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ABSTRACT

Collaborative research has been increasingly celebrated by the science community, but the hypothesized
positive relationship between research collaboration and research output is more assumed than
rigorously tested. In this paper, we identify three methodological gaps in the literature: (a) hierarchical
coding based on the ISI Web of Science database causes severe loss of information on local collaboration,
(b) the relationship between research collaboration and research output is likely to be confounded by
a common latent variable such as a scientist’s ability, and (c) the lack of longitudinal analysis prevents
causal inferences from being made. To address these methodological concerns, we constructed a
longitudinal dataset of 65 biomedical scientists at a New Zealand university and coded collaboration
variables by hand checking each of their publications in a period of 14 years. We found that at article
level, both within-university collaboration and international collaboration are positively related to an
article’s quality and that, at scientist-year level, only international collaboration is positively related to

a scientist’s future research output.

© 2008 Elsevier B.V. All rights reserved.

1. Introduction

Research collaboration has been a phenomenon of growing
importance for scientists, research organizations, and policy mak-
ers (Narin et al., 1991; Wagner and Leydesdorff, 2005; Cummings
and Kiesler, 2007; Bammer, 2008). It is widely assumed among
scientists and politicians that collaboration in research is “a good
thing” and that it should be encouraged. Policy makers sometimes
take for granted that collaboration will increase the quantity and
quality of research, and numerous initiatives have been launched
to promote collaboration among individual researchers. This opti-
mistic view in some cases even leads to “a positive valuation of
collaboration for its own sake” (Duque et al., 2005, p. 756). For
example, Jager (2006) has shown in a case study that some German
universities already regard co-publication as a separate perfor-
mance dimension (cited from Schmoch and Schubert, 2008).

There are many obvious reasons why there should be a positive
relationship between research collaboration and research output,
and it is intuitive to believe that the benefits of collaboration should
be greater than the costs of coordinating collaborative research
projects. A large number of studies have demonstrated a posi-
tive correlation between co-authorship, especially international
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co-authorship, and an article’s quality as measured by number of
citations it receives from other articles (Narin et al., 1991; Katz and
Hicks, 1997; Glanzel and Schubert, 2001). As shown in a recent
large sample study by Wuchty et al. (2007), co-authored articles
receive more citations than sole-authored ones, and such “team-
work advantage” has been increasing over time.

Despite these associations, the relationship between research
collaboration and research output is more assumed than inves-
tigated because of three methodological gaps in existing studies.
The aim of this paper is to address these methodological concerns.
First, most studies rely on affiliation data in the ISI Web of Science
database to code research collaboration, but this database does not
provide information on individual author-institution affiliations.
When an article has affiliation addresses from more than one
country, it is regarded as an internationally co-authored article.
Then, when an article does not have affiliation addresses from more
than one country, but has more than one affiliation address from
the same country, it is regarded as a case of domestic collaboration.
Finally, if an article has only one affiliation address but more than
one author, it is regarded as a case of research collaboration within
an organization. Such hierarchical coding is problematic because
an internationally co-authored article may well have more local
collaborators than international ones (e.g., a Dutch scientist wrote
an article with four other scientists from the same Dutch university
and another scientist from a British university). It is obvious that
the true contribution of local collaborators would be understated
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or patently ignored in such hierarchical coding. This neglect of
local collaboration on an internationally co-authored article calls
into question the widely held conclusion in existing studies that
international collaboration is related to superior research quality.

Second, the relationship between research collaboration and
research output is likely to be confounded by their common
dependence on a third latent variable such as a scientist’s ability.
Collaboration involves a bilateral selection process whereby an able
scientist is more attractive for research partnership than her less
able peers. By “able” here we mean everything that can contribute
to the success of a research project, from the ability to get funding
support, industry connections to collect data, to rich experience
with the editorial process of a prestigious journal. Therefore, the
relationship between research collaboration and research output
can be overstated to the extent that a scientist’s “ability” drives
both research collaboration and research output. An acceptable
research design should try to control for the focal scientist’s ability
in search for a positive relationship between research collaboration
and research output.

The third and probably the most important gap in the lit-
erature is that few studies have explicitly investigated through
a longitudinal analysis whether individual scientists can gain
from collaboration. Most existing studies employ a cross-sectional
design to correlate variations in collaboration and variations in
research output between scientists. A cross-sectional study cannot
answer the question whether research collaboration leads to more
research output or the other way around. A rigorous test would
require longitudinal data that trace a sample of scientists and record
their collaboration activities and research output each year for a
number of years. We are aware of only a few longitudinal studies in
this area, such as McFadyen and Cannella (2004) and Singh (2007),
but all of them directly rely on the ISI Web of Science database and
thus have the problem of understating local collaboration.

In this paper, we distinguish between international collabora-
tion, domestic collaboration, and within-university collaboration,
and we examine how they are related to the quality of individual
articles and the annual output of individual scientists. We col-
lected data for a panel of 65 biomedical scientists over a 14-year
period. To avoid understating within-university collaboration, we
painstakingly coded collaboration variables based on co-authorship
information by visual inspection of every publication of these 65
scientists.

In article level analyses, we controlled for scientists’ latent abil-
ity by including a full set of scientist dummies and accounted for
non-independence in observations (because each scientist con-
tributes more than one observation to the sample) by employing
the generalized estimating equations (GEE) method. We found that
both within-university collaboration and international collabora-
tion are positively related to an article’s quality as proxied by the
impact factor of the journal in which it was published or number
of citations it received in a 2-year window after publication.

In scientist-year level analyses, we used fixed-effects models to
account for unobserved heterogeneity among these scientists and
examine how research collaboration and research output covary
over time within scientists. We found that the relationship between
research collaboration and research output depends on the choice
of dependent variable. When research output is measured by quan-
tity, within-university collaboration is significantly related to a
scientist’s future research output. However, when research output
is adjusted by both quality and authorship, international collabora-
tion is significantly related to a scientist’s future research output.

In Section 2, we review the literature and make a number of
hypotheses. In Section 3, we describe the data sources and coding
procedures in detail, and define the variables. We then provide the
results of article level analyses and scientist-year level analyses. The
last section offers a summary of the results and our conclusion.

2. Literature review and hypotheses

A common assumption in science policy is that collaborative
research has benefits of various kinds and thus should lead to
increased research output. Among numerous benefits of research
collaboration, often cited in the literature are sharing knowl-
edge and techniques, cross-pollination of ideas, pooling research
resources and sharing expensive instruments, increasing visibility
and recognition, and accelerating research progress.

2.1. Why a positive relationship between research collaboration
and research output?

There are at least three theoretical reasons for a positive rela-
tionship between research collaboration and research output. First,
the perspective of knowledge recombination predicts that knowl-
edge creation is often enhanced by combining different expertise
and know-how from a wide variety of sources. As early as in 1934,
Schumpeter stated that new knowledge is mostly created by recom-
bining existing knowledge: “Development in our sense is then
defined by the carrying out of new combinations” (Schumpeter,
1934, p. 66). According to this perspective, when partnering sci-
entists bring together complementary knowledge and skills into
a research project, the resulting research output should be of
higher quality than it would be otherwise. Moreover, by working
together, research collaborators form an internal quality control
(or internal refereeing) process to improve research quality by rig-
orously selecting out unpromising combinations (Rigby and Edler,
2005).

Second, collaboration provides a learning experience for a sci-
entist to acquire skills and techniques from partners for her future
research activities. Scientific knowledge is commonly regarded as
a public good to which every scientist, regardless of her loca-
tion or field, has free and open access. However, some important
knowledge in the actual conduct of scientific research is inextri-
cably tacit and stored in the minds of individual scientists, not in
published materials. The acquisition of tacit knowledge between
scientists is best achieved when they jointly experience problem-
solving and spend time together discussing and reflecting. The
importance of tacit knowledge in conducting scientific research
and how it can be transferred between scientists were demon-
strated in an earlier study by Collins (1974) who reported that, in
the early construction of the TEA laser, no laboratory succeeded
in building a working TEA laser equipment without the participa-
tion of someone from another laboratory that had already put a
device of such type into operation (cited from Cowan et al., 2000,
p. 215). Collaboration allows scientists to keep abreast of the latest
development in the field and take prompt advantage of the lat-
est scientific advances. Reading published works by other scientists
is not enough because these latest developments often embody a
large amount of tacit knowledge that has not appeared in written
forms.

Third, collaboration provides scientists with social networks
where they can capture valuable information on research oppor-
tunities and expose themselves to future research collaboration
which leads to future research output. Production of scientific
knowledge is deeply embedded in social structures and practices
among scientists (Crane, 1972; Katz and Martin, 1997). Through
collaboration, scientists build, expand, and maintain their social
capital that helps uncover novel research questions and facili-
tate future research collaboration. In a recent study, McFadyen
and Cannella (2004) used number of co-authors and frequency of
co-publishing with the same co-author to approximate two dimen-
sions of social capital: number of relations and strength of relations.
They found that a scientist’s future research output increases with
social capital.
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2.2. Why this relationship is not always positive?

One should not assume that research collaboration will lead
inexorably to higher or better research output. Collaboration also
entails various costs, including costs of finding and assessing
research partners, costs of establishing an agreement to organize
collaboration and allocate the credit of expected research output,
and costs of coordination among collaborating scientists, among
others. Time must be spent clarifying roles and responsibilities
from the outset and continuously updating them as a collaborative
research project evolves (Katz and Martin, 1997).

These costs of research collaboration are rarely examined in the
literature. One notable exception is Landry and Amara (1998) who
applied the concept of transaction costs to investigate why a cer-
tain governance structure is adopted in organizing collaborative
research. Landry and Amara (1998, p. 904) regard collaboration
research as mini-joint ventures where collaborating scientists
exchange resources and skills to generate and share expected
research output. Because of bounded rationality, no one could
exhaust all the contingencies of a collaborative research venture, no
one is absolutely sure what research findings will be produced in the
future, and no one is fully aware of the costs of implementing a spe-
cific part of the collaborative project. This impossibility of designing
complete cooperative contracts creates room for opportunistic
behaviours such that a scientist may strategically misrepresent
information to secure more resources or credit for her contribution
to the final research output. According to Landry and Amara (1998),
this is why collaborating scientists have to spend time coordinating,
monitoring, enforcing, and sometimes renegotiating contractual
promises of inputs from other partnering scientists, while such a
contract is often not explicitly put down in a written document.

2.3. Hypotheses

We have reviewed three theoretical perspectives that predict a
positive relationship between research collaboration and research
output, as well as reasons why research collaboration will not
lead inexorably to higher or better research output. While no
one can disentangle all the abovementioned causal mechanisms
and cost factors, we propose that by comparing how collabora-
tion at different geographical scales (international, domestic, and
within-university) is related to research output at article level and
scientist-year level, we can find evidence in support of one or more
perspectives.

First, it seems that the knowledge recombination perspective
operates mainly at article level because more co-authors on a given
article indicate more sophisticated and greater scales of recombina-
tion from different scientists. Whereas the other two perspectives,
the learning and networking perspectives, indicate research collab-
oration should be positively related to a scientist’s future research
output. Therefore, if we find research collaboration is positively
related to research output at article level (as found in many existing
bibliometric studies), but not at scientist-year level, we would con-
clude that learning and networking are not driving the relationship
between research collaboration and research output.

Second, at article level, collaboration with partners at different
distance ranges may have different impacts on research output in
terms of an article’s quality. According to the knowledge recombi-
nation perspective, international collaboration can be hypothesized
to be more positively related to research output than domestic or
within-university collaboration because distant partners are more
likely to bring different experience and diverse ideas to expand the
scope of combinatorial search. And there has been a general con-
sensus in the literature of social psychology on group creativity that
diversity rather than conformity is more likely to generate novel and
high quality outcomes (De Dreu and West, 2001).

However, international collaboration incurs additional costs rel-
ative to local collaboration, especially in terms of coordinating
research carried out at geographically dispersed locations and
possibly extra time for travelling and visiting. One would also
expect transaction costs in international collaboration to be larger
than those in local collaboration. In contrast, when a scientist
collaborates with her local colleagues for research, co-location
and frequent day-to-day contact facilitate coordination. Therefore,
while international collaboration expands the scope of combina-
torial search by bringing together diverse ideas and inputs from
distant partners, within-university collaboration reduces the cost
and thus increases the intensity of combinatorial search through
frequent face-to-face interaction with co-located colleagues. How-
ever, and especially for small countries such as New Zealand, the
intermediate category of domestic collaboration lacks the diversity
of one and the intensity of the other. Hence, we have the following
competing hypotheses:

Hypothesis 1a. Atarticle level, international collaboration is more
positively related to an article’s quality than is domestic or within-
university collaboration.

Hypothesis 1b. At article level, within-university collaboration is
more positively related to an article’s quality than is domestic or
international collaboration.

Third, at scientist-year level, learning and social networking
may operate differently at different distance ranges to influence
a scientist’s future research output. In the knowledge management
literature, co-location is often highlighted as the most important
factor in effective transfer of knowledge, especially tacit knowledge
which is the focus of the learning perspective of research collabo-
ration (Brown and Duguid, 1991). To the extent that a scientist is
likely to spend more time interacting with her local collaborators,
co-location is expected to improve the effectiveness of learning,
holding constant the amount of knowledge to be learned.

However, local collaboration may not significantly contribute to
a scientist’s learning because of its limited scope for knowledge
transfer. Compared with local partners from within the same uni-
versity, partners from afar, especially those from another country,
are more likely to possess ideas and techniques that are novel and
non-overlapping for a scientist to learn (Burt, 1992). Although many
of these ideas and techniques are tacit, distance per se is not a bar-
rier to acquiring tacit knowledge from research partners because
tacitness is not an intrinsic property of knowledge stock, but a
property of knowledge flow (Breschi and Lissoni, 2001). Tacitness is
also relative, and a scientist can always make investment to reduce
the tacitness of knowledge with some partners at some locations
(von Hippel, 1994). Due to this investment, together with the inter-
net, video-conferencing, and regular visit, tacit knowledge can be
learned between scientists over long distances as long as there are
sufficient levels of mutual understanding and commitment.

Similarly, the ability of a scientist to develop network con-
tacts is thought to vary with distance. Sociology research has long
established that spatial proximity increases the probability of infor-
mal communication which, in turn, leads to network relationships.
In fact, Katz (1994) found that the likelihood of co-authorship
decreases exponentially with the distance separating pairs of part-
ners. However, this does not necessarily meant that collaboration
at alocal scale has a stronger impact on future research output than
collaboration over long distances. On the one hand, local collabora-
tion allows a scientist to be embedded in a densely interconnected
local network that is characterized by high levels of social capital
such as trust, shared beliefs, mutual obligations and expectations,
and cooperative norms which, in turn, enhance her productivity in
future research (Coleman, 1988). On the other hand, international
collaboration can “plug” a scientist into a much wider network of
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global science and greatly expand her network advantage for her
future research.

Taken together, we have the second pair of competing hypothe-
ses:

Hypothesis 2a. At scientist-year level, international collaboration
is more positively related to a scientist’s future research output than
is domestic or within-university collaboration.

Hypothesis 2b. At scientist-year level, within-university collab-
oration is more positively related to a scientist’s future research
output than is domestic or international collaboration.

Finally, it is important to investigate the flow of causality
between collaboration and research output. There is always poten-
tial for joint determination between collaboration and research
output because past quality research can bring more chances for
collaboration through various mechanisms, such as increased vis-
ibility and stronger funding support. We are not aware of any
study that has established whether research collaboration induces
research output or results from past research output. The concern
here is that if we find a causal direction from research output to
research collaboration but not the other way around, our ambitious
policies to encourage research collaboration will be less justifiable
because we might have been mistaking means for ends. Specifically,
we make the following competing hypotheses:

Hypothesis 3a. At scientist-year level, research collaboration
causes research output more than research output causes research
collaboration.

Hypothesis 3b. At scientist-year level, research output causes
research collaboration more than research collaboration causes
research output.

3. Data and methods
3.1. Using co-authorship to measure research collaboration

Since the pioneering work of Price and Beaver (1966), co-
authorship has been widely used as a direct measure of research
collaboration at individual, organization, regional and country lev-
els (McFadyen and Cannella, 2004; Cockburn and Henderson, 1998;
Luukkonen et al., 1993). However, like any measure, co-authorship
is no more than a partial indicator of research collaboration. There
are two concerns in using co-authorship as a measure of research
collaboration (Melin and Persson, 1996):

(a) Research collaboration does not always lead to co-authored arti-
cles. For example, a researcher may provide a key idea for an
article but, for some reason, does not appear as a co-author.

(b) Co-authorship can arise without research collaboration. A
researcher may be listed as a co-author simply by providing
experiment materials or performing a routine test. A person
may be listed as a co-author not by virtue of collaboration but
because of position or prestige (“honorary co-author”).

Situation (a) implies the risk of understating research collabora-
tion if we focus on co-authorship alone. As for situation (b), we think
it may not pose a serious threat to our empirical design because co-
authorshipinsuch cases suggests at least some level of collaborative
relationship and possibilities of future collaboration.

Despite various limitations, objective data like co-authorship
have four key advantages: verifiability, stability over time, unob-
trusiveness, and ease of measurement (Katz and Martin, 1997). In
our case, these advantages are crucial because our research ques-
tions required us to collect longitudinal data over a sufficiently long
period. Self-reported collaboration measures based on surveys or

interviews were not an option for us. One would not expect a sci-
entist to accurately and consistently remember with whom she
collaborated 14 years ago, 13 years ago, and so on.

In scientist-year level analyses, we were able to alleviate the
concern that co-authorship on articles underestimates the extent
of collaboration by including articles, reviews, research notes, book
reviews, letters, editorial materials, etc. (but not corrections) when
coding collaborative activities. Our research output variables were
based on the more restrictive definition of articles, reviews (but not
book reviews) and research notes. Our approach improves on previ-
ous studies that have used the same set of publications to code both
dependent and independent variables. In the following sections we
refer to all items included in research outputs as “papers”, and to
the wider set of items used to identify collaborations as “publica-
tions” or “documents”. We used the ISI Web of Science database to
identify both papers and publications.

3.2. Sample

Our sample consists of 65 biomedical scientists from a New
Zealand university. A single institution was chosen for this study
for a number of reasons. First, as previously mentioned, to accu-
rately code different types of collaboration, one has to check the full
text copy of each publication and identify each co-author’s exact
location because the ISI Web of Science database does not pro-
vide one-to-one correspondence between authors and affiliations.
We are not aware of any study that has coded co-authorship data
based on visual inspection of each publication included in the study
sample, but doing so for many scientists from multiple institutions
would be prohibitively expensive in time and resources. Second,
two of us were working at this university when this study was
conducted and we had access to personnel information of these
biomedical scientists, such as age, gender, title, department affili-
ation, promotion, administrative position, etc. These demographic
variables must be included to isolate areliable relationship between
research collaboration and research output. Third, the proximity
with these biomedical scientists allowed us to contact them or their
departments for clarification whenever a suspicious case arose. For
example, we found a paper co-authored by one of the 65 scien-
tists, but his university address did not appear on that paper. By
contacting this scientist, we confirmed that it was his paper but
the corresponding author had incorrectly put him under another
address. This verification process was crucial to ensure the accuracy
and completeness of our data. Fourth, by focusing on one univer-
sity we were able to rule out some confounding effects caused by
different policies and sizes of in-house expertise across different
universities. Nevertheless, as pointed out by one of the referees,
the results of this study may not generalize to other institutions
in different contexts, especially those outside New Zealand, a small
country geographically isolated from the other world centres of sci-
ence. While our narrowly defined sample, as can be seen below, was
intended to maximize internal validity (causal inference), future
research should apply our research design to large samples of dif-
ferent countries and examine our findings’ external validity. With
this admonition in mind, we turn to the construction of our sam-
ple.

We first downloaded from the ISI Web of Science all publications
between 1990 and 2003 for which at least one author’s address was
at the university. Then, using the University Calendar which was
published every year, we compiled a list of biomedical scientists
of the university for the 14-year period. We carefully adjusted for
spelling variants because the same scientist may appear in slightly
different names in the ISI Web of Science. For example, Andre M.
van Rij, one of the 65 scientists in our sample, published most of
his papers under “van Rij AM”, but also appeared as “vanrij AM”
or “vanrij A” on a few other papers. In such case, these papers
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were assembled under one scientist, and we contacted the scientist
directly for clarification if we were not sure.

Next, we used the following four criteria to select biomedi-
cal scientists into the sample: (a) full-time faculty member of the
university’s biomedical schools; (b) appointment with the uni-
versity was either confirmed or on confirmation path (similar to
tenured or tenure-track at North American universities), and no
joint appointment with any other institutions; (c) took up continu-
ous employment for 10 years or longer during the period from 1990
to 2003, excluding partial years of participation; (d) published 10 or
more papers indexed in the ISI Web of Science database during this
period. Criteria (a) and (b) were necessary because if a scientist took
a part time or joint appointment with the university, her scores of
collaboration could be artificially inflated by her striding across two
institutions or even two countries. Criterion (c) was desirable for us
to track a scientist’s research collaboration continuously for a num-
ber of years. Criterion (d) ensured that a scientist demonstrated at
least a threshold level of research activity.

One may challenge that these requirements are unduly restric-
tive and make the sample less representative, but we believe that
these restrictions are necessary to code the research collabora-
tion variables consistently across scientists and over time. This
consistency is crucial for us to draw any causal inferences from
longitudinal data. Although we cannot claim we have a represen-
tative sample, we are confident that our results are not driven by
a selective sample of “star scientists” because research output var-
ied enormously among these 65 scientists, ranging from over 100
papers to just 10 during the period of 14 years.

Seventy biomedical scientists fulfilled the above four criteria.
However, three of them published a few papers which had an abnor-
mally large number of co-authors (for example, more than 100
co-authors), and thus were dropped from the sample.! Although
such giant collaboration of “big science” may represent a unique
structure for collaborative research that deserves a close investiga-
tion, this topic is beyond the scope of this paper and we did not have
enough data to explore this issue. A further two scientists with very
common surnames (Taylor and Zhang) were also dropped because
identification of their papers and citations to these papers could
not be done with high accuracy.

The resulting final dataset had 65 biomedical scientists who had
2244 publications among which 1860 are papers (1670 articles, 97
reviews, and 93 research notes).2 We then aggregated these data to
scientist-year level to construct a longitudinal dataset. Because not
all the scientists worked for the university throughout the 14-year
period, we had an unbalanced panel of 850 usable scientist-year
observations.

As pointed out by Hood and Wilson (2003 ), electronic databases
like the ISI Web of Science have errors of many kinds and, to ensure
the integrity of data, scrutiny procedures must be followed. Thanks
to the very large collections of biomedical research journals at the
university, we were able to retrieve the full text version for 90% of
these 2244 publications, and we also obtained the full text version
for most of the remaining 10% from our friends at other universities.
We carefully hand checked each of the 2244 publications to correct
any obvious errors.>

1 Among all the publications included in our sample, the highest number of
authors on a publication is 16, and only 8 publications have 10 or more authors.

2 “Non-paper” publications by these 65 scientists include 48 editorial materials,
109 letters, 225 meeting abstracts, one discussion, and one item about an individual.

3 Among these 2244 publications, we found that the ISI Web of Science database
has mistakes for 55 of them. Sample errors include but are not limited to (a) Auckland
becomes a part of Australia, (b) Dunedin becomes a city in Scotland, (c) a letter is
misclassified as an article, (d) a title like “Ralph Barnett Professor of Surgery” is
recorded as a co-author.

3.3. Variables

Table 1 presents variables and measures for article level analy-
ses. Most of these variables are self-explanatory, so we only briefly
mention a few key issues here. First, we used two measures of
paper quality: one is 5-year (1999-2003) average impact factor
of the journal in which a paper was published, and the other is
number of citations a paper received in a 2-year window excluding
self-citations. We also experimented with a 3-year citation win-
dow, but the results reported in the next section were not affected
mostly because the 2-year and 3-year measures are highly corre-
lated with each other (the correlation between the two is 0.97 in
our sample); hence we chose to use a 2-year citation window that is
consistent with the IS Web of Science algorithm to calculate journal
impact factors. Total citation counts cannot be used as a measure of
quality across papers because everything else being equal, papers
published earlier in time would naturally receive more citations.
Self-citations must be excluded because a multi-authored paper can
accumulate more citations simply by each of the co-authors sub-
sequently publishing a separate paper that cites their joint paper.#
Failure to correct for self-citations may therefore produce spurious
relationships between research collaboration and research output.
Impact factor data before 1998 were not available to us. We are
aware that average impact factor in recent years can be a noisy mea-
sure of quality for a paper published 10 years back in time, but we
hope number of citations can better operationalize this construct.

Second, in coding research collaboration variables, we used strict
count of co-authors, not addresses as in other studies. As previously
mentioned, achieving this required us to painstakingly check every
publication of these 65 scientists by visual inspection. There were
no other less labour intensive choices and we believed this was
absolutely necessary to overcome the shortcomings of hierarchi-
cal coding. It is worth mentioning that a co-author may give more
than one institutional address because she has a joint appointment
at two institutions or on sabbatical outside her home institution. In
such cases, the best solution was to code this author as “multiple
co-authors” because it is highly uncertain in terms of which type
of research collaboration this co-authorship should reveal. On the
other hand, a co-author of multiple institutional addresses may well
bring more resources and more learning and networking opportu-
nities into research collaboration.>

Variables for scientist-year level analyses are summarized in
Table 2. The key difference here, as previously mentioned, is that
collaboration variables were coded using all the 2244 publications
of various types, not just the 1860 papers of these 65 scientists.5 We
measured research output of a scientist in a year in three different

4 Following Noyons et al. (1999, p. 116) and Wuchty et al. (2007, p. 1039), we define
aself-citation as any citation where at least one author appears on both the cited and
the citing publications. More specifically, we carefully identified self-citations in the
following steps: (1) when there were two or more cases of full name match (identical
surnames and initials) between the cited and the citing publications, it was accepted
as an instance of self-citation; (2) when there was one case of full name match and
the shared surname was not a common one (e.g., Barbezat), it was accepted as an
instance of self-citation; (3) when there was one case of full name match and the
shared surname is a common one (e.g., Smith), further search was conducted by
comparing addresses and research themes between the pair of publications; (4)
when there was a case of partial name match (identical surnames but not all initials
were identical, e.g., Hurst PR and Hurst P), the same search described in step 3 was
conducted to confirm the instance of self-citation. This stepwise approach was nec-
essary to avoid two mistakes: (a) incorrectly accept a non-self-citation, where the
authors share the same surnames and initials but actually they are different people,
as an instance of self-citation; and (b) incorrectly reject an instance of self-citation
where the authors are the same people but use slightly different initials in different
publications. A similar procedure was used by Meyer (2006, p. 1652).

5 But note that a co-author with two or more department addresses of the same
institution was not coded as “multiple co-authors”.

6 We are aware that journal papers are no more than a partial indicator of a scien-
tist’s total research output. Other forms of research output like books, book chapters,
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Table 1
Variables for article level analysis.
Variable Description Remarks
Paper Quality1 5-year (1999-2003) average impact factor of the journal in which a paper was Dependent variable
published Source: computed from the ISI Web of Science
Paper Quality2 Number of citations a paper received in a 2-year window excluding self-citations Dependent variable

International collaboration

Domestic collaboration

Within-university collaboration

Number of references
Page count
Paper type dummies

Administrative

Overseas PhD/MD

Academic rank dummies

Gender

Department dummies

Number of co-authors from outside New Zealand on a paper
Number of co-authors from within New Zealand but outside the University on a paper

Number of co-authors from the University on a paper excluding the focal scientist
herself

Number of references cited by a paper
Number of pages of a paper
Article, Review, Note

A dummy variable indicating whether the focal scientist of a paper took an
administrative position at the year of publication of the paper (1="yes”, 0="“no")

A dummy variable indicating whether the focal scientist of a paper had a doctoral or
MD degree from outside New Zealand (1 =“yes”, 0="“no”")

Dummy variables indicating whether the focal scientist of a paper was a Professor,
Associate Professor, Senior Lecturer, or Lecturer at the year of publication of the paper
A dummy variable indicating the gender of the focal scientist of a paper (1="“male”,
0="“female”)

Dummy variables indicating department affiliation of the focal scientist of a paper:
Anatomy and structural biology, Biochemistry, Dentistry and oral sciences, Medical
and surgical sciences, Microbiology and immunology, Pharmacy, Physiology, Others

Source: computed from the ISI Web of Science

Source: The ISI Web of Science and visual
inspection of each paper

Source: The ISI Web of Science and visual
inspection of each paper

Source: The ISI Web of Science and visual
inspection of each paper

Source: The ISI Web of Science

Source: The ISI Web of Science

Article is used as the base category

Source: The ISI Web of Science

Only department head and school dean are
counted. This variable is time-varying because
most heads and deans did not hold their
positions throughout the period from 1990 to
2003. No scientist in the sample ever took a
university level position during this period.
Source: University Calendar

Source: University Calendar

Lecturer is used as the base category

Source: University Calendar

Source: University Calendar and department
web pages

“Others” is used as the base category
“Dentistry and oral sciences” covers a number
of related departments, including Oral

Year dummies
Scientist dummies

Dummy variables indicating the year of publication of a paper
Dummy variables indicating the focal scientist of a paper

diagnostic and surgical sciences, Oral
rehabilitation, Oral sciences, and Stomatology.
“Others” covers the remaining departments
with a small number of scientists included in
this study, including General practice,
Pathology, Pharmacology and toxicology,
Preventive and social medicine, Women'’s and
children’s health.

Source: University Calendar

Source: The ISI Web of Science

Source: The ISI Web of Science and University
Calendar

ways. Research Outputl is a direct count of papers, but a “note”
was only counted as a half paper. This dependent variable only
captures the quantity of research output. Research Output2 and
Research Output3 further capture the quality of research output
and account for authorship sequence.” Suppose a focal scientist
had m papers in a certain year.

m
Research Output2 = ZWiIiA,-

i=1
where W; =1 if paper i is an “article” or “review”, 0.5 if paper i is a
research “note”, I; is the impact factor of the journal in which paper
i is published, A; is authorship index and takes the value of 1 if

papers in journals not indexed in the ISI Web of Science, and working papers etc.,
were not included for two reasons: (1) it is almost impossible to objectively eval-
uate the quality of these types of research output; (2) as far as we know, journal
papers, especially papers in journals indexed in the ISI Web of Science, are the most
important form of research output for biomedical scientists in universities.

7 As suggested by one of the referees, a note is poorly defined document type
compared to an article or review. We recalculated these three measures of research
output either excluding notes all together or including notes as full papers. We found
nearly identical results as reported in the next section. This is not surprising given
the small percentage of notes in the sample (5%).

the focal scientist is the first author or corresponding author, 0.5 if
the second author (but not corresponding author), 0.25 if the third
author (but not corresponding author), and 0.1 in other cases.?

m
Research Output3 = ZCiAi
i=1

8 Three schemes have been suggested in the literature to calculate research out-

put: straight count, normal count, and adjusted count (Lindsey, 1980). Straight count
only considers first-authored or sole-authored papers; normal count includes all
papers published by a scientist and gives full credit to her regardless of number of
authors on a paper; adjusted count includes all papers published by a scientist but
each is divided by number of authors on a paper. None of these three schemes would
allow us to achieve reasonable accuracy in calculating a scientist’s yearly research
output, which is critically important because we are analyzing research output at
individual scientist level. Straight count ignores many non-first-authored papers;
normal count greatly inflates a scientist’s research output; adjusted count does not
utilize information on authorship sequence. Our approach here is similar to the
scheme used by the Shanghai Group in their Academic Ranking of World Universities
(Liu et al., 2005, p. 103) except that the Shanghai Group allocates only 50% to the first
author. In biomedical sciences and other natural sciences, reprint (corresponding)
author is often the senior author who oversees the project as principal investigator.
However, reprint author is not always the last author, and vice versa.
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Table 2
Variables for scientist-year level analysis (fixed-effects model)?.

Variable Description

Remarks

Research output1

Research output2
scientist each year

Research output3

International collaboration

Domestic collaboration
a publication

Within-university collaboration
scientist herself

Administrative
position in a year (1="yes”, 0="“no”")

Promotion

Year dummies

Number of papers published by a scientist each year

Impact factor weighted and authorship adjusted papers published by a

Number of citations to a scientist’s papers of year t in a 2-year window (year
t+1 and year t+2), excluding self-citations and adjusted for authorship

Number of co-authors from outside New Zealand on a publication

Number of co-authors from within New Zealand but outside the University on

Number of co-authors from the University on a publication excluding the focal

A dummy variable indicating whether a scientist took an administrative

A dummy variable indicating whether a scientist was promoted to a higher
academic rank in a year (1="yes”, 0="“no”)

Dependent variable

While an “Article” or “Review” is counted
as one paper, a “Note” is counted as a half
paper.

Source: computed from the ISI Web of
Science

Dependent variable
Source: computed from the ISI Web of
Science

Dependent variable
Source: computed from the ISI Web of
Science

Aggregated to scientist-year level
Source: computed from the ISI Web of
Science and visual inspection of each
publication

Aggregated to scientist-year level
Source: computed from the ISI Web of
Science and visual inspection of each
publication

Aggregated to scientist-year level
Source: computed from the ISI Web of
Science and visual inspection of each
publication

Only department head and school dean are
counted. This variable is time-varying
because most heads and deans didn’t hold
their administrative positions for the
whole period from 1990 to 2003. No
scientist in the sample once took a
university level position during this period.
Source: University Calendar

Source: University Calendar

A full set of year dummies are included in the scientist-year level analysis

2 Fixed-effects models control for unobserved heterogeneity between scientists by including a separate intercept for each scientist. Therefore, no time-invariant variables,
such as Overseas PhD/MD, gender, and department dummies as shown in Table 1, can be included in fixed-effects models. No scientist in our sample changed their department
affiliation during the 14-year period except department name changes (e.g., from Department Microbiology to Department of Microbiology and Immunology) and mergers
of a few small departments to form large departments (e.g., Department of Medical and Surgical Sciences), which are not regarded as changes of department affiliation.

where A; is similarly defined as in Research Output2, and C; is num-
ber of citations received by paper i in a 2-year window, excluding
self-citations.

Different types of paper were not distinguished for Research
Output3 because there should be no material differences between
citations made to an article, a review and a research note. One may
argue that “non-paper” publications also receive citations, though
much less frequently than “paper” publications. In unreported addi-
tional analyses, we found that including those citations did not
introduce any material change to our results. In the following sec-
tion, we will only report the results using “paper-based” Research
Output3.

To better isolate the impact of research collaboration, we
controlled for two time-varying scientist characteristics: “admin-
istrative” and “promotion”. “Administrative” was included because
a scientist holding an administrative position may have less time
for research but may also have a larger social network for possible
research collaboration. “Promotion” was included to capture the
effect of a scientist’s career path. This variable takes the value of
1 when a focal scientist is promoted along the ranks of Lecturer,
Senior Lecturer, Associate Professor, and Professor. For example,
when a focal scientist is a Senior Lecture in year t and Association
Professor in year t+ 1, this variable takes the value of 1 for year t.

Another issue in scientist-year level analyses is related to the
life cycle theory of research productivity (Levin and Stephan, 1991;
Gonzalez-Brambila and Veloso, 2007), which predicts individual

scientists’ research productivity to follow an inverted U curve. But
in fixed-effects models, any variable whose change across time is
constant (like age) cannot be included as regressors together with a
full set of year dummies. We elected to include a full set of year dum-
mies because they can control many factors that vary over time and
affect all scientists in the sample, such as government and univer-
sity policy changes that may cause aggregate fluctuations in their
research output. Since we did not observe the whole life-cycle of
these scientists, year dummies should be a stronger set of con-
trols than scientist age to isolate the relationship between research
collaboration and research output.

4. Results
4.1. Article level analysis

Table 3 presents the analysis at article level using Paper Qual-
ityl as the dependent variable. In Model 1, the OLS regression
includes three collaboration variables, all the control variables, and
a full set of year dummies, but not scientist dummies. It shows
that both international collaboration and within-university col-
laboration are positively (p<0.001) related to a paper’s quality as
measured by impact factor. In Model 2, a full set of scientists dum-
mies are included, but time-invariant dummies, including overseas
PhD/MD, gender, and department dummies have to be dropped
otherwise the regression would be overcome by multicollinearity.
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Article level analysis using Paper Quality1 as the dependent variable®.
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Model 1 (OLS)

Model 2 (OLS)

Model 3 (GEE)

Intercept 1.325*%(0.480)
International collaboration (o) 0.271**%(0.038)
Domestic collaboration (o) 0.048(0.064)
Within-university collaboration (o3) 0.284**%(0.045)
Paper characteristics
Number of references 0.021**%(0.003)
Page count —0.085***(0.018)
Review 0.427(0.368)
Note —-0.543 (0.314)
Scientist characteristics
Administrative —0.266(0.253)
Overseas PhD/MD —0.124(0.146)
Professor 0.059(0.235)
Associate professor 0.435(0.242)
Senior lecturer —0.122(0.206)
Gender (1=male) 0.605(0.330)

Department dummies
Anatomy and structural biology

1.008***(0.280)

Biochemistry 2.449%%(0.216)

Dentistry and oral sciences —0.579%(0.247)

Medical and surgical sciences 0.126(0.235)

Microbiology and immunology 0.213(0.242)

Pharmacy —0.078(0.246)

Physiology 0.567%(0.285)
Year dummies Included

Scientist dummies

Not included

Test for a1 = F=9.47**
Test for a1 =3 F=0.07
Test for oy =3 F=10.41**
R-squared 0.21
Adjusted R-squared 0.19
Wald Chi-square
Number of observations 1860

2.678*%(0.819) 1.868**%(0.488)
0.176**%(0.038) 0.197***%(0.046)
0.080(0.066) 0.068(0.099)
0.226**%(0.046) 0.239%(0.102)
0.019*%(0.003) 0.020**%(0.004)
—0.074**%(0.018) —0.076*%(0.027)
0.297(0.362) 0.310(0.295)
—0.557(0.309) —0.546(0.341)
—0.053(0.311) —0.055(0.257)
-0.161(0.273)
—0.793(0.513) —0.301(0.361)
0.131(0.396) 0.349(0.296)
—0.047(0.278) —0.032(0.229)
0.383(0.361)
0.737*(0.348)
1.912*%(0.603)
—0.881*%(0.290)
—0.005(0.298)
0.031(0.282)
—0.353(0.256)
0.380(0.385)
Included Included
Included Not included
F=1.74 F=1.56
F=0.97 F=0.27
F=3.87* F=339
0.29
0.25
270.43
1860 1860

*p<.001, **p<.01, *p<.05, two-tailed tests.
@ Standard errors are in parentheses.

With this set of dummies to better control for differences between
scientists, international collaboration and within-university collab-
oration are still significantly related to Paper Quality1 (p<0.001)
but with smaller coefficients than in Model 1. In Model 3, the gen-
eralized estimating equations (GEE) method is used to account for
the clustered nature of observations (i.e., observations are clustered
around these scientists). GEE regressions can achieve more reliable
estimates by taking into account the possibility that observations
on a given scientist are more correlated than those between differ-
ent scientists. There are no material changes to the coefficients of
collaboration variables in Model 3.

Table 4 presents the analysis at article level using Paper Qual-
ity2 as the dependent variable. We address the discrete and
non-negative nature of citations by adopting a negative binomial
specification, which is a generalized form of Poisson model. We
followed Cameron and Trivedi (1998) to perform a likelihood ratio
test of over-dispersion and the assumption of equal mean and vari-
ance in the dependent variable was rejected, suggesting preference
for a negative binomial specification. The specifications in Mod-
els 4-6 are similar to those in Models 1-3 in Table 3, and the GEE
method is also used in Model 6 to account for the clustered nature
of observations. Similar results are obtained for Paper Quality2.

Overall, the results in Tables 3 and 4 consistently show that both
international collaboration and within-university collaboration
are positively related to the quality of a paper published by a
scientist regardless of the choice of dependent variable and model
specification, but the coefficient of domestic collaboration is never
significant. In all six regressions, the coefficient size of international
collaboration is smaller than within-university collaboration, but

Wald tests for coefficient equality do not confirm that the differ-
ence is statistically significant. Therefore, Hypotheses 1a and 1b
are both partially supported.

4.2. Scientist-year level panel data analysis

As discussed in Section 2, we want to have an estimate
for the relationship between last year’s collaboration and this
year’s research output within scientists, not between scientists.
Fixed-effects models achieve this purpose by including scientist
fixed-effects to account for unobserved heterogeneity between
scientists. Another reason why fixed-effects models are preferred
here is that fixed-effects models allow for arbitrary correlation
between unobserved heterogeneity and explanatory variables,
which is very likely in our case. For example, a scientist’s person-
ality and proficiency in a foreign language are not observed in our
study, but they may be correlated with her preferences in the form
and intensity of research collaboration. We ran a Hausman test
and found preference for fixed-effects models over random-effects
models in all regressions. We assumed a 1-year lag between our
regressors and dependent variables to avoid too much loss of
degrees of freedom. A longer lag structure is investigated below in
Section 4.3.

We included lagged research output as an additional explana-
tory variable to control for path dependence of a scientist’s research
output over time. A lagged dependent variable also gives another
advantage because it helps control for unobserved factors that vary
across time and within scientists. This is important because we
only have two time-varying control variables (“administrative” and
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Article level analysis using Paper Quality2 as the dependent variable®.

Model 4 (negative binomial)

Model 5 (negative binomial)

Model 6 (GEE)

Intercept —0.464(0.270)
International collaboration (c¢7) 0.150**%(0.021)
Domestic collaboration (o) 0.016(0.035)
Within-university collaboration (o) 0.190***(0.023)
Paper characteristics
Number of references 0.016**%(0.002)
Page count —0.032**(0.010)
Review —0.237(0.188)
Note —0.228(0.169)
Scientist characteristics
Administrative —0.215(0.135)
Overseas PhD/MD 0.098(0.076)
Professor —0.154(0.127)
Associate professor —0.236(0.132)
Senior lecturer —0.299*%(0.110)
Gender (1=male) 0.425%(0.178)
Department dummies
Anatomy and structural biology 0.500%*%(0.146)
Biochemistry 0.815**%(0.113)
Dentistry and oral sciences —0.244(0.137)
Medical and surgical sciences 0.257%(0.129)
Microbiology and immunology 0.150(0.131)
Pharmacy —0.296%(0.134)
Physiology —0.150(0.155)
Year dummies Included

Scientist dummies

Not included

Test for a1 = F=11.34***
Test for o1 =3 F=213
Test for oy =3 F=19.12***
Log likelihood —3952.59
Wald Chi-square
Number of observations 1860

—0.450(0.450) —0.104(0.359)
0.109***(0.020) 0.121**%(0.027)
0.023(0.037) 0.030(0.051)
0.125**%(0.024) 0.177***(0.056)
0.013**%(0.002) 0.014**%(0.001)
—0.014(0.011) —0.028%(0.012)
—0.202(0.183) —0.190(0.193)
—0.281(0.160) —0.319(0.210)
—0.023(0.162) —0.144(0.156)
0.049(0.190)
0.017(0.270) —0.158(0.216)
0.062(0.211) —-0.107(0.171)
0.002(0.152) —0.184(0.156)
0.276(0.296)
0.337(0.368)
0.673%%(0.244)
—0.337(0.265)
0.165(0.297)
0.100(0.303)
—0.329(0.191)
—0.223(0.253)
Included Included
Included Not included
F=4.71* F=2.36
F=0.37 F=131
F=6.54* F=8.79**
—3837.90
684.65
1860 1860

#*p<.001, **p<.01, *p <.05, two-tailed tests.
2 Standard errors are in parentheses.

“promotion”),® but scientist fixed-effects only control for stable
scientist characteristics such as gender, personality, “imprint effect”
of her PhD or MD training, and year dummies only control for exoge-
nous factors that influence all scientists. Finally, squared lagged
research output was also included to control for non-linearity
between past performance and current performance. We often see
that after a surge of research output in year t— 1, a scientist may
decide to “take a break” in year t.

The results of fixed-effects regressions are presented in Table 5.
In Model 7 where quantity of research output is the dependent
variable, only within-university collaboration is positively related
to next year’s research output. In Model 8 where Research Out-
put2, the impact factor weighted and authorship adjusted research
output, is used as the dependent variable, the positive relationship
between international collaboration and next year’s research out-
put is highly significant (p <0.001). When Research Output3, the
citation weighted and authorship adjusted research output is used
as the dependent variable in Model 9, similar results are found
except a much stronger non-linear relationship between past per-

9 If there are any other scientist-specific time-varying factors which significantly
affect both research collaboration and research output, our results may suffer from
omitted variable bias. For example, sometime during the 14-year period of this
study, a scientist shifted her aspiration level which made her both more dedicated
to research and more enthusiastic about collaboration. Still, another possibility is
that she redirected her research to a sub-field that has more potential for high
quality output and more opportunity for collaboration. If these are the case, our
results will overstate the impact of research collaboration on research output. A
lagged dependent can help reduce such bias but will not completely rule out alter-
native explanations for the observed relationship between research collaboration
and research output.

formance and current performance. Hypothesis 2a is supported in
both Model 8 and Model 9, where Wald tests for coefficient equality
suggest that international collaboration is more positively related
to future research output than is domestic or within-university col-
laboration.

4.3. Causality analysis

As shown in Table 5, among the three collaboration variables,
only international collaboration is significantly related to a scien-
tist’s future research output that is not purely measured by quantity,
so we only try to detect the possible reverse causality between
international collaboration and research output. Using Research
Output?2 or Research Output3 does not materially change the results
of causality analyses, and thus we will only report the results based
on Research Output3.

In Table 6, we compare the regression with international col-
laboration as the dependent variable (Model 11) and the regression
with research output as the dependent variable (Model 10), with
all explanatory variables lagged by just 1 year. Note that fixed-
effects negative binomial regression is used in Model 11 because
international collaboration is a count variable. We find that interna-
tional collaboration has a strong impact on future research output
in Model 10 but that research output does not have any significant
impact on future international collaboration in Model 11.

In Table 7, a similar comparison is performed with a 3-year win-
dow, i.e., all explanatory variables are the sum of corresponding
values in previous 3 years (from year t—3 to year t—1) except
lagged dependent variables. Similar results are obtained: while
international collaboration in previous 3 years has a strong impact
on current research output in Model 12, research output in previous
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Model 7 Research output1

Model 8 Research output2

Model 9 Research output3

Research output; 4

Research output;_; squared
International collaboration;_; (1)
Domestic collaboration;_1 (f2)
Within-university collaboration;_; (83)
Administrative; ;

Promotion;_;

Year dummies

Test for 1 =2

Test for 1 =03

Test for B, =3
R-squared within
R-squared between
Number of observations

—0.140(0.092)
0.002(0.007)
0.013(0.021)
0.025(0.038)
0.079**%(0.021)
—0.338(0.365)
0.369(0.247)
Included

F=0.08
F=5.99*
F=1.58
0.05
0.33
785

0.130%(0.066)
—0.003*(0.001)
0.193**%(0.048)
—0.094(0.089)
0.033(0.037)
—-0.762(0.892)
1.538%(0.601)
Included

F=7.51"*
F=6.43*
F=157
0.06
0.57

785

0.341**%(0.063)
—0.002***(0.0004)
0.524**%(0.107)
—0.375(0.198)
—0.009(0.074)
—0.897(1.984)
2.635%(1.334)
Included

F=14.96"**
F=14.93"*
F=2.65
0.11

0.70

785

#*p<.001, **p<.01, *p <.05, two-tailed tests.
2 Standard errors are in parentheses.

Table 6
Causality analysis 2.

Model 10 (fixed-effects) dependent
variable: research output3

Model 11  (fixed-effects negative binomial)
dependent variable: international collaboration

Research output;_;

Research output;_; squared
International collaboration;_;
International collaboration;_; squared
Domestic collaboration,_q
Within-university collaboration,_q
Administrative; ;

Promotion;_q

Year dummies

R-squared within
R-squared between

Log likelihood

Number of observations

0.341***(0.063)
~0.002**%(0.0004)
0.524**%(0.107)

—0.375(0.198)
—0.009(0.074)
—0.897(1.984)
2.635%(1.334)
Included

0.11
0.70

785

0.001(0.003)

0.083**%(0.026)
—-0.002%(0.001)
0.029(0.023)
0.026**%(0.008)
0.358(0.243)
0.331%(0.171)
Included

—1000.84
762 ¢

*p<.001, **p<.01, *p<.05, two-tailed tests.
@ Standard errors are in parentheses.

b The fixed-effects negative binomial regression can include time-invariant variables because “fixed effects” in a negative binomial specification apply to the distribution
of the dispersion parameter, not to explanatory variables. In unreported analyses, the main results in Model 11 do not change materially when time-invariant variables
(department dummies, gender, Overseas PhD/MD) are included.

¢ Compared with Models 10, 23 observations are lost due to all zero outcomes of 2 scientists. That is, these 2 scientists have a zero count of international collaboration for

each year during the period under investigation.

Table 7
Causality analysis II2.

Model 12 (fixed-effects) dependent
variable: research output3

Model 13" (fixed-effects negative binomial)
dependent variable: international collaboration

Research output3; ;

Research output3;_; squared
International collaboration;_;
International collaboration;_; squared
Research output3 (.3 1)
International collaboration;_3, ;1)
Domestic collaboration_3, 1)
Within-university collaboration(_s ;1)
Administrative;_s, 1)

Promotiong._3 1)

Year dummies

R-squared within
R-squared between

Log likelihood

Number of observations

0.432*°(0.077)
—0.002"%(0.0004)

0.195*%(0.072)
—0.271(0.142)
—0.014(0.046)
—0.563(1.019)
0.043(1.091)
Included

0.09
0.72

655°¢

0.048(0.029)
~0.001(0.001)
0.002(0.002)

0.020(0.015)
0.014*%(0.004)
0.118(0.106)
0.037(0.139)
Included

—816.34
6364

#*p<.001, **p <.01, *p <.05, two-tailed tests.
2 Standard errors are in parentheses.

b The fixed-effects negative binomial regression can include time-invariant variables because “fixed effects” in a negative binomial specification apply to the distribution
of the dispersion parameter, not to explanatory variables. In unreported analyses, the main results in Model 13 do not change materially when time-invariant variables
(department dummies, gender, Overseas PhD/MD) are included.

¢ Compared with Models 10 in Table 6, 130 observations are lost due to further lagged independent variables.

d Compared with Model 12, 19 observations are lost due to all zero outcomes of 2 scientists. That is, these 2 scientists have a zero count of international collaboration for

each year during the period under investigation.
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3 years does not have any significant impact on current interna-
tional collaboration in Model 13. The results in Tables 6 and 7
indicate that the causal direction should be from (international)
collaboration to research output.

We also ran the Granger test to obtain a formal answer to
the causality question (Granger, 1969). Generally, in a regression
of Y on other variables and its own lagged values, if we include
lagged values of X and X significantly improves the predication
of Y, then we say that X causes Y. We performed the Granger
causality test in two steps. In the first step, based on the specifica-
tion in Model 10 in Table 6, we added another two lagged values
of research output, research output;_, and research output;_s,
and found that international collaboration;_; still causes research
output (F=25.41, p<0.001). In the second step, based on the speci-
fication in Model 11 in Table 6, we added another two lagged values
of international collaboration, international collaboration;_, and
international collaboration;_3, and found that research output;_4
does not cause international collaboration (F=0.27, p=0.603).
Taken together, Hypothesis 3a is supported and we are reasonably
assured thatinternational collaboration causes research output, not
the other way around.1?

5. Conclusion

There has been a growing awareness of the importance of
research collaboration in the science community and among policy
makers. The benefits of research collaboration to individual col-
laborating scientists are commonly believed to outweigh its costs.
While the literature has proposed various theoretically satisfying
explanations for a positive relationship between research collabo-
ration and research output, this hypothesis has not been rigorously
tested due to three methodological barriers: (a) loss of informa-
tion on local collaboration in hierarchical coding, (b) confounding
effects of common latent variables such as a scientist’s ability, and
(c) the lack of longitudinal analysis. In this paper, we have tried to
bridge these three gaps in the literature by examining the influence
of international collaboration, domestic collaboration and within-
university collaboration on research output at both article level
and scientist-year level. By meticulously hand checking each pub-
lication, we have overcome problem (a). By including a full set of
scientist dummies or using the GEE method, we believe we have
sufficiently addressed problem (b). By constructing a longitudinal
dataset of 65 biomedical scientists over a period of 14 years and per-
forming fixed-effects panel data analyses and causality analyses, we
have addressed concern (c).

Our analyses generate the following two headline results. First,
both international collaboration and within-university collabo-
ration are significantly related to the quality of an individual
paper, even after including a full set of scientist dummies or con-
trolling for the clustered nature of observations. In contrast to
commonly held assumption, our results do not show that interna-
tional collaboration is more strongly related to paper’s quality than
is within-university collaboration. We therefore suspect that the
importance and contribution of local collaboration may be severely
understated in existing studies.

Second, our longitudinal data analyses have shown that while
within-university collaboration is related to future quantity of

10 It is, however, impossible to completely rule out the possibility of reverse causal-
ity that international collaboration is a consequence of research output. Granger
causality tests have a strict statistical meaning of observational precedence, which
may not be the same thing as theoretical causality. An interesting spurious Granger
causality used by Ron Smith (Birkbeck College, University of London) is that weather
forecasts can be shown to Granger cause the weather (cited from Athreye and
Cantwell, 2007, p. 216).

research output, only international collaboration is related to “real”
research output of a scientist that takes quality and authorship into
account. Our causality analyses also show that research collabo-
ration causes research output more than research output causes
research collaboration. Although our results must be interpreted
with caution because we only had a small sample of 65 scientists,
these results in general lend support to government and univer-
sity initiatives that promote international research collaboration
with the hope to improve future research output. We understand
that impact factor and citation counts cannot measure quality per-
fectly and our allocation of credit to different authorship positions
is somewhat arbitrary. However, one would not deny that this is
better than not controlling for quality and authorship at all.

Combining the article level analyses and the scientist-year level
analyses, we may conclude that probably all the three perspec-
tives of scientific collaboration discussed in Section 2 are driving
the relationship between research collaboration and research out-
put. While the results of the article level analyses can be explained
by the knowledge recombination perspective, however, we could
not empirically distinguish between the learning explanation and
social networking explanation because they are both consistent
with the results that international collaboration is positively related
to future research output in the scientist-year level analyses. We
were unable to address this issue with the data available to us.
Moreover, although our results support the widely held belief that
research collaboration normally brings greater benefits than costs,
our empirical design did not allow us to directly compare benefits
and costs of research collaboration. We bring up these issues as a
suggestion for future research that may follow from our study.

A peripheral finding of our study is that the influence of domes-
tic collaboration is significant in none of the regressions, neither
in the article level analyses nor in the scientist-year level analyses.
We must interpret this result with caution and within the context
of New Zealand. Most of these domestic collaborative relationships
involve a government research institute and sometimes a private
company in New Zealand. In New Zealand, government research
institutes are the major channel of knowledge transfer of public
research to private sectors. Unfortunately, it is very difficult to esti-
mate such spillover benefits from these university researchers to
government research institutes and private sectors. The conclu-
sion should not be drawn, and it is NOT drawn here, that domestic
collaboration does not generate benefits.

Finally, we do not believe that our results should be used to
favour international collaborations over those within a scientist’s
own university. The latter have been shown here to be as powerful
in lifting the quality of an individual paper. Also, our investigation
of the causal structure between collaboration and research output
reported in Models 11 and 13 indicates that those who learn col-
laboration at home are also more active in forging international
collaborations. As Griffith and Miller (1970) pointed out nearly 4
decades ago, “individual scientists may be reluctant at one extreme,
to travel seventy-five feet to utilize another person’s store of knowl-
edge but, at the other extreme, would willingly travel hundreds
or thousands of miles to communicate with other persons” (cited
from Katz, 1994, p. 41). Our own experience and stories from our
colleagues in other universities tell us this is still the case today. Is
it time to correct the under-appreciation of local collaboration?
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