0105*** 

(0.0020) 

Inter-est. collabtn   -0.0233*** 

(0.0014) 
 

Inter-est. collabtn * 

tech  

distance 

   
0.2674*** 

(0.0380) 

Inter-est. collabtn * 

tech  

distance^2  

   -0.3185*** 

(0.0407) 

Multicountry collab   0.0137*** 

(0.0048) 

0.0097* 

(0.0054) 

HQ    -0.0124*** 

(0.0013) 

-0.0130*** 

(0.0013) 

Non-European inventor 

dummy 
  0.0180*** 

(0.0018) 

0.0193*** 

(0.0019) 

NUTS2 Region size    -0.0047*** 

(0.0005) 

-0.0032 

(0.0054) 

NUTS2 Region size^2 
   

-0.0001 

(0.0003) 

Constant 
0.4681*** 

(0.0021) 

0.4723*** 

(0.0023) 

0.4566*** 

(0.0069) 

0.4446*** 

(0.0234) 

Patent year Fixed 

Effect 
No Yes Yes Yes 

Primary class Fixed 

Effect 
No Yes Yes Yes 

R2 0.0014 0.5576 0.5653 0.5655 

# Obs 120,218 120,218 120,218 116,083 

Notes: . * significant at the 0.1 level, ** significant at the 0.05 level, *** significant at the 0.01 level. 
Standard errors are robust to heteroskedasticity. 



 183 
 

5. Conclusions 
 

This paper overall offers a series of contribution to the literature. While questions surrounding the 

knowledge sourcing activities of firms have been addressed by both geographers and management 

scholars, there are a number of gaps I have sought to address in this study. First, most of the work 

in geography consists of case studies of particular regions and specific industries, focusing on the 

general sources of knowledge clustered firms engage with. In contrast, large-scale empirical 

analyses remain scarce. What is more, it is only recently that researchers have sought to unpack 

the role of multi-locational firms in introducing new capabilities into regional (Neffke et al. 2018; 

Lo Turco and Maggioni, 2016, 2019; Elekes et al. 2019; Whittle et al., 2020). However, this body 

of work does not directly address how the nonlocal firms may develop these new capabilities, only 

presuming that they do so by taping into various localized pools of capabilities. Management 

scholars have been relatively clearer on these questions (e.g. Almeida and Phene, 2004, 2008; 

Berry, 2014, 2015; Branstetter et al., 2018), but have yet to examine how diversified knowledge 

production is across the different establishments of the firm, including at the international and the 

subnational level.  

I therefore tackled these issues by examining the knowledge production activities of multi-

locational firms operating in Europe. I used EPO patent records matched to ownership and 

geographical data, covering 874 firms, and more than 4000 establishments and 120,000 patents in 

the final sample. The first question I addressed was whether there are statistically significant 

differences in the technological portfolio of different establishments within the firm. Using 

PERMANOVA tests, the results showed that more than 60 percent of firms generated significant 

results, although there are important differences depending on the size of the firm. For firms with 

only two ‘innovative’ plants, only 30 percent of firms have significant results, whereas it goes up 
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to 80 percent for firms with 11 to 20 establishments and almost 100 percent for firms with more 

than 20 establishments. These results indicate that larger firms are more differentiated across space 

than are smaller firms, and thus are potentially more able to benefit from inter-regional differences 

in the nature of the local knowledge. This could be interpreted as larger firms taking advantage of 

their economies of scale and scope as well as their accumulated capabilities in managing 

geographically and functionally differentiated activities to effectively manage higher degrees of 

diversification across their locations (Chandler 1977, 1990). At the same time, these differences 

could also reflect different strategic motives, with firms getting larger explicitly to exploit different 

pools of knowledge. These results are further confirmed through a regression analysis examining 

the factors associated with greater or lesser degrees of technological distance between the 

establishments of the firms. This test also reveals that establishments that are more integrated also 

tend to be more technologically proximate. I added to this model a measure of technological 

distance between cities. This result indicates that greater levels of technological distance between 

establishments are reflected by a greater technological distance between the cities, suggesting that 

local capabilities do influence the nature of knowledge production in the establishments of the 

firm.  

The last part of the paper investigated whether geographically distributed innovative activities 

have a significant impact on the value of the knowledge produced. The literature in international 

business suggests that by tapping into different localized knowledge pools, firms should be able to 

expand their recombination possibilities and should thus develop better technologies as a result 

(Cantwell, 2017). However, the results obtained by Singh (2008) suggest that geographical 

dispersion had a negative association with the quality of innovative output, while Scalera et al., 

(2018) show an inverted U-shaped relationship for multi-domestic knowledge sourcing in US 
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firms. I argue that the reasons why there are not capturing the effects predicted by theory are two-

fold. First, these studies use the location of the inventors rather than the location of the 

establishments of the firm to allocate patents, which is likely to add noise when trying to capture 

multi-locational knowledge sourcing. Secondly, the results might be contingent upon the choice 

of variable to measure the value of knowledge. While many studies use forward citations or 

measures of technological diversity to account for value, I argue that these measures might not 

directly capture knowledge that is of strategic value for the firm. I use an alternative indicator of 

the complexity of the patents produced, which come close to the idea of tacit knowledge as it 

captures dimensions of rarity and non-replicability (Hidalgo and Hausmann, 2009; Balland and 

Rigby, 2017), which would theoretically be of greater value to the firm as it seeks to shield itself 

from competitors (Alcacer and Zhao, 2012). Therefore, contrasting my results to previous studies, 

I show that greater geographical dispersion, as accounted for by the total number of establishments 

from which firms patent, is associated with higher degrees of patent complexity. These results are 

thus better aligned with the theoretical arguments suggesting that multi-locational firms use their 

organizational structure to tap into different pools of place-based capabilities and move knowledge 

across space to augment their innovative capacities. The results on complexity additionally 

highlight the important role of foreign knowledge and firm size in generating patents of higher 

value, as captured through indicators of the participation of non-European inventors, multi-country 

collaborations, and number of inventors listed on a patent.  

These last results point to a potential avenue for further studies that would seek to expand the 

geographical coverage and look at the influence of global intra-firm networks of innovation. 

Another important way to further this research would be to gather a wider array of firm-level and 

geographical information. Indeed, this study is limited by the reliance on patent data and limited 
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firm-level information. We could certainly expect that other important dimensions pertaining to 

the activities of the firm and the structure of regional economies influence the patterns of 

knowledge production within the firm.  

Finally, this paper’s findings have implications for management and policy. From the firm 

perspective, the results confirm the benefits of having a spatial knowledge sourcing strategy as a 

way to develop technologies that are more complex, and thus harder to replicate by competitors. 

It also highlights that knowledge sourcing should be accompanied by integration mechanisms. The 

results suggest that there might be an optimal level of proximity to maintain between 

establishments in order to maximize cross-establishment synergies in innovative activities. From 

a regional perspective, the findings of the paper concur with the literature on the agents of 

structural change suggesting that multi-locational firms might be key in developing capabilities 

and technologies that are new to the region, therefore upgrading the regional knowledge base. 
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