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ARTICLE

The importance of geographical distance to different types
of R&D collaboration in the pharmaceutical industry
Francesca Bignamia,b, Pauline Mattssona,c and Jarno Hoekmanb

aDepartment of Learning, Informatics, Management and Ethics, Karolinska Institutet, Stockholm, Sweden;
bInnovation Studies Group, Faculty of Geosciences, Utrecht University, Utrecht, The Netherlands;
cDepartment of Business Administration, Lund University, Lund, Sweden

ABSTRACT
Innovation within companies is generated by a combination of differ-
ent types of knowledge from external and geographically dispersed
sources. Although the geographical dimension of collaboration has
previously been investigated, studies have not distinguished between
different types of knowledge involved in collaboration. This article
analyses how the number of collaborations between pharmaceutical
multinational companies (MNCs) and external organizations is affected
by geographical distance, distinguishing between four knowledge
types: basic science, clinical science, core knowledge, and exploration
knowledge. We use co-publications as a proxy for collaborations. Our
results show that collaborations in basic science and core knowledge
areas are more negatively affected by geographical distance than
collaborations within clinical science and exploration knowledge
areas. This suggests that the importance of geographic proximity
depends on the type of knowledge that is being transferred in R&D
collaborations. Our results have implications for companies´ collabora-
tion strategies and their choices for the R&D sites´ location.
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1. Introduction

Innovation in a firm is the result of combining existing knowledge and new knowledge
(Smith, Collins, and Clark 2005). In times of rapid technological change, it is difficult for
a company to develop all necessary knowledge in-house. Companies increasingly use
external collaboration to complement their in-house knowledge and to expand their
global network to achieve competitive advantages (Freeman 1991; Powell and Grodal
2005). Therefore firms carry out a high proportion of their R&D activities in collabora-
tion with both geographically close and distant external organizations (Scherngell 2013).

The geographical dimension of R&D collaboration has received wide attention in
academic literature. Studies have mainly focused on the organizational level and
identified country-specific and sector-specific mechanisms that have an impact on the
role of geographical proximity in R&D collaboration (for example, Almeida 1996;
Ponds, van Oort, and Frenken 2007; Hoekman, Frenken, and van Oort 2009;
Waltman, Tijssen, and van Eck 2011; Plotnikova and Rake 2014). However, an

CONTACT Francesca Bignami francesca.bignami@ki.se Department of Learning, Informatics, Management and
Ethics, Karolinska Institutet, Stockholm, Sweden

INDUSTRY AND INNOVATION
2020, VOL. 27, NO. 5, 513–537
https://doi.org/10.1080/13662716.2018.1561361

© 2019 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives License
(http://creativecommons.org/licenses/by-nc-nd/4.0/), which permits non-commercial re-use, distribution, and reproduction in any
medium, provided the original work is properly cited, and is not altered, transformed, or built upon in any way.

http://www.tandfonline.com
http://crossmark.crossref.org/dialog/?doi=10.1080/13662716.2018.1561361&domain=pdf


increasing number of studies have questioned the dominant role of local collaboration
and suggested that knowledge creation takes place in a combination of both geogra-
phically close and distant settings (Bathelt, Malmberg, and Maskell 2004; Owen-Smith
and Powell 2004; Boschma 2005). So far this literature has not considered the hetero-
geneity of knowledge involved (Mattes 2012). Instead, different types of knowledge have
only been indirectly taken into account by arguing that geographical proximity is
important in knowledge transfer because of the difficulty of transferring tacit knowl-
edge. We argue that different types of knowledge activities may require different
geographical logics. This issue is at the core of this study.

We are contributing to the existing literature on R&D collaboration and geography
in several ways. First, we look below the organizational level and focus on different
types of knowledge within the organization. Second, we go beyond the traditional
distinction between tacit and codified knowledge that has been criticized as concep-
tually vague and difficult to empirically identify (Cowan, David, and Foray 2000) and
introduce a categorization that takes into account the heterogeneity of knowledge
within the firm by considering the innovation phase, the nature of knowledge and
the level of internal knowledge. Third, much of the literature on MNCs and geography
has focused on cost reduction, market potential and competitive advantages as factors
influencing companies’ location strategies (Alcácer and Chung 2007; Basile and Kayam
2015). In this paper, we focus instead on the link between different types of knowledge
in R&D collaborations and the importance of geographical distance as a location driver
for MNCs.

The empirical analysis of the effect of the geographical distance on research colla-
boration involving different knowledge types is carried out in the pharmaceutical sector,
one of the most knowledge-intensive industries (Kessel 2011). The R&D process in the
pharmaceutical industry is a complex trajectory driven by the search for fundamental
understanding of a phenomenon and skills to manage large-scale clinical trials
(Henderson, Orsenigo, and Pisano 1999). This process requires access to specialized
knowledge from different disciplines spread around the globe. Therefore, pharmaceu-
tical companies carry out a high proportion of their R&D activities in collaboration
with both geographically close and distant external actors (Calero, Van Leeuwen, and
Tijssen 2007). The pharmaceutical sector is thus a suitable arena in which to study the
issue addressed in this paper.

We use co-publications from 6 multinational pharmaceutical companies covering
the period 2000–2012 to explore the link between geographical proximity and type of
knowledge in collaborations. Co-publications have been commonly used in the litera-
ture to measure collaborations between organizations. The R&D process in pharma
includes two different stages: drug discovery and drug development, in which different
types of knowledge, skills and resources are needed. A distinction is also often made
between core and exploration areas representing different levels of internal knowledge
in companies. Therefore, each publication is classified into knowledge types based on
two different dichotomies: (1) basic science or clinical science, and (2) core and
exploration knowledge areas of the firms. The geographical distance between an
MNC and a collaborator was determined by the location of the two organizations.

The paper is structured as follows. In section 2, we present earlier literature on the
geographical and knowledge dimensions of R&D collaboration. Section 3 introduces the
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geographical logic of the knowledge types in collaboration in the pharmaceutical
industry and derives the hypotheses. The methodology, the models and the estimation
results are presented in sections 4, 5 and 6. In section 7, we discuss the results.

2. Geography and knowledge heterogeneity of R&D collaborations

The knowledge-based theory of the firm considers knowledge to be the most important
resource of a firm (Grant 1996; Kogut and Zander 1992). In recent decades, the knowl-
edge creation process has become increasingly complex, involving a heterogeneity of
actors and organizations outside the firm. External collaborations are considered an
efficient way to obtain access to the newest knowledge and highly specialized skills
(Zucker, Darby, and Armstrong 2002). At the same time, collaborations break up
established paths, avoiding lock-in situations.

The geographical dimension of R&D collaboration has generated a lot of attention in
the literature (for example, Owen-Smith and Powell 2004; Ponds, van Oort, and
Frenken 2007; Hoekman, Frenken, and van Oort 2009; Plotnikova and Rake 2014).
Researchers have typically indicated that innovation is a highly localized phenomenon
and geographical proximity matters in the knowledge transfer process (Audretsch and
Feldman 1996; Jaffe, Trajtenberg, and Handerson 1993; Ponds, van Oort, and Frenken
2007). These studies argue that short distances facilitate communication and knowledge
exchange through face-to-face interaction, personal relations, casual and unintended
meetings (Audretsch and Feldman 1996; Paci and Usai 2000). In addition, geographic
proximity favours social interactions and trust building (Boschma 2005; Ponds, van
Oort, and Frenken 2007). Distance collaborations, on the other hand, require high
transmission costs, meetings to be planned in advance and a more defined collaboration
strategy. Consequently, it is more difficult to exchange knowledge over long distances
(Audretsch and Feldman 1996).

However, an increasing number of studies have questioned the dominant role of
relying on only local collaboration. They argue that knowledge creation takes place in
a combination of both geographically close and distant settings (for example Kale,
Singh, and Perlmutter 2000; Vatne 2001; Gertler 2003; Bathelt, Malmberg, and Maskell
2004; Owen-Smith and Powell 2004; Boschma 2005). Distant collaborations are
required in order to access information about market trends and the newest technol-
ogies (Bathelt, Malmberg, and Maskell 2004). Owen-Smith and Powell (2004) have
shown, in the case of the Boston biotechnology industry, that access to new knowledge
not only results from local and regional interaction. It is often acquired through
strategic partnerships with interregional and international actors. Boschma (2005)
argued that local collaborations may become more beneficial for the company if they
are combined with distant partnerships that promote recombination of ideas and
mitigate the problem of spatial knowledge lock-in. Thus, both local and distant colla-
borations make complementary contributions to the knowledge pool of a firm
(Moodysson, Coenen, and Asheim 2008). Accordingly, companies, and in particular
MNCs, have adopted a combination of local and distant collaborations.

One limitation of current studies discussing the geographical dimension of R&D
collaboration, is that they treat the knowledge internal to a firm as a homogenous
phenomenon. This is surprising given that knowledge is a heterogeneous entity that can
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be classified in many different ways, for example according to the nature of the
knowledge, the actors involved, and the innovation phase. In the literature, the most
common way to differentiate between knowledge types is the dichotomy between tacit
and codified knowledge which was first introduced by Polanyi (1960). Tacit knowledge
is highly embedded in particular physical and social contexts and cannot be adequately
articulated by verbal means (Polanyi 1960). It is mostly transmitted through face-to-
face interaction and personal relations that need a short distance between partners
(Hippel 1994; Feldman and Lichtenberg 2000). Codified knowledge, on the other hand,
can be transferred by means of written documents, which more easily facilitate long-
distance collaboration (David and Foray 1995).

While the distinction between tacit and codified has been useful in understanding
R&D processes, the approach has also been criticized as being difficult to measure
(Cowan, David, and Foray 2000). Consequently, there is a need to provide
a differentiation of knowledge types that can be measured empirically. In this paper,
we therefore suggest measurable conceptualization of knowledge types for the pharma-
ceutical sector by distinguishing between basic science and clinical science knowledge,
and core and exploration knowledge areas. Although these distinctions are connected to
the differentiation between tacit and explicit knowledge, they are more robust in
identifying and measuring the heterogeneity of knowledge involved in different innova-
tion phases, the nature of knowledge produced in collaborations, and the level of
internal knowledge presented within pharmaceutical firms when engaging in collabora-
tions. In the next section, we provide insight in these different types of knowledge and
hypothesize about how they are related to the geographical dimension of R&D colla-
boration in the pharmaceutical sector.

3. The link between geographical distance and knowledge of R&D
collaboration and hypothesis formulation

Before exploring the geographical dimensions of different types of knowledge, we build
a base-line hypothesis on the role of geographical distance in pharmaceutical MNC
collaborations.

The pharmaceutical industry is one of the most-R&D intensive industries (Gassmann
and Reepmeyer 2005), relying on highly complex knowledge. Knowledge comes from
a broad range of different scientific disciplines such as chemistry, physiology, toxicology,
pharmacology, medicine and biology (Henderson 1994). Previous research on innovation
shows that access to knowledge and skills is an essential determinant of a pharmaceutical
firm´s capabilities and its success in bringing drugs to market. For example, Plotnikova
and Rake (2014), studied the pharmaceutical industry, and found that geographical
proximity has a significant positive relation to the collaboration intensity between
countries. Ponds, van Oort, and Frenken (2007) found that in the life science sector
geographic proximity is important but it is even more important for collaborations
between academic and non-academic organizations than for collaborations between
academic organizations. Zucker, Darby, and Armstrong (2002) concluded that the success
of life science firms is positively related to the number of collaborating academic star
scientists, defined as highly productive researchers, in their geographical area. In sum, the
complexity of the knowledge base and the coordination between the myriad of different
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actors involved from different scientific disciplines and sectors suggest the importance of
geographic proximity.

Consequently, we formulate our baseline hypothesis on the role of geographical
proximity in collaborations involving pharmaceutical MNCs as follows:

H1: The number of collaborations between a pharmaceutical MNC and external organi-
zations is negatively affected by geographical distance.

In order to further investigate the geographical dimension of collaboration in the
pharmaceutical industry, we introduce the first classification of knowledge type based
on the dichotomy between basic science and clinical science knowledge. The search for
a new drug takes place in two different stages: discovery and development. In the
former, basic science is the basis for knowledge creation while, in the latter, clinical
science knowledge is needed.

Basic science knowledge refers to the understanding of a phenomenon1 and it is
relatively tacit although it is partly based on codified information provided by other
researchers. According to Zucker, Darby, and Armstrong (1996) new information tends
to be produced in tacit forms and tacitness in knowledge increases as a function of
distance from prior knowledge, especially breakthrough knowledge. In the pharmaceu-
tical sector, basic science knowledge includes the attempts to reveal the mechanism and
the process of a disease (Lim 2004). This knowledge is involved in the first phases of the
drug discovery process, which includes the search for a disease target and the selection
of drug candidates for preclinical tests on animals (Henderson and Cockburn 1996).
The drug discovery process is recursive and involves a trial-and-error process
(Moodysson, Coenen, and Asheim 2008). Therefore, basic science knowledge is not
generated from a linear process. It is highly dependent on serendipity instead.
Furthermore, this knowledge is highly tacit because it cannot be articulated verbally
and it is based instead on experience accumulated in individuals (Lim 2004). The
knowledge is mainly embedded in individual academic researchers and therefore
collaborations with universities are crucial to the generation of basic science knowledge
in firms (Arora and Gambardella 1990; Owen-Smith and Powell 2004).

Clinical science knowledge is needed in the development stages to carry out clinical
trials, where compounds are tested in humans to assess the safety and efficacy of a drug
(Henderson, Orsenigo, and Pisano 1999; Cockburn and Henderson 2001). The clinical
trials are divided into three phases. In phase I, the compound is tested in healthy
volunteers to ensure that it is safe. In phase II, the compound is tested in a small group
of patients to establish efficacy, and in phase III the compound is tested in very much
larger numbers of more diverse patients to establish both safety and efficacy. These
trials are conducted in hospitals and must follow the guidelines from the regulatory
authorities (for example the U.S. Food and Drug Administration and other national and
international regulatory frameworks) in countries where the drug is intended to be
registered and commercialized. As a consequence, clinical science knowledge originates
from a strongly regulated process, which leaves little room for spontaneity in knowledge
creation (Moodysson 2009). More specifically, all steps of the clinical trials need to be

1National Science Foundation, 2016. https://www.nsf.gov/statistics/2017/nsf17305/#definitions.
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thoroughly documented and justified. This explains the highly codified nature of the
clinical science knowledge.

Based on these definitions, we test whether the role of geographical proximity differs
in the two knowledge types. Basic science knowledge is more tacit and originates from
a more unpredictable process. It requires short distance and face-to-face interaction in
order to be transferred. In addition, basic science knowledge is often generated by
scientists within an academic setting and, for industries to get access to this knowledge,
geographical proximity is necessary (Zucker and Darby 1996; Abramovsky et al. 2011).
Clinical science knowledge, on the other hand, is mainly codified and originates from
a more linear R&D process that can be controlled at a distance. Collaborations in
clinical science knowledge areas are therefore less dependent on geographical proximity
than basic science knowledge areas.

From these arguments, we can derive our second hypothesis:

H2: The number of collaborations between a pharmaceutical MNC and an external
organization is more negatively affected by geographical distance in basic science than
in clinical science knowledge areas.

To further explore the relationship between knowledge type and geographical proxi-
mity in collaboration, we add to the basic science and clinical science knowledge
dimension, the internal knowledge of the firm (exploration and core knowledge
areas). The concept of absorptive capacities was introduced by Cohen and Levinthal
(1989, 1990) and underlines the importance of taking into consideration the level of
a firm´s internal knowledge when studying R&D collaborations. Companies generally
have a few core knowledge areas in which they have a high level of internal R&D
knowledge and absorptive capacities that facilitate the acquisition of external knowl-
edge. However, they also have a number of exploration knowledge areas where the level
of internal R&D knowledge is lower than in core areas. The distinction between core
and exploration knowledge areas can be linked to the concepts of exploration and
exploitation knowledge areas first introduced by March (1991). He underlined the value
of collaboration for an organization’s learning process in accessing new knowledge
outside the firm´s core boundaries, knowledge exploration, and leveraging existing
internal knowledge with external, known as knowledge exploitation.

In the pharmaceutical sector, companies organize their activities around therapeutic
areas, such as cancer, cardiovascular, neurological diseases etc. These therapeutic areas
can be divided into core and exploration knowledge areas. Core knowledge areas are
critical for the company because they are the main sources of its innovations and
revenues. They are characterized by solid in-house knowledge that guarantees certainty,
speed, and clarity in collaborations (Hansen, Nohria, and Tierney 1999). Furthermore,
several authors argue that companies in core areas rely more on strong ties character-
ized by recurrent relations with the same partners in which they closely control the
knowledge transfer (Kale, Singh, and Perlmutter 2000; Cantwell and Mudambi 2011).
Consequently, it can be expected that collaborations in core areas are easier carried out
in geographical proximity. For example, Eli Lilly has been a leader in the field of
diabetic therapy for over a hundred years. Therefore, the therapeutic area of endocri-
nology can be considered a core knowledge area. Exploration knowledge areas are
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represented by new therapeutic areas in which the company decides to diversify its
market. These areas require a flexible collaboration network allowing access to
a diversity of skills and continuous scanning for new technological opportunities
(Hansen, Nohria, and Tierney 1999). Collaborations in exploration knowledge areas
thus need input from a network of external partners globally dispersed. For example,
Pfizer and GlaxoSmithKline decided to join forces and created a joint venture, ViiV
Healthcare, to develop expertise in the development of HIV drugs. Infectious diseases
could, therefore, be considered an exploration knowledge area for both companies.

Based on the distinction between basic science and clinical science knowledge, we add
the dichotomy of core and exploration knowledge areas. We obtain 4 different knowledge
types (basic science-core knowledge area, basic science-exploration knowledge area,
clinical science-core knowledge area, and clinical science-exploration knowledge area).

In basic science-core knowledge areas, collaborations are related to the production of
highly tacit and critical knowledge for the company. Consequently, firms need frequent
short-distance interaction for the nature of the knowledge as well as to avoid knowledge
leakage to achieve competitive advantages. Examples of this knowledge type are the
early research projects in the well-established cardiovascular therapeutic area of Pfizer.
In basic science-exploration knowledge areas, firms need to get access to the most novel
knowledge from the academic community spread around the world (Gittelman 2007).
In other words, access to basic science knowledge, highly tacit, involves more long-
distance collaborations when a firm operates in an exploration area (Kale, Singh, and
Perlmutter 2000; Cantwell and Santangelo 2000). In the case of MNCs with several
R&D sites around the globe, firms in basic science-exploration knowledge areas are less
likely to operate from a single local R&D centre. An example is the collaboration of
Pfizer in the immunology field with Alliance for Lupus Research (ALR), in which ALR
and Pfizer co-fund novel translational research projects driven by leading academic
medical centres for lupus around the globe (Pfizer 2013).2

Thus we can derive our third hypothesis:

H3: The number of collaborations between a pharmaceutical MNC and an external
organization is more negatively affected by geographical distance in basic science-core
knowledge areas than in basic science-exploration knowledge areas.

In clinical science-core knowledge areas, the company has already experienced the
clinical trial process for several previous drugs in the same therapeutic areas and it can
more easily predict the success of a new compound based on internal knowledge
accumulated (Henderson, Orsenigo, and Pisano 1999). Thus, this type of knowledge
is expected to be more easily transferred across long distances. However, in clinical
science-exploration knowledge areas, companies have to create routines and trust for
a well-planned clinical trials process. Garud and Rappa (1994) argued that geographical
proximity helps to develop beliefs, routines, and technologies into well-defined market-
able products. Consequently, we can hypothesize that the effect of geographical distance
in exploration knowledge areas is more important than that in core knowledge areas in
clinical science collaborations.

2(Pfizer 2013). ‘Pfizer Annual Report.’
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Thus we can derive the fourth hypothesis:

H4: The number of collaborations between a pharmaceutical MNC and an external
organization is more negatively affected by geographical distance in clinical science-
exploration knowledge areas than in clinical science-core knowledge areas.

4. Data sample

To test the hypotheses, we used scientific publications of pharmaceutical MNCs.
Publications have been a common source to measure and analyse collaborations
between organizations (Tijssen, Waltman, and van Eck 2012). More specifically,
a bibliometric record of a publication is a source of empirical information as it describes
many characteristics of collaborations: composition (number of authors, year of pub-
lication), author´s affiliation(s) (name of the institution, country and city) and the
knowledge areas in which the collaboration takes place (Tijssen 2009). Studying
authors’ affiliation, therefore, makes it possible to identify interaction both inside
(between a company’s different R&D sites and departments) and outside the company,
and to identify the geographical distance between co-authors.

Focusing on the role that geographical proximity plays in collaborations, we selected
publications from six pharmaceutical MNCs which belong to the top-20 largest com-
panies according to revenue and R&D expenditure in 2012. From the top-20 largest
companies, we selected 6 companies (Pfizer, AstraZeneca, Eli Lilly, GlaxoSmithKline,
Novartis, and Takeda) taking into account the heterogeneity of MNCs in terms of
strategies, cultural and geographic differences. Based on interviews with R&D managers
of these firms, we also confirmed that they used different collaboration strategies.
Selecting MNCs with different strategies, collaboration strategies, culture and geo-
graphic distribution make the results more generalized. For each of the companies,
all publications from the period 2000–2012 were collected from Scopus. Only articles
published in collaboration with at least one external organization were selected.

In order to categorize these co-publications according to the four knowledge types
(basic science and clinical science, and core and exploration knowledge areas), we used
the Medical Subject Heading (MeSH) terms, a comprehensive controlled vocabulary to
classify publications and books in life science.3 Each article is characterized by a few
keywords that describe the content of the publication. These keywords mainly consist of
MeSH terms. The use of the MeSH terms allowed us to capture the heterogeneity
among papers within each journal since each article is classified according to its
knowledge areas (Leydesdorff, Rotolo, and Rafols 2012). This approach is more specific
than the traditional CHI index that classifies the article based on the journal in which
the article was published (Hamilton 2003).

The publications were categorized by the first dichotomy of knowledge types, basic
science vs. clinical science knowledge area, using a methodology developed by Weber
(2013). Following Weber´s classification, each article was first categorized into three
broad topic areas, depending on the MeSH term of the article, cells and molecules (C),

3Medical Subject Headings (MeSH®) https://meshb.nlm.nih.gov/search.
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animals and other complex organisms (A) and humans (H). Then these three topic
areas were clustered into basic science and clinical knowledge classification. More
specifically, articles categorized with an A and/or C but not an H were considered to
contribute to the basic science knowledge area. This is because most of the research at
this level is carried out on the cellular or molecular level or in simple animal models
(pre-clinical phase). Articles categorized with at least H were considered to be con-
tributing to the clinical science knowledge area. It is not until a drug enters the clinical
phase that drugs are tested in humans. Articles that could not be categorized as A,
C and H were excluded from the dataset.

In order to classify the articles according to the second dichotomy of knowledge
types, core vs. exploration knowledge areas, we identified two core and two exploration
knowledge areas for each of the six MNCs. To identify these areas we used information
about a company’s drug pipeline and products on the market. We defined core knowl-
edge areas as therapeutic areas in which the company already had in-house competen-
cies. More specifically, these were areas where the companies carried out most of their
research and clinical trials, and already had products on the market. Exploration
knowledge areas are therapeutic areas that were not considered, yet, to be core knowl-
edge areas, but were explored and researched in the company. The number of ongoing
clinical trials in these areas was low or there were none and there were no products on
the market.

To identify the areas we used information from of the company’s annual
reports covering the period 2000 to 2012. More specifically, for each single year
between 2000 and 2012, we classified the core areas of the company as the two
areas with both the highest number of components in pre-clinical and clinical
phases, the highest R&D expenditures, and the highest number of products already
on the market. The exploration areas were the two areas with the lowest number
of drugs in the pipeline, components in preclinical and phase 1, the lowest R&D
expenditures, and no products on the market yet. Based on these criteria we
obtained a list of the two core and two exploration areas for each year-company
combination. Then, the two most frequently occurring core and exploration
knowledge areas in the 12-year time period for each company were selected. To
validate the final selection of core and exploration knowledge areas, we contacted
R&D directors from each of the six selected companies and we asked them to
identify two core and two exploration knowledge areas of their company from the
yearly list. These R&D directors have a broad overview of the company’s historical
and ongoing pipeline. They confirmed the final section of the core and exploration
knowledge areas.

After the identification of the two core and the two exploration therapeutic areas for
each of the companies, we extracted the publications belonging to these therapeutic
areas, using the MeSH terms. MeSH terms are organized as a hierarchical tree. Each
therapeutic area corresponds to several MeSH sub-heading terms that correspond to
specific diseases. For more details, see Table A1 in the Appendix 1.

Next, all author addresses of the final dataset were cleaned to eliminate spelling
variations and a single standardized name was added to each external organization and
MNC R&D sites. An article can list multiple different affiliations, both external orga-
nizations and MNCs, and multiple addresses of the same organization. In this study the
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definition of external organization is location-based, meaning that different locations of
an organization are considered to be different collaborators. For example, University of
Washington, New York, is a different external organization from University of
Washington, Seattle. The same definition is used for the MNC R&D sites; Pfizer,
London, is a different organization from Pfizer, New York.

Finally, the cities of the external organizations and MNC R&D sites were used to
determine the geographical coordinates (longitude, latitude) of each location based on
Google Maps. In addition, the external organizations were classified according to the
type of sector: industry, hospital, university, institute and other to account for the
importance of university and hospital to basic science and clinical knowledge as
mentioned before.

The final dataset included 24 561 publications: 4 707 in basic science and 19 854 in
clinical science, 2 321 in basic science-core knowledge areas, 2 386 in basic science-
exploration knowledge areas, 11 659 in clinical science-core knowledge areas, and 8 195
in clinical science-exploration knowledge areas. In the next sections 5 and 6, we first
investigate the geographical distribution of the collaborations from the dataset of 24 561
publications and then we build a regression model to test the hypotheses.

5. Geographical distribution of the number of collaborations

We observe that the firms collaborate intensively with external organizations at differ-
ent geographical distances. Table 1 summarizes the basic statistics of the number of
collaborations and geographical distances between an MNC R&D site and an external
organization classified according to knowledge type. The number of collaborations in
clinical science knowledge areas is higher than in basic science knowledge areas.
Looking at geographical distance, the geographical distance of collaboration with the
external organizations ranges from 0 km to almost 20 000 km. The distribution of the
distance is skewed as 25% of collaborations takes place within 400 km. In addition, 10%
of the collaborations in clinical science core knowledge areas and clinical science
exploration knowledge areas are clustered between 6 000 km and 7 000 km. This

Table 1. Descriptive statistics of the pair between MNC R&D sites and external organizations with at
least one collaboration.

N Mean SD Min Max

Number of collaborations
Total 41 650 2.311 4.391 1 274
Basic science 5 721 1.864 2.411 1 72
Clinical science 37 759 2.273 3.945 1 202
Basic science-core 3 415 1.545 1.667 1 40
Basic science-exploration 3 497 1.571 1.711 1 40
Clinical science-core 26 155 1.943 3.101 1 162
Clinical science-exploration 21 280 1.667 2.157 1 106

Geographical distance (km)
Total 41 650 3 458 3 967 0 19 982
Basic science 5 721 2 986 2.411 0 18 805
Clinical science 37 759 3 461 3 955 0 19 982
Basic science-core 3 415 2 939 3 804 0 18 775
Basic science-exploration 3 497 3 216 3 939 0 18 805
Clinical science-core 26 155 3 358 3 861 0 19 454
Clinical science-exploration 21 280 3 665 4 081 0 19 982
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cluster is related to collaborations at the distance between Europe and USA, the two
major players in the pharmaceutical industry. In the literature, other studies have found
different sharp drop-offs in collaborations at a specific distance. Bottazi and Peri (2003)
found, using patent data, that research and development spillovers exist within
a boundary of 480 km and fall sharply beyond that point. Gittelman (2007) studied
biotechnology firms and found that 20% of collaborative research papers have an
average distance among coauthors of less than 80 km. More information about the
distribution of the distance in the knowledge areas is provided in Figure A1 in the
Appendix 1.

Graph 1 explores the relationship between themean of the number of collaborations and
geographical distance in the different knowledge areas. In graph 1, the x-axis shows the
distance between anMNCR&D site and an external organization clustered in geographical
distance intervals, and the y-axis shows the mean number of collaborations between an
external organization and an MNC R&D site at each interval of distances. The mean of
number of collaborations is calculated clustering the collaborations in eight geographical
distance intervals (0–100 km, 100–500 km, 500–1 000 km, 1 000–2 000 km, 2 000–5
000 km, 5 000–8 000 km, 8 000–10 000 km, >10 000 km). Graph 1(a) distinguishes between
basic science knowledge areas and clinical science knowledge areas. Graph 1(b) compares
basic science-core knowledge areas, basic science-exploration knowledge areas, clinical
science-core knowledge areas and clinical science-core knowledge areas.

The mean number of collaborations decreases with geographical distance in all
knowledge areas. In Graph 1(a), the mean number of collaborations with external
organizations within 100 km is higher for basic science knowledge areas than for
clinical science knowledge areas. Beyond the 100 km, we observed the opposite result.
The mean of the number of clinical science knowledge area collaborations is always
higher than that of basic science areas. In Graph 1(b), the mean of the number of
collaborations is higher in clinical science-core knowledge areas than in clinical science
exploration knowledge areas in all the intervals. We observed the opposite result in
basic science knowledge areas. In more detail, we can observe the highest decrease of
the mean number of collaborations between the first (within 100 km) and the second
interval (100–500 km) in both Graph 1(a) and Graph 1(b). In Graph 1(a), the mean
number of collaborations in basic science knowledge areas decreases by 32% compared
to a 16 % decrease in clinical science knowledge areas. In Graph 1(b), the mean number
of collaboration decreases by 29% in basic science-core knowledge areas, 32% in basic
science-exploration knowledge areas, 13% in clinical science-core knowledge areas, and
14% clinical science-exploration knowledge areas.

6. Regression model

To further explore the link between geographical distance and number of collaborations
and to test the hypotheses on the differential effect in different knowledge areas, we
built a regression model. The dataset of the 24 561 publications involves 742 MNC
R&D sites and 17 631 external organizations. However, we observed that some external
organizations collaborate with all the six MNCs studied, some with few, and some with
only one MNC. We therefore assume that all external partners of an MNC R&D site are
also potential external partners of all other MNC R&D sites in our dataset. This resulted
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in a matrix of collaborations that pairs all the possible 742 MNC R&D sites with the 17
631 external organizations. This matrix includes a large number of zeros that has to be
corrected for as the majority of MNC R&D site-external organization pairs do not
collaborate at all. Hence our choice for the zero-inflated model which we explain below.
The total number of observations amounts to 742 × 17 631 = 13 082 202 pairs. Because
our analysis distinguished between basic and clinical science, the collaborations
between a MNC R&D site and an external organization are doubled resulting in 13

Graph 1. Mean number of collaborations for different geographical distance intervals between MNC
R&D sites and external organizations with confidence intervals. Geodist intervals (0–100 km,
100–500 km, 500–1 000 km, 1 000–2 000 km, 2 000–5 000 km, 5 000–8 000 km, 8 000–10
000 km, >10 000 km).
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082 202 × 2 = 26 164 404 pairs. The same logic applies when we add the classification in
exploration and core therapeutic areas, resulting in 26 164 404 × 2 = 52 328 808
observations.

In the next section, we build a zero inflated gravity model on the matrixes of
collaborations.

6.1. Zero-inflated gravity model

In the empirical analysis, we adopted a spatial interaction modelling perspective to
explain how geographical distance influences the number of collaborations between
a pharmaceutical MNC R&D sites and an external organization, depending on the
knowledge dimensions involved. In the geography literature, the gravity model has been
used to model the spatial interaction between locations (Ponds, van Oort, and Frenken
2007; Hoekman, Frenken, and van Oort 2009; Plotnikova and Rake 2014; Berge 2016).
The gravity model for spatial interaction is based on Newton´s law of universal gravity.
It is defined by a function characterizing the origin i of an interaction, a function
characterizing the destination j of an interaction and a function characterizing the
interaction between i and j. The basic equation can be expressed as:

Yij ¼ f AiBjDij
� �

i ¼ 1; . . . :;m ^ j ¼ 1; . . . :; n (1)

where Yij is the interaction intensity between the two entities i and j, i.e. the number of
collaborations between an MNC R&D site and an external organization. We indicated the
city-level location of the sixMNCs’R&D sites by i = 1,. . .,m and the city-level location of the
external organizations by j = 1,. . .,n. Yij is anm-by-nmatrix of the possible R&D collabora-
tions between MNC R&D sites and external organizations. Traditionally, AiBj are, respec-
tively, called mass of origin and destination; in the context of this paper, Ai characterizes
the total number of collaborations of an MNC R&D site i; Bj characterizes the number of
publications of the external organizations j with the six MNCs selected.

The focus of interest of the study is on the separation function Dij that integrates all
the effects of the geographical and knowledge types on the number of collaborations
between pharmaceutical MNC i and external organization j. The separation factor
between the two entities dij can be expressed by:

Dij ¼ exp
XK

k¼1
βkd

kð Þ
ij

h i
i ¼ 1; . . . :;m ^ j ¼ 1; . . . :; n (2)

where d kð Þ
ij is a factor that measures the separation between the two entities, i.e. the

spatial distance between the two organizations. βk are the parameters to be estimated.

We include K ¼ 2 separation measures. d 1ð Þ
ij is the spatial distance (in km) between

the locations of the city of the MNC i and of the external organization j involved in the

collaboration. d 2ð Þ
ij represents whether the collaboration takes place within the same

country or not. In addition, we added 2 knowledge measures describing the knowledge

area of the collaborations. d 3ð Þ
ij is a knowledge variable that distinguishes whether the

pair represents co-publications classified as basic science or clinical science. d 4ð Þ
ij is

a knowledge variable that classifies whether the pair represents co-publication as
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belonging to an exploration knowledge area or a core knowledge area of the company.

d 5ð Þ
ij and d 6ð Þ

ij are, respectively, the interaction terms of d 3ð Þ
ij and d 4ð Þ

ij with d 1ð Þ
ij . The speci-

fication of these variables is discussed in more detail in section 6.2.
Integrating the origin, destination, and separation functions into Equation (1), the

empirical model can be written in this way:

yij ¼ a/1
i b/2

j exp
XK

k¼1
βkd

kð Þ
ij

h i
þ εij i ¼ 1; . . . :;m ^ j ¼ 1; . . . :; n (3)

At this point we are interested in estimating the parameters /1, /2 and βk. Since the
dependent variable (yij) is a non-negative and an integer variable, we cannot estimate the
model using Ordinary Least Squares (OLS). The basic count model is the Poisson estima-
tion that requires equidispersion, where the variance equals the mean. In order to correct
for overdispersion in the dataset, by letting the parameters for each pair of MNC R&D site
and external organization have a random distribution of its own, we used the negative
binominal regression model. In addition, our dataset exhibits an excess of zero counts (the
incidence of zero counts is greater than would be expected for the Poisson distribution as
most of the pairs of an MNC and an external organization do not collaborate together) and
we need to correct for it in order to avoid incorrect and biased estimations. Consequently,
the examination of the factors affecting the geographical logic of pharmaceutical collabora-
tions is analysed through a zero-inflated regression model. This approach uses two-
component mixture models, combining a point mass at zero with a count distribution
such as negative binomial. The first part contains a logit regression estimating the effect of
the predictor variables on the probability that there is no interaction between a big pharma
and an external organization at all. The second part contains a negative binomial regression
on the probability of each count for the group that has a non-zero probability of count other
than zero. Thus, the zero-inflated model distinguishes between two sources of zero: strictly
zero counts and a group having a non-zero probability of counts other than zero (Burger,
van Oort, and Linders 2009). Finally, we tested whether the choice of the negative binomial
model is appropriate for the Vuong test for all the regressions mentioned above. The
likelihood ratio test of overdispersion is significant, showing that the zero-inflated binomial
model is favoured over a zero-inflated Poisson model in all cases.

6.2. Variables definition of the gravity model

The gravity model estimates the effect of geographical distance on the number of collabora-
tions Yij between MNCs and external organizations. The mass of an MNC ai and an
external collaboration bj is included in the model by their product in order to monitor the
expected collaboration intensity between the two organizations, LnMass ¼ ln aið Þ � ln bið Þ:

The separation and knowledge terms or independent variables d kð Þ
ij are defined as:

● d 1ð Þ
ij , called Geodist, is a continuous positive variable of the spatial distance (in km)

between the location of the city of the MNC R&D sites i and of the external
organization j involved in the collaboration. The value is calculated between the
longitudinal and latitudinal points of the towns where the external partner and the
MNC are located (min = 0). Note that we add 1 to the Geodistij variable to allow
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the logarithmic transformation. This transformation prevents the results from
being determined by skewed or high values derived from longer distances.

● d 2ð Þ
ij , called Country, is a dummy variable coded 1 if the collaboration takes place

within the same country and 0 otherwise. This variable is important in order to
capture the differences in distance and policy and the legal system between countries.

● d 3ð Þ
ij , calledClin, is a dummy variable that is coded 1 for clinical science knowledge and

0 for basic science knowledge publications. d 5ð Þ
ij is the interaction terms of d 3ð Þ

ij � d 1ð Þ
ij

● d 4ð Þ
ij , called Expl, is a dummy variable that is coded 1 for exploration knowledge and 0

for core knowledge area publications. d 6ð Þ
ij is the interaction terms of d 6ð Þ

ij � d 1ð Þ
ij .

In addition to these independent variables, we take into account the characteristics of the
collaboration and the type of the external organization, creating three dummy variables:
BP_Loc, Univ as university, and Hosp as hospital. BP_Loc is a dummy variable coded 1 if the
external organization is located in the same city as any of the R&D sites of the collaborative
MNC, 0 otherwise. This variable refers to any R&D site of the collaborative MNC and not
necessarily the R&D site that is part of that respective pair. It captures the importance of being
situated in the same city as an MNC that can function as a temporary location for collabora-
tions at long distance (Davids and Frenken 2017). University and hospital are the most
important partners of pharmaceutical companies when it comes to collaboration in basic
and clinical science knowledge (Henderson and Cockburn 1996, Cockburn and Henderson
2001). We also considered the characteristics of the big pharmaceutical companies creating
categorical variables for each of the selected sixMNCs (BigPharmapwhere p ¼ 1; . . . ; 6), since
companies may develop and adopt different strategies concerning collaborations.

From the Kernel density analysis in Figure A1 in the Appendix 1, we observed that the
dataset is clustered in particular geographic distances. In the gravity model, we have controlled
for the cluster distances adding a control variable for each cluster. However, the results of the
estimation do not change compared to the ones without these control variables. For simplicity
of the model, we decided not to include the control variables for cluster distances in the gravity
model.

Explaining the different measures of distances and the control variables, the complete
gravity equation to be estimated is:

ln Yjijð Þ ¼ α0 þ α1ln Massð Þ þ β1ln Geodistij
� �þ β2Countryþ β3Clinþ β4Explþ β5Clin

�ln Geodistij
� �þ β6Expl � ln Geodistij

� �þ γ1BPLoc þ γ2Univþ γ3Hosp
þγ4BigPharma1 þ γ5BigPharma2 þ γ6BigPharma3 þ γ7BigPharma4
þγ8BigPharma5 þ γ9BigPharma6 þ εij

i ¼ 1; . . . :;m ^ j ¼ 1; . . . :; n

6.3. Results of the regression model

Table 2 shows the descriptive statistics of the key variables from the matrixes of
collaborations. The mean of the intensity of collaborations is very small, due to the
large majority of collaborations being equal to zero.

INDUSTRY AND INNOVATION 527



Table 3 shows the correlation matrix to identify a possible multi-correlation effect.
The correlation values are low for all the variables considered.

To test the 4 hypotheses, we estimated 6 different models. Model A is the baseline
model with only the separation term LnGeodist. Model B includes the knowledge term
Clin to test the impact of the knowledge dimensions, basic science vs. clinical science,
and its interaction term with LnGeodist. Finally, module C adds the other knowledge
term Expl and its interaction with LnGeodist to the model B, referring to the other 4
knowledge areas (basic science-core knowledge areas, basic science-exploration areas,
clinical science-core knowledge areas, and clinical science-exploration knowledge
areas). Models D, E and F add the other separation term Country variable to models
A, B and C in order to capture the differences in distance, in policy and in the legal
system in Europe, the USA and Japan. Models A and D test hypothesis 1, the influence
of geographical proximity on the number of collaborations. Model C and E test
hypothesis 2 that compares the influence of geographical proximity on the number of
collaborations in basic science and clinical science knowledge areas. Finally, models
D and F compare the influence of geographical proximity on the number of collabora-
tions in basic science-core, basic science-exploration, clinical science–core, and clinical
science-exploration knowledge areas that are tested in hypotheses 3 and 4.

Tables 4 and 5 present the estimates of the six regression models, showing a negative
binomial regression part, a zero-inflated part, and some general fit statistics. Specifically,
Table 4 shows the results of the first three regression models (A, B, C). In model A, the
elasticity of the number of collaborations with respect to LnGeodist is significant and
negative β1 ¼ �0:461

� �
. Geographical distance negatively affects the number of colla-

borations, which shows strong support for hypothesis 1 and is in line with the previous

Table 2. Descriptive statistics of all possible pairs between R&D sites and external organizations.
N Mean SD Min Max

Number of collaborations
Total 13 082 202 0.007 0.311 0 274
Total
(excluding 0 km distances)

13 052 851 0.007 0.253 0 274

Basic science 13 082 202 0.001 0.121 0 72
Basic science
(excluding 0 km distances)

13 077 907 0.001 0.070 0 72

Clinical science 13 082 202 0.010 0.256 0 202
Clinical science
(excluding 0 km distances)

13 077 907 0.006 0.240 0 202

Basic science-core 13 082 202 0.001 0.035 0 40
Basic-core science (excluding 0 km distances) 12 879 785 0.001 0.032 0 40
Basic science-exploration 13 082 202 0.001 0.037 0 40
Basic-exploration science (excluding 0 km distances) 12 879 785 0.001 0.034 0 40
Clinical science-core 13 082 202 0.004 0.164 0 162
Clinical-core science (excluding 0 km distances) 12 879 785 0.004 0.160 0 162
Clinical science-exploration 13 082 202 0.003 0.112 0 106
Clinical-exploration science (excluding 0 km distances) 12 879 785 0.003 0.104 0 106

Geographical distance (km)
Total 13 082 202 5 965 4 294 0 19 982
Basic science 13 082 202 5 965 4 294 0 19 982
Clinical science 13 082 202 5 965 4 294 0 19 982
Basic science-core 13 082 202 5 937 4 294 0 19 982
Basic science-exploration 13 082 202 5 937 4 294 0 19 982
Clinical science-core 13 082 202 5 937 4 294 0 19 982
Clinical science-exploration 13 082 202 5 937 4 294 0 19 982
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Table 4. Zero-inflated negative binomial regression model testing the number of collaborations of
pharmaceutical MNCs for the period 2000–2012. Dependent variable: number of collaborations.

Negative binominal part
Model A

(Estimate (SE))
Model B

(Estimate (SE))
Model C

(Estimate (SE))

(Intercept) −1.610 (0.032) *** −3.667 (0.053) *** −4.161 (0.048) ***
LnMass α1½ � 0.260 (0.002)*** 0.253 (0.002) *** 0.242 (0.001) ***
LnGeodist β1½ � −0.461 (0.003)*** −0.482 (0.007) *** −0.483 (0.006) ***
Country β2½ �
Clin β3½ � 2.013 (0.057) *** 1.951 (0.047) ***
LnGeodist* Clin β5½ � 0.026 (0.008) ** 0.035 (0.006) ***
Exp β4½ � −0.545 (0.038) ***
LnGeodist *Exp β6½ � 0.050 (0.005) ***
BP_Loc γ1½ � −0.118 (0.013)*** −0.123 (0.013) *** −0.127 (0.011) ***
Univ γ2½ � −0.033 (0.016)* −0.035 (0.016) * −0.055 (0.014) ***
Hosp γ3½ � 0.115 (0.013) *** 0.039 (0.013) *** 0.062 (0.012) ***
BigPharma1 γ4½ � −0.209 (0.014) *** −0.217 (0.013) *** −0.196 (0.012) ***
BigPharma2 γ5½ � −0.236 (0.012) *** −0.218 (0.012)*** −0.194 (0.010) ***
BigPharma3 γ6½ � −0.219 (0.013) *** −0.216 (0.012) *** −0.176 (0.010) ***
BigPharma4 γ7½ � −0.252 (0.012) *** −0.228 (0.012) *** −0.196 (0.010) ***
BigPharma5 γ8½ � −0.192 (0.012) *** −0.188 (0.012) *** −0.1545 (0.010) ***
BigPharma6 γ9½ � −0.195 (0.021) *** −0.161 (0.019) *** −0.185 (0.017) ***
Zero-inflated part
(Intercept) 4.287 (0.035) *** 4.324 (0.035) *** 4.408 (0.032) ***
LnMass α1½ � −1.015 (0.015) *** −1.036 (0.015) *** −1.015 (0.011) ***
Fit statistics
Overdispersion (alpha) 11.764 *** 12.690*** 10.124***
Log Likelihood −24 070 −26 240 −32 180
Mc Fadden’s Adj. R2 0.295 0.322 0.342
Number of observation 13 082 202 26 164 404 52 328 808
Non zero observations 41 650 43 480 54 347

p *** <0.001, ** <0.01, *< 0.05.

Table 5. Zero-inflated negative binomial regression model testing the number of collaborations of
pharmaceutical MNCs for the period 2000–2012. Dependent variable: number of collaborations.

Negative binominal part
Model D

(Estimate (SE))
Model E

(Estimate (SE))
Model F

(Estimate (SE))

(Intercept) −3.416 (0.038) *** −5.357 (0.057)*** −5.752 (0.052) ***
LnMass α1½ � 0.262 (0.002) *** 0.253 (0.002) *** 0.242 (0.001) ***
LnGeodist β1½ � −0.283 (0.004) *** −0.320 (0.007) *** −0.336 (0.007)***
Country β2½ � 1.161 (0.015) *** 1.142 (0.015) *** 1.089 (0.012) ***
Clin β3½ � 1.912 (0.055) *** 1.873 (0.047) ***
LnGeodist* Clin β5½ � 0.041 (0.007) *** 0.048 (0.006) ***
Exp β4½ � −0.557 (0.037) ***
LnGeodist *Exp β6½ � 0.044 (0.005) ***
BP_Loc γ1½ � −0.039 (0.013) *** −0.045 (0.013) *** −0.053 (0.011) ***
Univ γ2½ � 0.055 (0.016) *** 0.055 (0.016) *** 0.037 (0.014) **
Hosp γ3½ � 0.221 (0.013) *** 0.147 (0.013) *** 0.175 (0.011) ***
BigPharma1 γ4½ � −0.169 (0.014) *** −0.178 (0.013)*** −0152 (0.011) ***
BigPharma2 γ5½ � −0.269 (0.012) *** −0.248 (0.012) *** −0.220 (0.010) ***
BigPharma3 γ6½ � -−0.249 (0.013) *** −0.246 (0.012) *** −0.210 (0.010) ***
BigPharma4 γ7½ � −0.207 (0.012) *** −0.185 (0.012) *** −0.152 (0.010) ***
BigPharma5 γ8½ � −0.176 (0.012) *** −0.173 (0.012) *** −0.141 (0.010) ***
BigPharma6 γ9½ � −0.272 (0.020) *** −0.236 (0.020) *** −0.244 (0.017) ***
Zero-inflated part
(Intercept) 4.313 (0.035) *** 4.324 (0.035) *** 4.424 (0.033) ***
LnMass α1½ � −1.062 (0.015) *** −1.036 (0.015) *** −1.048 (0.013) ***
Fit statistics
Overdispersion (alpha) 10.836*** 13.112*** 9.431***
Log Likelihood −23 777 −25 940 −31 800
Mc Fadden’s Adj. R2 0.303 0.322 0. 342
Number of observation 13 082 202 26 164 404 52 328 808
Non zero observations 41 650 43 480 54 347

p *** <0.001, ** <0.01, *< 0.05.
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literature. Model B includes the dummy variable Clin and its interaction effect
LnGeodist*Clin. The interaction term between LnGeodist and Clin is positive and
significant (β5 ¼ 0:026Þ: The number of collaborations is more negatively affected by
geographical distance in basic science knowledge areas than in clinical science knowl-
edge areas, thus providing support for hypothesis 2.

Finally, model C adds the other knowledge term Expl and its interaction term
LnGeodist*Expl to model B. The interaction term between LnGeodist and Expl variables is
positive and significant (β6 ¼ 0:050Þ: In both basic science and clinical science knowledge
areas, the number of collaborations is more negatively affected by geographical distance in core
knowledge areas than in exploration knowledge areas. These results support hypothesis 3 but
reject hypothesis 4.

Table 5 shows the results of the other 3 models (D, E and F), adding the other spatial
separation term, Country, to models A, B and C. The inclusion of the Country variable
diminishes the elasticity of the number of collaborationswith respect toLnGeodist. The variable
β2 is significant and highly positive in all three models, indicating that a pair of external
organization and MNC R&D site belonging to the same country collaborates more frequently
than a pair from different countries. Models D, E, and F arrive at the same conclusions as
models A, B, and C. The results provide strong support for hypotheses 1, 2, and 3 but reject
hypothesis 4.

Considering the control variables, the BP_Loc variable is always negative and significant in
all the models, which indicates that the number of collaborations decreases when the external
organization is located in the same city as the MNC R&D site. The Hosp variable has
a significant and positive influence on the number of external collaborations. However, the
Univ variable is positive and significant only in models D, E and F.

7. Discussion and conclusions

This paper has examined the influence of geographical proximity on the number of R&D
collaborations in pharmaceutical MNCs in different knowledge types. Previous literature has
investigated the geographical distance of collaborations. However, the link between the
geographical dimension and types of knowledge is largely understudied. This paper contributes
to filling this gap by providing a better understanding of the factors that influence a firm to
collaborate with close or distant partners. In doing so, we look beyond the organizational level
and find that different types of knowledge involved in collaboration are associated with
different geographical distances in a pharmaceutical MNC’s collaborations.

The baseline results confirm previous literature that shows that geographical proxi-
mity matters in collaborations established by pharmaceutical MNCs (Ponds, van Oort,
and Frenken 2007; Douglas et al. 2010; Abramovsky et al. 2011; Plotnikova and Rake
2014). Being located in the same country facilitates the number of collaborations. We
add that the number of collaborations is less affected by geographical distance in clinical
science than in basic science, which confirms our second hypothesis. Clinical science
knowledge is developed from a strongly regulated process that is thoroughly documen-
ted. Therefore this codified knowledge can more easily be transferred through colla-
borations that are more geographically distant. Basic science knowledge, on the other
hand, is performed in more local networks because of its highly tacit and serendipitous
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nature. That is in line with the results from D’Amore et al. (2013). In addition, firms
located close to their partners can respond quickly to emerging innovation opportu-
nities and hire highly skilled professionals, such as star scientists, that are crucial to the
development of basic science knowledge (Zucker, Darby, and Armstrong 2002). The
importance of geographical proximity in basic science can be seen for example in the
‘Centers for Therapeutic Innovation (CTI)’ program created by Pfizer.4 Pfizer created
local centres to build bilateral collaboration, combining top expertise in basic science
from academia with development capabilities and research technologies from industry.
The CTI laboratories are small, flexible and semi-autonomous units. Pfizer employees
work side by side with researchers from the academic medical centres. Finally, it is
important to point out that the globalization of the pharmaceutical industry and in
particular of clinical trial activity can be an additional explanation of the longer distance
in collaboration in clinical areas observed (Glickman et al. 2009; Hoekman et al. 2012).
Pharmaceutical companies have started to offshore clinical trials to non-traditional
clinical research countries away from the R&D sites of the pharmaceutical companies
or coordinated from distant R&D sites. This geographic change in the clinical trials is
widely attributed to cost reductions and efficiency improvement in data generation
trials (Glickman et al. 2009). However, Haeussler and Rake (2016) have shown that the
host countries’ knowledge base is also an important determinant of countries´ attrac-
tiveness for offshored clinical trials.

In both basic science and clinical science, the number of collaborations ismore influenced by
geographical distance in core knowledge areas than in exploration knowledge areas. These
results confirm the third hypothesis but reject the fourth. Collaborations in core knowledge
areas often rely on trust and strong ties that have been built up over the years. Frequent face-to-
face interaction is necessary, which ismore easily achievedwhen partners are closely located. In
addition, products in core areas are the main income sources and companies therefore need to
prevent knowledge leakage to achieve competitive advantages. In clinical science core knowl-
edge areas MNCs have compounds at the last phases of clinical trials. This is a result of large
investments in time, resources and capital. To be able to profit from direct feedback from
clinical scientists and properly manage these trials and involved partners, geographical proxi-
mity is important. However, in exploration areas companies are exploring possible new areas to
invest in. Therefore, it is necessary to search for the newest and most relevant knowledge
independently of where partners are located.

The traditional economic literature has mainly focused on physical infrastructure, policy
instruments, labour costs, the phase of a firm’s life cycle and the interaction between the
strength of local externalities and firms´ skills as location driver factors for MNCs (Basile and
Kayam 2015). According to the knowledge-based theory, however, knowledge is the most
important resource of a firm. But knowledge has only been investigated to a limited extent in
the MNC location strategy literature. In this article, we have shown that the type of knowledge
is an important location driver to take into account when understanding a company’s colla-
boration strategy.

From a policy perspective, the importance of knowledge type in R&D collaboration
supports the view that a country’s knowledge base, as well as the availability of science
talent, determines countries’ attractiveness for offshored R&D services (Manning, Silvia,

4Centers for Therapeutic Innovation (Pfizer) https://www.pfizercti.com.
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and Lewin 2008; Lewin, Massini, and Peeters 2009). This adds to existing studies by
claiming that knowledge development activities are not merely relocated to non-
traditional countries because of cost advantages and diversification of market
(Haeussler and Rake 2016). In addition, the association between geography and knowl-
edge types in R&D collaborations puts emphasis on explicit considerations of geogra-
phy in R&D management and funding efforts at multiple spatial scales.
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Appendix 1

Table A1. Classification of the articles into therapeutic areas through the heading MeSH term.

Therapeutic Area Heading MeSH Term

Infectious diseases Virus Diseases [C02]
Musculoskeletal diseases Musculoskeletal Diseases [C05]

Endocrinology Endocrine System Diseases [C19]
Cardiovascular diseases Cardiovascular Diseases [C14]

Neuroscience Nervous System Diseases [C10]
Ophthalmology Eye Diseases [C11]
Oncology Neoplasms [C04]

Respiratory diseases Respiratory Tract Diseases [C08]
Otorhinolaryngology Diseases [C09]

Immunology Immune System Diseases [C20]

Figure A1. Density of the distribution of collaborations according to the distance (km) between an
external organization and an MNC R&D site. Kernel density graphs.
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