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A B S T R A C T

Science’s main norms prescribe scientists to use citations as acknowledgements of cognitive content irrespective
of geographical location. Previous studies, however, suggested that there is a considerable geographical bias in
scientific citations. We argue that this geographical bias does not, in itself, falsify the notion that citations reflect
acknowledgement of cognitive content, because cognitively related knowledge may be geographically con-
centrated as well. We analyse the role of organizational, regional and national co-location on citation likelihood
for 5.5 million article pairs, and find that the geographical bias in citations is weak once cognitive relatedness is
accounted for. Furthermore, we find that the effect of co-location on citation likelihood is strongest at the
organizational level, weaker at the regional level, and weakest at the national level. In addition, we show that
geographical co-location particularly increases the citation likelihood between two papers when knowledge
relatedness between articles is low, suggesting that interdisciplinary research benefits most from co-location.
Finally, we find that, when knowledge relatedness is high, the effect of geographical co-location on citation
likelihood is non-existent. We discuss the implications regarding policies aimed to discourage strategic citations
and to foster interdisciplinary research.

1. Introduction

Accumulation of scientific knowledge is often considered to be a
global communal endeavour. Science’s norms prescribe scientists to
build on each other’s work based on mere cognitive considerations and
irrespective of personal and geographical qualities (Hagstrom, 1965;
Merton, 1942). This is reflected in normative theories of citations which
consider a scientific citation as acknowledgment of intellectual debt
and cognitive influence (Baldi, 1998; Furman et al., 2006; Small, 1978).
It would follow that citations are based on the topical, methodological
or intellectual content of research findings, and are selected irrespective
of geographical location of the cited authors. In this sense, citations
would be considered ‘placeless’ (Livingstone, 2003).

In spite of the assumed ‘placelessness’ of citations, a number of
studies have shown a geographical bias in scientific citations. For ex-
ample, Matthiessen et al. (2002) found that citations occur most fre-
quently within countries rather than between countries. Börner et al.
(2006) showed that citations are concentrated within organizations,
and also provided evidence of distance- decay in citations between
research organizations. And, Pan et al. (2012) found that citation
likelihood decreases with distance between cities.

One possible explanation for these findings holds that co-location

between teams of scientists within organizations, regions and countries
facilitates face-to-face interaction between scientists necessary to
transfer tacit knowledge that is required to accumulate upon existing
knowledge (Collins, 2001). This interpretation is in line with previous
research on the geography of patent citations (Breschi and Lissoni,
2009). Geographical biases may equally be understood from social
constructivist theories that stressed that citations are not merely a sign
of intellectual acknowledgement, but also tools of persuasion (Baldi,
1998; Gilbert, 1977). In this view, scientists may preferentially cite
eminent scholars and reputed organizations over equally relevant
sources from scholars and organizations less well-known. Hence, to the
extent that the reputation of scholars and organizations is geo-
graphically bounded, for example, being rather specific to particular
countries or language areas, citation flows are likely to display a geo-
graphical bias.

We argue, however, that the current understanding of the geo-
graphy of scientific citations is ill-founded. The simple fact that the
probability of a scientific citation between two articles declines with
geographical distance does not necessarily imply that citations are
made for other reasons than acknowledging codified intellectual debt.
For such a conclusion to hold, one should properly disentangle the ef-
fect of geography on citations from other relevant factors. To the extent
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that places concentrate their research efforts on certain topics (Boschma
et al., 2014), citations reflecting intellectual debt will also be more
geographically concentrated (Head et al., 2018). Hence, the geo-
graphical bias in citations may, in principle, be fully explained by the
geographical concentration of intellectually related knowledge.

Moreover, while literature on patent citations has shown a geo-
graphical bias once controlled for cognitive factors (Breschi and Lissoni,
2009; Jaffe et al., 1993), it is doubtful whether these findings can be
extrapolated to the scientific domain. Patent citations and scientific
citations are distinctly different (Dasgupta and David, 1994). First,
patent citations are meant to indicate what is similar but excluded from
the patent’s claims, rather than what is included (Duguet and
Macgarvie, 2003; Meyer, 2000). Second, patent examiners often add
citations to similar patents, so that a citation does not imply the au-
thor’s awareness of the referenced knowledge (Alcácer and Gittelman,
2006; Duguet and Macgarvie, 2003; Meyer, 2000).

The aim of our study is to understand the geographical bias in sci-
entific citations. In order to do so, we estimate the effect of co- location
between teams of authors of scientific articles at multiple geographical
levels: the organizational, regional and national level, while taking into
account the relatedness of the knowledge codified in articles. In addi-
tion, we study whether the effect of co-location on scientific citations at
multiple geographical levels differs depending on the relatedness of the
knowledge in the cited and citing articles. In particular, we are inter-
ested in the question whether citations between otherwise unrelated
articles are more likely between co-located authors. As a methodolo-
gical contribution, we isolate the geographical bias in citations at each
of the three geographical levels (organizational, regional, and national),
by introducing a new way to characterize the geographical co-location
between teams, designed so that the organizational, regional and na-
tional level are fully independent of each other.

The insights we gain regarding the geography of scientific citations
are threefold: first, while we find a geographical bias in citations, this
effect is small when the effect of knowledge relatedness is controlled
for. Second, the effect of geographical co-location between teams is
strongest at the organizational level and weakest at the national level.
Third, we show that co-location particularly increases the likelihood of
citation when knowledge relatedness is low. For highly related articles,
geographical effects are non-existent or even negatively associated with
citation likelihood. The outcomes of our research suggest that the in-
stitutionalization of science in localized campuses may be especially
beneficial for fostering the creation of scientific links for producing
unrelated knowledge (Wang et al., 2017).

2. Theoretical background

Scientific knowledge is produced in almost every country across the
globe. Scientists are organized in global epistemic communities that
codify their knowledge in peer- reviewed articles published in specialist
international journals. Citations to these articles are understood as a
normative institution, representing acknowledgement of the in-
tellectual content described in articles for everyone to be seen (Baldi,
1998; Kaplan, 1964). This view implies that the accumulation of sci-
entific knowledge is a placeless process, where scientists have the
means to access, and to accumulate upon, any cognitive, methodolo-
gical or topical content that they consider relevant, and decide on the
relevance of content irrespective of its author or place of origin. As
such, citations provide an indication that previous knowledge is
deemed relevant, and support the relevance of the referencing article.
Citing thus underlies the accumulation of relevant scientific knowledge.
As citing is highly selective, the process, by implication, also leads to
the erosion of less relevant and less useful knowledge. An important
question therefore becomes what determines the relevance of scientific
knowledge for a citing scientist.

To be able to judge the relevance of knowledge introduced in a
scientific article, knowledge relatedness seems to be by far the most

important factor (Breschi and Lissoni, 2009). In relation to scientific
articles, knowledge relatedness can be understood to mean the extent to
which the reader of the article has the necessary knowledge to de-code
the codified knowledge stored in the article and to actively use it when
developing new knowledge (Breschi et al., 2003; Frenken, 2010). Only
when knowledge relatedness is sufficiently high, the reader will be able
to use the knowledge as input in the production of new knowledge. In
this sense, knowledge relatedness is consistent with the idea that
knowledge can be transmitted as information as long as an author and a
reader use the same code of communication, to code and decode the
message (Cowan et al., 2000).

Besides the relatedness of knowledge, geography may in practice
also influence a reader’s judgment of the relevance of knowledge, thus
affecting citations, or the absence hereof, that follow from such judg-
ments. While scientific articles are written in order to codify knowl-
edge, tacit knowledge is not transmitted with the text. Tacit knowledge
in this context has been defined as: ‘knowledge or abilities that can be
passed between scientists by personal contact but cannot be, or have
not been, set out or passed on in formulae, diagrams, or verbal de-
scriptions and instructions for action.’ (Collins, 2001, p. 72). Shared
tacit knowledge is useful for the effective use of codified knowledge as
an input in the reader’s own research, for example, to be able to use
similar instruments, software, materials used in the author’s previous
research (Balconi et al., 2007; Collins, 1985; Nightingale, 2004). For
two scientists to get in contact, however, they have to spend time and
resources. As the costs of contact roughly increase with geographical
distance, low geographical distance may support tacit knowledge
transfer benefitting a reader’s ability to judge and use knowledge. And,
since co-located scientists often have many colleagues in common, the
local network also provides an infrastructure to cross- check the validity
of knowledge claims.

Geographical biases may also result from strategic considerations.
As tools of persuasion (Gilbert, 1977), scientists may select the relevant
citations ‘based on the location of a cited paper's author within the
stratification structure of science rather than on the worth or contents
of the paper itself so as to enlist the support of eminent authors and thus
convince readers of the validity of their arguments’ (Baldi, 1998, p.
832). This implies that the small minority of authors who enjoy high
status and visibility will be preferentially cited over the large majority
of low-status scholars, a phenomenon known as the Matthew effect
(Merton, 1968). Importantly, an author’s level of eminence will vary
among scholars worldwide, and is expected to be, at least to some ex-
tent, specific to their location(s) of work. Generally, then, eminence will
decline with geographical distance, suggesting that citation flows
driven by considerations of eminence display a geographical bias in-
deed.

Both from the perspective of shared tacit knowledge and the per-
spective of the role of status, one can derive that citations are more
probable when authors are co-located. Because we expect that both the
transfer of tacit knowledge and the effect of status are functions of
distance, and that the effect of shared coordination and institutions is
stronger at lower levels, the effect of geographical co-location of sci-
entific teams is expected to vary across different geographical levels. As
organizations are nested within regions, which are in turn nested within
countries, we expect that the effect of co- location between teams of
authors is largest at the organizational level, and smallest at the na-
tional level.

Furthermore, the effect of co-location on citation may also vary with
different levels of knowledge relatedness. In particular, literature on
economic geography suggests that geographical co-location can com-
pensate for a lack of knowledge relatedness (Boschma, 2005). Scientists
generally lack the interpretative skills and the tacit knowledge required
to understand a knowledge claim in a field unrelated to their own field.
Yet, such unrelated knowledge can still be explained through face-to-
face interaction. Moreover, whereas global communities are organized
around bodies of related knowledge that are discipline or topic-specific,
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making scientists aware of new developments in their field, local ser-
endipitous encounters make scientists aware of developments in fields
unrelated to their own field. It is likely that scientists would otherwise
remain unaware of these unrelated bodies of knowledge. Also note in
this context that regional and national research policies may be ex-
plicitly directed to bring unfamiliar scientists together (Fitjar and
Rodríguez-Pose, 2017). In all, we expect that co-location is especially
important for citations to occur between unrelated knowledge.

3. Research design and data

3.1. Data construction

Our research design is centred around estimating the probability
that a scientific article cites another scientific article. Our data was
derived from two bibliometric sources. Data from both sources was
collected in October 2016. First, we used the NIH National Library of
Medicine PubMed database to extract data on a comprehensive list of
life sciences and medicine articles. We collected this data using an API
from the ‘RISmed’- package in R (Kovalchik, 2016). We chose to start
the data construction from this database because it offers a compre-
hensive and coherent body of literature, reflecting a broad range of
scientific disciplines, methods and topics. Moreover, the PubMed da-
tabase has high quality indexing of journals, journal issues, and author
names. We subsequently used the Institute for Scientific Information’s
Web of Science database to extract additional information on all pub-
lications derived from PubMed. This data included author affiliations
and addresses and the full reference lists of all publications.

We limited data extraction to all English language journal articles
that were indexed in both databases and were published in a journal in
either 2012 or 2014. We excluded i) review articles, since citations in
these articles are distinctly different from non-review articles (Biscaro
and Giupponi, 2014; Vanclay, 2013), ii) articles for which the reference
list was missing or did not include any DOI, and iii) articles for which
address details on the author level were missing. Additionally, for each
included article, single references that did not include a DOI, for ex-
ample because they are references to non-published material, were
excluded. On average, 74.92 per cent (sd 16.57) of all references per
2012 article include a DOI, compared to 77.24 (sd 16.09) per cent for
2014. These missing DOI values do not affect the dependent variable
because all scientific articles covered by PubMed and Web of Science
have a DOI. They do, however, have some effect on the estimation of
bibliographic coupling between articles (see below) by underestimation
actual bibliographical coupling. We expect this underestimation of bib-
liographic coupling to be random because reference lists in Web Of Sci-
ence are standardized, so that any cited document that has a DOI in one
reference list is expected to also have a DOI in another reference list,
and because the percentage of references without DOI is similar across
articles, as reflected by the low standard deviations.

For each author listed on an article, address details consist of one or
multiple affiliations, with their zip code, city and country. For some
countries, such as the United States, the author’s state is also men-
tioned. To capture affiliation, city and country, all addresses were
geolocated on the city-level in order to compute geographical distances
between addresses. First, all addresses were matched to a list of coun-
tries using the R ‘Maps’-package (Becker, Wilks, & Brownrigg, 2017),
which uses data from the Natural Earth Project (NaturalEarth, 2017). In
case the Web of Science database used other country names than the R
Package, country names were manually recoded. The ‘Maps’-package
also contains a list of all cities with over 40,000 inhabitants, including
their names and coordinates. Addresses in the United States (US) were
further matched to a list of US states to prevent mistakes due the oc-
currence of the same city names in multiple states. Second, for each
country or state (in case of US), addresses were matched to the list of
cities within that country available in the ‘Maps’ package. During
matching, longer names were prioritized over shorter names. This way,

93.28% of all addresses were matched to a city and its coordinates.
Addresses that were not matched were excluded from the analysis.
Next, affiliation data was extracted from each of the addresses. Because
many, but not all, affiliations use standardized abbreviations (‘univ’
instead of ‘university’; ‘hosp’ instead of ‘hospital’), we replaced those
entries that use the full term with its abbreviation to improve con-
sistency. Because we distinguish between affiliations which may, to-
gether, be part of an overarching affiliation but which are located in
different areas, we combine affiliation data with city data to get unique
affiliations per city. A manual check of 1000 addresses containing af-
filiations, cities and countries revealed no errors.

To study citations between articles, couples of articles consisting of
one article published in 2014 and one published in 2012 were chosen to
serve as the unit of analysis in this study. We therefore constructed a
dataset of article couples that allowed us to model the likelihood that a
2014 article cites a 2012 article. A two-year window was taken to en-
sure that authors of an article published in 2014 could be aware of the
existence of the article published in 2012, while at the same time
minimising biases in the measurement of co-location due to the fact that
authors might have been mobile between the two periods. Ultimately,
our dataset consists of 5,591,571 couples

3.2. Dependent variable

Our dependent variable Citij is defined as the presence of a citation
link between an article i from 2012 and an article j from 2014. Since all
journal articles are accompanied by a unique DOI, a citation link from j
to i was considered to be present when the DOI-based reference list of
article j from 2014 contained the DOI of article i from 2012. Citij was
coded 1 when a citation link was present, and 0 when it was not.

3.3. Independent variables

3.3.1. Knowledge relatedness
To measure the extent to which the knowledge described in one

article is related to another article, we compute the absolute number of
references that are shared by articles i and j. This measure is known as
bibliographic coupling (BC) and was originally proposed as a method for
grouping scientific documents based on similarity (Kessler, 1960) and
for document retrieval (Kessler, 1962). Bibliographic coupling can be
used to measure a cognitive relationship between two articles
(Jarneving, 2007; Peters et al., 1995). A key advantage of bibliographic
coupling over other measures holds that there is no delay for its cal-
culation, since all information is present upon publication and will re-
main constant over time (Glanzel and Czerwon, 1996; Thijs et al.,
2015). For our data, bibliographic coupling was calculated by com-
paring the DOI-based reference lists of the 2014 article and the 2012
article for all couples in our sample. Bibliographic coupling is calculated
as follows:

= ×
=

BC E Eij
r

n

ri rj
1 (1)

where BCij represents bibliographic coupling for a couple comprising
article i from 2012 and article j from 2014; r= 1, …, n represents the
total set of references; and E is a matrix of references by article.

3.3.2. Co-location at the organizational, regional and national level
3.3.2.1. Organizational coupling. To measure co- location between two
teams at the organizational level, we introduce a measure of
organizational coupling (OC). Organizational coupling is defined as the
number of author affiliations that are shared, relative to the maximum
possible number of author affiliations that may be shared, by articles i
from 2012 and j from 2014. As authors can have more than one
affiliation, we consider multiple addresses as separate unique ‘author
affiliations’. Affiliations that are situated in more than one location are
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considered different affiliations, fitting with the nestedness of our
variables. For the set of couples, it is calculated as follows:

=
×

×
=OC

F F
L Lij

s
w

si sj

i j

1

(2)

where OCij represents organizational coupling for a couple comprising
article i from 2012 and article j from 2014; s= 1, …, w represents the
total set of author affiliations; and F is a matrix of author affiliations by
article, based on the exact affiliation names extracted from the Web of
Science data. Li and Lj represent the total number of author addresses of
articles i and j respectively. As an example, consider a couple with an
article i from 2012 with one author A from MIT and one author B from
Harvard, and an article j from 2014 with one author C from MIT and
another D from Boston University. The maximum possible number of
shared authors affiliations is four, because author affiliations can be
shared between A and C, A and D, B and C and B and D. Authors A and
C are coupled, while the other three potential couples remain
uncoupled. Then, OCij equals 1

4
.

3.3.2.2. Regional coupling. Co-location at the regional level is measured
using a similar measure of regional coupling (RC). We define regional
coupling as the number of author locations that are shared, relative to
the maximum possible number of author locations that may be shared,
by articles i from 2012 and j from 2014, minus the organizational
coupling between them. In doing so, we isolate organizational coupling
from regional coupling, because affiliations are nested within regions.
An author location is considered to be shared if the location of an
author listed on the 2014 article is within a distance of 20 km from the
location of an author listed on the 2012 article and within the same
country. In other words, regional coupling expresses the share of
authors that are situated in the same region comprising a 20 km
radius and within the same country, yet without being affiliated to
the same organization. Again, one authors’ multiple locations are
considered unique ‘author locations’. Regional coupling is calculated as
follows:

=
×

×
=RC

G GK
L L

OCij
t
p

ti tj

i j
ij

1

(3)

where RCij is regional coupling for a couple with article i from 2012 and
article j from 2014; t = 1, …, p represents the total set of author cities;
G is a matrix of author cities by article of length n; and GK is a matrix of
author cities by article, where authors are counted when they are
located in a city or in cities within 20 km of their listed city and within
the same country. Li and Lj again represent the total number of author
addresses of articles i and j respectively. In the example we used
previously, both authors A and B of the 2012 article are located in
Cambridge MA, while author C of the 2014 article is located in
Cambridge MA and author D in Boston MA. A and B are thus both
coupled with C, but as Boston is within a 20 km vicinity of Cambridge,
A and B are also coupled with D. Further note that we subtract 1

4
for

OCij, because authors A and C are already coupled at the organizational
level. RCij thus equals 4

4
minus OCij, equals 3

4
.

Given that the nestedness of the coupling measures introduces de-
pendency between the measures, we also test whether the effect of
regional coupling is robust when nestedness is not assumed, by in-
cluding two alternative measures of RC. First, we subtract the number
of shared author affiliations from the denominator, so that regional
coupling is only relative to the maximum possible number of coupled
authors, which were not already coupled at the organizational level.
Second, we compute RCij without subtracting OCij.

3.3.2.3. National coupling. For co-location of teams at the national
level, we use a measure of national coupling (NC), which we define as
the number of authors' countries that are shared, relative to the
maximum possible number of unique author countries that may be

shared, by articles i from 2012 and j from 2014, minus the regional and
organizational coupling between them. National coupling is, thus, the
share of authors that are listed in the same country, without being listed
in the same region or, which follows, the same organization. National
coupling is calculated as follows:

=
×

×
=NC

H H
L L

RC OCij
u
q

ui uj

i j
ij ij

1

(4)

where NCij is national coupling for a couple with article i from 2012 and
article j from 2014; u= 1, …, q represents the total set of author
countries; and H is a matrix of author countries by article. Again, Li and
Lj represent the total number of author addresses of articles i and j
respectively. All authors in our earlier example are located in the
United States, so both authors A and B from the 2012 article are
coupled with both authors C and D from the 2014 article, so that all
possible shared author countries are indeed shared. However, we
subtract RC and OC, so that we only include those situations in which
authors are co-located at the national level, but not at the regional or
the organizational level. Thus NCij is

4
4

3
4

1
4 , equals 0.

Again, we also examine the effect of national coupling when nest-
edness is not assumed. We include a measure of NC where we subtract
the number of shared author affiliations and locations from the de-
nominator, so that national coupling is only relative to the maximum
possible number of coupled authors, which were not already coupled at
the organizational or regional level. Alternatively, we include a mea-
sure of NCij where RCij and OCij are not subtracted from NCij.

3.4. Control variables

3.4.1. Shared authors
We control for self-citations, as several studies have shown that such

citations differ from other citations. For example, Zaggl (2017) found
that the way the scientific system is organized provides incentives to-
wards unjustified self-citation (i.e. citations with overlap in authors, but
no overlap in content), and that mechanisms that prohibit such ma-
nipulation are limited. Bartneck and Kokkelmans (2011) found similar
results when simulating how self-citations inflate an author’s h-index,
and Seeber et al. (2017) found that scientists use self-citations to stra-
tegically respond to citation metrics. While it is noteworthy that not all
self-citation is, of course, unjustified, we control for this effect by in-
cluding shared authors (SA) as a measure of self- citation alongside our
measure of BC.

Since author names are not standardized in our dataset, for each
couple, we computed the sum of the 2014 authors whose last name and
first initial exactly match with those of 2012 authors, and divided this
by the total number of authors of the 2014 article. Thus, this variable
accounts for a potential higher probability of citation when an article
couple shares author names, i.e. self-citation. Because of potential in-
accuracy in this measure, we replaced the sum of exact matches with
the sum of the 2014 authors whose last name and first initial have a
Jaccard similarity of> .8 in a robustness check. This measure takes into
account the proportion of common letters, as well as individual letters’
positions within names.

3.4.2. Times cited
We included the number of citations that the 2012 article has re-

ceived (times cited (TC)) as a control. Highly-cited articles are more
visible and more highly regarded in the scientific literature, which
might influence further citation likelihood. Note that this measure
captures both perceived quality differences between articles and the
sheer Matthew Effect, where further scientific rewards accrue to pro-
minent scientists based on their status alone (Azoulay et al., 2013;
Barabási and Albert, 1999; Merton, 1968).
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3.4.3. Product of number of references and product of number of authors
As the number of references per article varies and the length of the

reference lists of both articles in a couple affects the likelihood that
references are shared, the product of the length of the reference lists of
article i from 2012 and article j from 2014 was included as a control
variable, and is referred to as references product. Similarly, the product
of the number of authors of article i from 2012 and article j from 2014
was included as a control variable as well, and is referred to as authors
product.

3.5. Sampling

The large number of observations in our dataset (616,490*674,196
couples) combined with the fact that there are very few Citij=1 ob-
servations relative to Citij=0 observations (approximately 1 out of
each 3000 couples), makes meaningful estimation using all article
couples or a random sample impossible. To create a sample, we
therefore used choice-based sampling on the Citij=0 observations
while weighting each sampled observation by the number of elements it
represents (Singh, 2005). This approach ensures that no bias is in-
troduced in our model, even though stratification is carried out on our
dependent variable. For each Citij=1 couple, three unique Citij=0
couples were sampled, conditional on these three couples having the
same 2014-article as the Citij=1 couple, and on the 2012-article being
published in the same journal issue as the 2012-article in the Citij=1
couple, so that there is some empirical basis for citation of the sampled
Citij=0 couples.1 The weight of the sampled Citij=0 observations is
relative to the total number of 2012- articles published in the same
journal issue as the cited article, so that the total weight of the sampled
Citij=0 observations equals the total number of articles published in
the same journal issue as the cited article. As all Citij=1 are included,
the weight of Citij=1 is always 1. This approach resulted in 5,598,687
couples derived from 490,163 unique 2014 articles and consisting of
4,177,895 couples for which Citij=0, and 1,413,676 couples for which
Citij=1.

In order to control for any variation at the level of the 2014 article
that is not captured in our independent variables, we introduce the
2014 article as a random effect term. By including this random effect,
we also resolve the fact that the same 2014 article can occur in multiple
sampled couples, causing dependence across these couples.

3.6. Analysis

Because our dependent variable is dichotomous and we include
random effects, mixed-effect logistic regression is the most appropriate
modelling technique to test citation likelihood (Faraway, 2016). All of
our mixed effect models include weights for each observation and use
the 2014 article as random effect term, as a result of our sampling
strategy. Data was analysed using R (R Core Team, 2017), and the
‘lme4’ package (Bates et al., 2015).

In our first model, we include our control variables times cited,
shared authors, authors product and references product. Second, we test
the effect of bibliographic coupling after including all control variables.
Third, we fit a ‘naïve’ model, in which we include our three co-location
variables without including bibliographic coupling, so as to show the
geographical bias in citations when bibliographic coupling is not taken
into consideration. Fourth, we include both bibliographic coupling and
our three geographical coupling variables. Fifth, we add interactions
between the three geographical coupling variables and bibliographic

coupling. Including bibliographic coupling as a continuous variable in the
interaction term, however, does not allow us to fully understand whe-
ther the effect of geography is stronger in some situations than in
others. As a sixth step, we therefore model citation likelihood for si-
tuations where knowledge relatedness is absent (BCij=0), low
(0< BCij<5), medium (5< BCij<10), or high (BCij>10), using se-
parate logistic models for each of these four levels, in which we include
our control variables and random effects as well. To aid interpretation
of these results, we distinguish between situations where there is none
([0]), low ((0-0.33]), medium ((0.33-0.66]), high ((0.66–1)) and full
([1]) coupling for organizational, regional and national coupling, respec-
tively.

4. Results

4.1. Descriptive statistics

Descriptive statistics for all variables can be found in Table 1, and
correlations between all variables in Table 2 . In Table 1, one can see
that the mean value of each of our variables is higher when Citij = 1
than when Citij = 0. Regarding the difference in the means of times
cited, it is worth noting that all 2012 articles in Citij = 1 couples have,
by definition, been cited at least once. In Table 2, we see that there is a
positive correlation between bibliographic coupling and the co-location
measures, especially organizational coupling, suggesting that more re-
lated scientific knowledge is also more geographically concentrated.
This finding suggests that without controlling for knowledge related-
ness, any geographical effect found may in fact be due to a geographical
concentration of related knowledge. Further note that the correlation
between the different geographical coupling variables is low, following
from our nested conceptualization of geographical co-location at or-
ganizational, regional and national levels.

4.2. Regression models

We present the results of the regression models in Table 3. In each of
the models, all direct effects of independent variables are positive and
significant (p < .0001), except for authors product, which is significant
at the p < .001 level. The interaction effects introduced in Model 7 are
negative and significant (p < .0001). The inclusion of all variables
increases each model’s fit, as expressed by the significant Chi2-test re-
lative to the previous model. The Chi2-test reported for Model 3 is re-
lative to Model 1.

Model 1 includes each of the control variables times cited, shared
authors, authors product and references product, and the random effects.
While the effect of times cited is small, it is worth noting that as some
articles get thousands of citations, this variable may still have a con-
siderable impact on the probability of citation. With an odds ratio (OR)
of e18.461, the effect of shared authors on the probability of a citation is
large: when shared authors increases from 0 to 1, citation probability P
(Citij = 1) increases from 0.012 to 0.999 when all other variables are
conditioned on 0.

In Model 2, which further includes bibliographic coupling, the effect
of bibliographic coupling is positive and significant (OR= e2.508=&
#8201;12.280), and the model has considerable explanatory power
with a conditional R2 of 0.941. Inclusion of bibliographic coupling lowers
the coefficient of shared authors, which indicates that self-citations are
partly the result of knowledge relatedness. It shows that, while P (Citij
= 1) is 0.006 when BCij=0, a BCij value of 3 is enough for P(Citij= 1)
to approach 1.

Model 3 shows the effects of co-location of teams at different geo-
graphical levels on citations without controlling for knowledge relat-
edness. With a conditional R2 of 0.558, the models’ explanatory power
is considerable. The geographical bias in citation is mostly observed at
the organizational level (OR= e3.838=& #8201;46.433), and is
weaker at the regional (OR= e1.967=& #8201;7.149) and national

1 However, some journal issues may contain too few unique articles to be able
to sample three unique Citij = 0 articles per Citij = 1 article. This is especially
likely when a 2014 article cites more than one 2012 article from the same
journal issue. In these cases, all available Citij = 0 articles were sampled.
Weights of the sampled observations were adjusted accordingly.
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(OR= e0.920=& #8201;2.509) level.
Comparing Model 3 with Model 6, in which we do control for

knowledge relatedness, we see that the inclusion of bibliographic cou-
pling results in a large drop in the coefficient of organizational coupling
and regional coupling, and a smaller drop in the coefficient of national
coupling. The odds ratio of an increase from no organizational coupling
(OCij=0) to full organizational coupling (OCij=1) drops from 46.433
(e3.838) in Model 3 to 32.105 (e3.469) in Model 6, whereas the odds ratio

for national coupling drops from 2.509 (e0.920) to 2.333 (e0.847). The
drop in coefficients and odds ratios confirms the idea that part of the
geographical bias in citations is in fact due to a concentration of related
knowledge in organizations, regions, and, to a lesser extent, countries.
Furthermore, we see that the explanatory power of Model 6 is only
minimally higher than that of Model 2, with a conditional R2 of 0.942
compared to 0.941. While the model has a better fit than Model 2, the
additional variance explained by including the geographical variables

Table 1
Descriptive statistics.

Citij = 1 (N=1,415,402) Citij = 0 (N=4,366,734)

Mean (SD) Min Max Mean (SD) Min Max

Bibliographic Coupling 3.225 (3.863) 0 116 0.022 (0.237) 0 75
Organizational Coupling 0.105 (0.246) 0 1 0.002 (0.032) 0 1
Region Coupling 0.037 (0.178) 0 1 0.005 (0.055) 0 1
National Coupling 0.221 (0.359) 0 1 0.114 (0.283) 0 1
Times Cited 67.170 (311.400) 1 6,759 16.600 (31.610) 0 5,747
Shared Authors 0.105 (0.224) 0 4 0.001 (0.014) 0 1.33
Authors Product 90 (133) 1 1,924 81.5 (93.9) 1 1,670
References Product 2,403 (3470) 2 504,036 2,457 (2148) 2 570,064

Table 2
Correlation matrix.

BC OC RC NC TC SA AP

Organizational Coupling (OC) .363***
Regional Coupling (RC) .094*** −.010***
National Coupling (NC) .051*** .015*** −.061***
Times Cited (TC) .028*** −.006*** −.001* .031***
Shared Authors (SA) .442*** .704*** .206*** .046*** −.008***
Authors Product (AP) .002*** −.000 .0001 −.000 .002*** .001*
References Product (RP) .145*** .006*** −.015*** .001 .031*** −.001* −.001

Note: p < .0001 ***, p < .001 **, p < .01 *.

Table 3
Logistic regression model coefficients.

(1) (2) (3) (4) (5) (6) (7)

Intercept −4.240*** −5.093*** −4.442*** −5.084*** −5.110*** −5.311*** −5.341***
(0.002) (0.004) (0.003) (0.004) (0.004) (0.004) (0.004)

Bibliographic Coupling (BC) 2.508*** 2.473*** 2.475*** 2.521*** 2.658***
(0.002) (0.002) (0.002) (0.002) (0.002)

Organizational Coupling (OC) 3.838*** 3.054*** 3.307*** 3.469*** 4.998***
(0.012) (0.017) (0.017) (0.017) (0.016)

Regional Coupling (RC) 1.967*** 1.709*** 1.900*** 2.265***
(0.009) (0.013) (0.013) (0.014)

National Coupling (NC) 0.920*** 0.847*** 0.962***
(0.003) (0.005) (0.005)

BC*OC −2.433***
(0.005)

BC*RC −1.023***
(0.011)

BC*NC −0.342***
(0.004)

Times Cited 0.007*** 0.007*** 0.007*** 0.007*** 0.006*** 0.007*** 0.006***
(0.002) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Shared Authors 18.461*** 12.394*** 13.868*** 9.794*** 9.027*** 8.663*** 9.343***
(0.020) (0.027) (0.022) (0.029) (0.029) (0.030) (0.029)

Authors product 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

References product 0.000*** −0.0001*** 0.000*** −0.0002*** −0.0002*** −0.0002*** −0.0002***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Log Likelihood −6,010,431 −3,499,078 −5,918,564 −3,480,175 −3,474,730 −3,454,079 −3,415,576
Chi2 5,021,785*** 183,735*** 38,727*** 10,891*** 41,301*** 77,006***
observations 5,591,571 5,591,571 5,591,571 5,591,571 5,591,571 5,591,571 5,591,571
N groups 489,667 489,667 489,667 489,667 489,667 489,667 489,667
Marginal R2 0.573 0.870 0.558 0.866 0.870 0.864 0.834
Conditional R2 0.709 0.941 0.701 0.942 0.940 0.942 0.922

Note: Chi2 of Model 3 is relative to Model 1. Dependent variable: Cit. p < .0001 ***, p < .001 **, p < .01 *.
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when we control for knowledge relatedness is small. Comparing Models
4, 5, and 6, we find that inclusion of one coupling variable does not
affect the effect of another, since they were computed to be in-
dependent from each other.

4.3. Interaction effects

In Model 7 we include interaction effects between bibliographic
coupling and the geographical variables. As our three geographical co-
location measures are computed on similar scales, we can compare their
coefficients and see that, when BCij=0, the coefficient of organizational
coupling is about twice as high as the coefficient of regional coupling,
which is again twice as high as the coefficient of national coupling.
Looking at the interaction terms, we find a negative and significant
(p < .0001) effect for all interactions. The negative effect provides us
with a first indication that the effect of co-location on citation is smaller
when bibliographic coupling is high compared to when bibliographic
coupling is low.

We use separate logistic regression models to further explore this
effect and model citation likelihood for no (BCij=0), low
(0< BCij<5), medium (5< BCij<10), or high (BCij>10) biblio-
graphic coupling, distinguishing between none ([0]), low ((0-0.33]),
medium ((0.33- 0.66]), high ((0.66–1)) and full ([1]) coupling for or-
ganizational, regional and national coupling. The thresholds used do not
affect our results. The odds ratios for citation, and the corresponding
95% confidence intervals, for the different levels of bibliographic cou-
pling and the geographical variables are presented in Figure 1. Note that
the odds ratios represent the odds of citation for a certain level of or-
ganizational, regional or national coupling, relative to no organizational,
regional or coupling, and conditional on a level of bibliographic coupling.
For each of the geographical co-location variables organizational, re-
gional and national coupling we see that the effect of co-location is lar-
gest and positive when bibliographic coupling is absent or low. We fur-
ther find that when bibliographic coupling is absent or low, organizational
coupling has a bigger effect on citation likelihood than regional coupling,
while national coupling has the weakest effect. For example, when
BCij=0, citation is 14.788 (OR=e2.694) times more likely when the

sets of authors are organizationally fully coupled compared to when
there is no organizational coupling, 4.244 (OR= e1.445) times more likely
when the sets of authors are fully coupled at the regional level com-
pared to when there is no regional coupling, and only 2.311 (OR=
e0.838) times more likely when the sets of authors are fully coupled at
the national level compared to when there is no national coupling. When
bibliographic coupling is medium or high, however, we find that the ef-
fects of geographical coupling are much smaller. In these cases the ef-
fect of regional and national couplingmay even be completely absent. For
instance, when bibliographic coupling is high, the odds ratio for full
coupling relative to no coupling is 1.114 (OR=e0.109) for organiza-
tional coupling, 1.074 (OR=e0.071) for regional coupling, and 0.956
(OR=e−0.045) for national coupling. None of these are significant. Our
results further suggest that, with medium or, especially, high biblio-
graphic coupling, citation likelihood is higher when the sets of authors
are highly coupled, but not fully coupled, than when the sets of authors
are fully coupled. Surprisingly, when bibliographic coupling is high, odds
of citation when sets of authors are fully coupled at the organizational,
regional or national level seem to be equal to the odds of citation in the
reference case, when organizational, regional or national coupling is ab-
sent (odds ratio= 1), suggesting that in those cases there is no effect of
co-location on citation likelihood.

We ran variations on Model 8 in which we included robustness
checks Table 4. The results of these checks can be found in Table 4. We
computed regional coupling based on a range of 50 km rather than
20 km, and adjusted national coupling accordingly (Model (8)). Next, we
ran a model that includes coupling measures for which coupling is only
relative to the number of authors that have not already been coupled at
a more specific level (see above) (Model (9)), and one in which we
include our co-location variables without subtracting OCij from RCij,
and without subtracting OCij and RCij from GCij (Model (10)). Finally,
we replaced our shared authors variable with one based on a Jaccard
similarity of> .8 (Model (11)). The robustness checks do not affect our
overall conclusions. While the effect of organizational coupling still ex-
ceeds that of national and regional coupling, the alternative coupling
measures reduced the effect size of national coupling and regional, which
is to be expected due to the structure of the data. While the coefficients

Fig. 1. Effect of geographical variables for different levels of bibliographic coupling (BC). The odds ratios represent the odds of citation for a certain level of
organizational, regional or national coupling, relative to no organizational, regional or coupling, and conditional on a level of bibliographic coupling.
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of shared authors computed with similarities of> .8 was slightly lower
than in the original model, neither variable affected any of our results.
Otherwise, signs, significance and relative importance of all variables
remained the same.

5. Discussion

This paper investigated how scientific citations are affected by
geographical co-location of scientific teams at the organizational, re-
gional and national level, and tested how these effects vary for different
levels of knowledge relatedness. While similar questions have already
been addressed within the context of patenting (Breschi and Lissoni,
2009; Jaffe et al., 1993), we believe that we are the first to discuss the
geography of citations specifically within the context of scientific ci-
tations. Our findings differ from those related to patent citations par-
ticularly with respect to strategic citation, which is distinctly different
in patenting due to the role of the patent examiner (Alcácer and
Gittelman, 2006; Duguet and Macgarvie, 2003; Meyer, 2000).

Similar to findings in the context of patent citations, we found that
while there is indeed a geographical bias in scientific citations, this bias
is heavily reduced when including knowledge relatedness – a very
strong driver of citations. In situations where knowledge relatedness is
high, we even find that co- location has no positive effect on citations.
Hence, the largest part of the geographical bias in scientific citations is
explained by the geographical concentration of related knowledge ra-
ther than by geographical biases in citation as such. Thus, our findings
shed new and critical light on previous research that found a strong
geographical bias in citation, but failed to control for knowledge re-
latedness.

Furthermore, we also showed that, as expected, the effect of co-

location is strongest at the organizational level and weakest at the na-
tional level, with intermediate effects at the level of the region. We find
that the effect of co-location at the regional and national level is rela-
tively small, when controlling for co-location between teams at the
organizational level. These findings are consistent with a previous study
that found a distance decay in the probability of citation (Börner et al.,
2006). It is also worth noting that our inclusion of three levels of co-
location adds to other previous studies that considered only one geo-
graphical level (e.g. Matthiessen et al., 2010; Pan et al., 2012).

Further exploration of the effects of geographical co-location under
different cognitive circumstances showed that sharing a geographical
location particularly increases the chances of citation when knowledge
relatedness is low. The observed effect may be due to serendipitous
encounters, local buzz (cf. Bathelt et al., 2004; Storper and Venables,
2004), or projects organized by organizations or local agencies, pur-
posefully designed to overcome unrelatedness (Fitjar and Rodríguez-
Pose, 2017). It can, however, also be caused by selective citations be-
tween scientific teams that are co-located (Baldi, 1998; Gilbert, 1977).
As citations have become instrumental in determining the value, quality
and potential of scientific articles and, by extension, scientists, the
ability to cite other articles may be a strategic asset (Bartneck and
Kokkelmans, 2011; Kostoff, 1998). When scientists work on highly re-
lated topics, while also working for the same organization or in the
same region, they are likely to be direct competitors for grants, jobs and
intellectual property granted by organizations and regional govern-
ments. This may give scientists an incentive to boost their own citations
and to not cite co-located colleagues who work on similar topics. We
find evidence of strategic citation in that an article is much more likely
to cite another article if the two articles share authors, even when
knowledge relatedness is controlled for. However, we did not find
evidence of strategic non-citation of co-located colleagues, because
when knowledge relatedness is high, fully co-located teams have a si-
milar citation likelihood as teams without co-location. Our findings
may motivate future research into strategic motivations for citation
decisions (Seeber et al., 2017; Zaggl, 2017) and raise the question
whether strategic citations are reciprocated by the receiving authors – a
dynamic that is referred to as ‘intellectual backscratching’ (Baldi,
1998).

Our findings are policy-relevant given debates about concentrating
research organizations on campuses and in cities (Grossetti et al., 2014;
Matthiessen et al., 2010). Here, we can distinguish between policy
implications with regard to citations as acknowledgement of in-
tellectual debt, and citations as strategic tools. Regarding the first, our
results suggests that geographical co-location between teams at the
organizational, regional and national level particularly enhances cita-
tion when knowledge is unrelated. As such, geography can play an
important role in the objective to foster excellence in research, espe-
cially as breakthroughs come relatively often from interdisciplinary
crossovers of previously unrelated domains (Fleming, 2001; Wang
et al., 2017). Possibly, this principle can be fruitfully extended towards
a cluster of organizations surrounding the university, public research
organisation or multinationals as the ‘anchor tenant’ in a cluster
(Agrawal et al., 2009; Feldman, 2003). At the same time, our results
also suggest that when authors are co-located the potential for using
citations as strategic tools increases. Thus, any policies aimed at de-
tecting and preventing selective citation behaviour could take into ac-
count the effect of geography on citations. For example, while our data
does not reflect temporary co-location in the form of research visits and
conferences, temporary co-location is similar to permanent co-location
in that both facilitate serendipitous encounters and the exchange of
tacit knowledge (Torre, 2008). On the other hand, temporarily co- lo-
cated authors are not affected by local competition in the same way as
permanently co-located authors are. Stimulating temporary co-location
can thus benefit knowledge accumulation without it being hampered by
local competition.

Table 4
Logistic regression model coefficients: Robustness checks.

50 km RC Alternative
Coupling 1

Alternative
Coupling 2

.8 Shared
Authors

(8) (9) (10) (11)

Intercept −5.383*** −5.314*** −5.341*** −5.319***
(0.004) (0.004) (0.004) (0.004)

Bibliographic
Coupling
(BC)

2.705*** 2.622*** 2.658*** 2.647***
(0.002) (0.002) (0.002) (0.002)

Organizational
Coupling
(OC)

5.034*** 4.373*** 4.998*** 6.220***
(0.016) (0.016) (0.016) (0.015)

Regional
Coupling
(RC)

2.271*** 1.534*** 0.022*** 2.507***
(0.014) (0.014) (0.000) (0.013)

National
Coupling
(NC)

0.966*** 0.952*** 0.009*** 0.886***
(0.005) (0.005) (0.000) (0.005)

BC*OC −2.467*** −2.237*** −1.410*** −2.260***
(0.005) (0.005) (0.012) (0.006)

BC*RC −1.035*** −0.638*** −0.680*** −0.810***
(0.011) (0.008) (0.011) (0.011)

BC*NC −0.347*** −0.333*** −0.343*** −0.289***
(0.005) (0.004) (0.004) (0.004)

Times Cited 0.006*** 0.006*** 0.006*** 0.006***
(0.000) (0.000) (0.000) (0.000)

Shared Authors 9.493*** 9.402*** 9.342*** 3.563***
(0.029) (0.029) (0.029) (0.014)

Authors product 0.000*** 0.000*** 0.000*** 0.000***
(0.000) (0.000) (0.000) (0.000)

References
product

−0.0002*** −0.0002*** −0.000*** −0.0002***
(0.000) (0.000) (0.000) (0.000)

Log Likelihood −3,411,064 −3,433,076 −3,415,917 −3,464,075
observations 5,591,571 5,591,571 5,591,571 5,591,571
N groups 489,667 489,667 489,667 489,667
Marginal R2 0.83 0.83 0.83 0.83
Conditional R2 0.92 0.92 0.92 0.92

Note: dependent variable: Cit. p < .0001 ***, p < .001 **, p < .01 *.
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6. Limitations

Several limitations of the data and methods used in this study are
worth noting. First, while this paper has a focus on understanding the
geography of citations, social dynamics between scientists are also
likely to play an important role in shaping citations, whereas we have
only considered it for as far as social ties are geographically bounded
(Head et al., 2018). Nevertheless, we believe that our framework can
serve as a template for future research aimed at analysing geographical
effects on knowledge accumulation. Second, we do not distinguish be-
tween various types of citations. Negative and positive citations are, in
this study, considered part of citation networks in the same way.
However, since the number of negative citations in scientific articles is
limited (Catalini et al., 2015), we do not expect this to have a major
impact on our results. Third, the articles studied are all related to life
sciences and medicine, which might limit the generalizability of our
findings. Engineering and social sciences, for example, are more geo-
graphically bounded in their collaboration patterns compared to life
sciences (Hoekman et al., 2010). Hence, citation patterns in such fields
may be more affected by geographical co-location as well. Moreover,
medical research has a relatively strong national bias (Hoekman et al.,
2010). The effect of national co-location may thus be smaller for other
scientific fields. Fourth, this study is based on a particular time frame:
only couples of articles consisting of one article published in 2014 and
one published in 2012 were considered. This limits the generalizability
of our findings, since the effects considered here may change over time
or may vary when time between couples is longer or shorter than two
years. Such dynamic analyses are left for future research.
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