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This paper contributes to the ongoing debate on the impact of academic patenting on publishing and
knowledge transfer. Drawing upon two separate surveys of academics, and their CV information, we
provide empirical evidence for UK academics in engineering and physical sciences. The contribution of
rowding-out/in effect
cademic patenting
omplementarities among knowledge
ransfer activities

this paper is two-fold. First, our findings show that (the intensity of) academic patenting complements
publishing up to a certain level of patenting output, after which we find evidence of a substitution effect.
We also find weak evidence of important differences across scientific fields with the more basic-oriented
fields showing indications of a crowding-out effect. Second, our analysis of the potential impact of patent-
ing on knowledge transfer shows a positive correlation between the stock of patents and engagement in

nels.
twee

Although we know a fair amount about the complementary rela-
tionship between patenting and publishing for the group of top
knowledge transfer chan
U-shaped relationship be

. Introduction

A large body of literature has developed in the last few years
n the evaluation of the relationship between increased patent-
ng by university researchers and their publication output. The
vidence so far is contradictory. Some studies highlight the neg-
tive effect of patenting on the research output of scientists; others
rovide evidence of complementarity effects between the two
ctivities. Statistical evidence, based mostly on the US (Agrawal and
enderson, 2002; Thursby et al., 2001), but also the EU (Breschi et
l., 2007; Geuna and Nesta, 2006), indicates that, at least for top aca-
emics, there is no evidence of a substitution effect between these
ctivities.1 Top researchers both publish and patent, and a high
atent output does not seem to negatively affect their publication
utput.

Starting from this evidence, we attempt to address two gaps in
he literature. One is the lack of systematic evidence for the UK with
espect to the relationship between publishing and patenting. On

he basis of a sample of researchers from two major London uni-
ersities, Banal-Estanol et al. (2010) present evidence of a positive
elationship between publishing and industry contracts (although
ery high levels of interaction negatively affect research productiv-

∗ Corresponding author. Tel.: +39 0116703891; fax: +39 0116703895.
E-mail address: aldo.geuna@unito.it (A. Geuna).

1 See the EINT Special Issue edited by Geuna and Mowery (2007) for an assessment
f the situation in Europe and the US.

048-7333/$ – see front matter © 2010 Elsevier B.V. All rights reserved.
oi:10.1016/j.respol.2010.09.010
However, we find that a substitution effect sets in, indicating an inverted
n patenting and several knowledge transfer channels.

© 2010 Elsevier B.V. All rights reserved.

ity), but find only weak evidence of a correlation between patenting
and publishing. The second gap is the lack of analysis on the effect
of increased patenting activity on the other channels of knowl-
edge transfer between university and industry. The main issues
addressed in this paper are the effect of past patenting on: (a)
the publication outputs of academic researchers and (b) on aca-
demics’ activities associated with knowledge transfer to industry
and commercialization of research.

We gathered primary data from a large sample of UK academic
researchers and built a longitudinal database for a sub-sample of
researchers on the basis of their CVs. Given the major importance
in Europe of university-invented patents2 (Crespi et al., 2006), we
paid particular attention to their identification and inclusion in the
total patenting count for our sample of academic researchers.3 We
find that about 20% of researchers have some form of patenting
experience.
scientists, we know much less about the rest of the population:
those researchers who are research active, but are not among the

2 These are patents with at least one academic inventor (some research was con-
ducted at the university), but whose assignees are not the university (usually a
company).

3 In other words, our sample includes academic inventors whose patents are
owned by a university, and academic inventors whose patents are owned by a third
party, and also non-patenting researchers.

dx.doi.org/10.1016/j.respol.2010.09.010
http://www.sciencedirect.com/science/journal/00487333
http://www.elsevier.com/locate/respol
mailto:aldo.geuna@unito.it
dx.doi.org/10.1016/j.respol.2010.09.010
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op percentile in terms of productivity. The results of the present
tudy show that academic patenting complements publishing at
east up to a certain level of patenting output, after which there is
ome evidence of a substitution effect. We also find weak evidence
f a scientific field effect, with the most basic sciences (Physics
nd Chemistry) showing evidence of a crowding-out effect (i.e.
igher levels of patenting associated with lower levels of publish-

ng), and Computer Science and Engineering showing evidence of a
rowding-in effect (the higher the number of patents, the higher the
umber of publications). We know that academic output is strongly
ffected by the current and historical availability of funding: sci-
ntific (and technological) performance depends upon cumulative
nd self-reinforcing phenomena, described in the literature as the
atthew effect (Merton, 1968; Dasgupta and David, 1987, 1994).

hough our models try to estimate the direction of causality, we
re not able properly to evaluate the impact of funding on pub-
ishing and patenting. Thus it would be more accurate to refer to
o-occurrence rather than complementarity between publications
nd patents. Also, our analysis of the impact of patenting on knowl-
dge exchange channels with industry indicates that the impact of
atenting takes a positive but inverted U-shape. In other words,
he correlation between stock of academic patents and knowledge-
ransfer channels is positive up to a maximum number of patents,
fter which a substitution effect sets in.

The paper is organized as follows: Section 2 reviews the litera-
ure and sets out the main topics addressed in this study; Section 3
escribes the data; Sections 4 and 5 present the results; and Section
concludes.

. Emerging evidence on academic patenting and
nowledge diffusion

In response to technological opportunities, policy initiatives
nd organizational changes, researchers (and universities) have
ecome much more proactive in their efforts to commercialize sci-
ntific discoveries. In both the US and Europe, there has been a
ajor increase in academic patenting since the 1980s, and UK uni-

ersities have increased their technology transfer activity, reflected
y the increased number of university Technology Transfer Offices
TTOs) set up during the 1990s: from 23 TTOs before 1990 to 116
n 2002 (NUBS, 2003). This institutional development has been
ccompanied by a significant increase in patenting activity: for
xample, in the period 2000–2004 invention disclosure increased
rom 2159 to 3029 (HEFCE, 2006). Alongside the well-documented
ncrease in university-owned patents, there is robust evidence of

major increase (especially in Europe) in the number of individ-
al academic scientists listed as inventors in the patents owned
y third parties (Geuna and Nesta, 2006; Lissoni et al., 2008). It is
ebateable, however, whether the increase in academic patenting

n the last quarter of the 20th century, has been beneficial for or
etrimental to academic scientific performance, and to the alter-
ative mechanisms for knowledge transfer and commercialization
f the results of academic research.

.1. Relationship between academic patenting and publishing

The increased involvement of academic researchers in patent-
ng activity is raising concerns among scholars and policymakers
bout how this activity will impinge on the development of future
cientific knowledge. The impact and reward systems for research

n the academic and private sectors are fundamentally different in
erms of: (1) the relationship between disclosure vs secrecy; and (2)
he complementarities or substitution effects between public and
rivate research expenditure (Dasgupta and David, 1987, 1994).
ractices and norms in the private and public realms are differ-
licy 40 (2011) 55–68

ent and can result in conflicts (Dasgupta and David, 1994; Stern,
1995; Nelson, 2004). These concerns echo earlier unease among
scholars about the implication of academics’ commercial involve-
ment on the Mertonian norms and values guiding academic science
(Merton, 1968; Mitroff, 1974; Mulkay, 1976).

The intention here is not to review this debate. Rather we want
to highlight how a substitution effect can emerge, by discussing
briefly two main concerns in the literature. First, critics of increased
patenting fear that the involvement of academic researchers in this
activity might lead to systematic changes in their research agen-
das, and a re-orientation towards research that is more likely to
generate patentable results and more relevant to industry funders.
Changes in research agendas are often related to a shift towards
more applied research, referred to as the ‘skewing’ problem (Florida
and Cohen, 1999). Second, concerns have been raised about the neg-
ative impact of academic patenting on the norm of swift publication
of research results (to obtain priority) and the opportunity for
open discussion among colleagues. Within the academic commu-
nity, researchers disseminate information freely via publications
in order to gain priority and promote continuous investigation to
stimulate further advances. Patenting, however, requires novelty
and thus secrecy prior to patent filing dates. These different incen-
tives create challenges with regard to both the dissemination of
information and access to research results (Hane, 1999). For exam-
ple, some publications may be delayed or suppressed because of
requests from firms to keep information (temporarily) confidential,
at least until a patent is granted.

Finally, the sociology literature highlights that scientific
fields are characterized by differences in the ease of the
university–industry interactions. In particular, it has been argued
that in the Transfer (Blume, 1990) or Pasteur’s Quadrant Sciences
(Stokes, 1997), such as biotechnology or informatics, codification of
new knowledge can be achieved through publications or patents,
at relatively lower costs for translation from one to the other, com-
pared to other scientific fields, and that both types of outputs are
accepted by the two epistemic communities. Following this argu-
ment, we would expect complementarity between patenting and
publishing, to be more difficult in the more basic oriented scientific
fields, than in the Transfer Sciences.

A large number of studies has focused on analysing the relation-
ships between academic patenting and publishing. The empirical
evidence is mixed. Assessments of academic scientists find that
patenting skews research agendas toward commercial priorities,
causes delays in the publication of research findings, and crowds
out efforts dedicated to the production of public research (see,
among others, Blumenthal et al., 1996; Campbell et al., 2002;
Krimsky, 2003). Murray and Stern (2007) provide some evidence
of a small ‘anti-commons’ effect of publication–patent pairs. Evi-
dence against the linear complementarity between patenting and
publishing is provided in Fabrizio and Di Minin (2008), where
the findings indicate that for very high levels of patenting activ-
ity a crowding-out effect sets in. Also, Breschi et al. (2008) find a
weak negative effect at very high levels of patenting among Italian
scientists. Finally, Calderini et al. (2009), find evidence of a com-
plementary effect among scientists in Material Engineering, but a
strongly negative (substitution effect) for Material Chemistry when
only publications in basic science are considered. All these studies
suggest the presence of tradeoffs between patenting and research
publication.

However, there is another group of empirical studies that pro-
vides strong evidence that star scientists also actively engage in

patenting. Agrawal and Henderson (2002) study patenting activity
for a 15-year panel of 236 scientists in two departments in the Mas-
sachusetts Institute of Technology (MIT). They find that increased
patenting activity is correlated with increased citations to faculty
members. Azoulay et al. (2007) show that patenting has a positive
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researchers in order to build a comprehensive dataset. We drew
on a 2004 survey of academic researchers who had received grants
from the UK Engineering and Physical Sciences Research Council
(EPSRC)5 in the period 1999–2003. The survey6 was sent to 4337

4 The ‘Gatorade factor’ refers to the high royalties received by the University of
Florida for licensing its Gatorade drink formula which supposedly led other colleges
and universities to increase their royalties on IPR developed by faculty members.

5 The EPSRC is the UK’s largest research council and its funding is focused on
the Engineering and Physical Sciences. Research proposals submitted to the EPSRC
G. Crespi et al. / Resea

ffect on publication rates for a sample of university researchers
orking in areas related to biotechnology. Markiewicz and Di Minin

2004) report a statistically significant positive effect of researchers’
atent stocks on their publication counts, based on a sample of 166
cademic inventors matched to an equal number of non-patenting
cientists. Similarly, Thursby and Thursby (2004) provide informa-
ion on the invention disclosure behaviour among faculty members
rom six research universities, between 1983 and 1999. They find
isclosure to be positively related to publication, and a measure of
epartment quality. Finally, the empirical work of Stephan et al.
2007), examining the relationship between patenting and pub-
ishing for a sample of doctoral graduates, finds patenting and
ublishing to be complementary. Breschi et al. (2007), Carayol
2007) and Gulbrandsen and Smeby (2005) obtain similar results
or European academic patenting. Overall, these studies show that
cademic researchers that are involved in patenting are also very
ctive in publishing. Some papers present strong evidence of co-
ccurrence (complementarity) between these research outputs;
thers find no evidence of a substitution effect. Evidence for both
he US and Europe indicates that high quality university scien-
ists are also active in patenting; patenting can be preceded by
igher than normal scientific productivity or followed by a flurry of
ublications (such as in the Italian case). These studies also show
vidence of life-cycle effects.

This brief literature review indicates that findings are mixed
ith regards to the relationship between patenting and publish-

ng among academics. While there is some statistical evidence of a
omplementarity effect (co-occurrence) between publishing and
atenting, there is also qualitative and quantitative evidence of
rowding out, highlighting the presence of non-linear relationships
etween patenting and publishing.

.2. Relationship between academic patenting and knowledge
ransfer

Channels for university knowledge transfer include: attendance
t meetings and conferences, student placements, research col-
aborations, contract research, consultancy work, spin offs and/or
oint university–industry supervision of PhDs (Cohen et al., 2002;
’Este and Patel, 2007; Bekkers and Bodas Freitas, 2008). Little is
nown about whether these channels are complementary to or in
onflict with academic patenting. A better understanding of this
ssue is important because many policy initiatives that encourage
atenting of publicly funded research (e.g. the Bayh–Dole Act) are
ased upon the rationale that these policies encourage knowledge
xchange between universities and business (Kenney and Patton,
009). However, if patenting is not positively associated with
ther interaction channels, then policies encouraging universities
o patent and license might be misaligned with the diverse nature
f the exchanges between universities and industry (Agrawal and
enderson, 2002).

Evidence of a complementary or a substitution effect between
atenting and other channels of knowledge transfer with indus-
ry, as in the case of the patenting-publishing relationship, is

ixed. On the one hand, there are some studies that suggest that
ost forms of university–business interaction involve elements of

esearch collaboration (Perkmann and Walsh, 2008) and, in particu-
ar, that academic patenting is often associated with other channels
f knowledge transfer. For instance, some studies show that the
nvolvement of academic inventors is often required to bring a
atented technology to market, given the embryonic nature of most

atented inventions, thus inducing a tight coupling between patent
greements and collaborative partnerships (Jensen and Thursby,
001; Agrawal, 2006). Also, several studies find that academics with

ong experience of collaboration with industry are more likely to
xploit a broader range of knowledge-transfer channels (D’Este and
licy 40 (2011) 55–68 57

Patel, 2007; Landry et al., 2007), and more likely to be involved
in patent applications (Amara et al., 2009). This co-occurrence is
likely to be a consequence of the fact that collaborative partner-
ships with businesses contribute to creating awareness about the
commercial exploitation of academic research and promoting a
better understanding of the marketplace, thereby increasing the
chances of academics engaging in patenting and commercialization
activities (Shane, 2000; Siegel et al., 2003).

On the other hand, evidence supporting the presence of com-
plementarities has been challenged by anecdotal evidence – from
both Europe and the US – of tensions between companies and
managers of university technology transfer offices. Commenting
on the decline in the US of industry funding for academic research
between 2002 and 2004, Bhattacharjee (2006), on the basis of
interview material, suggests that conflicts may be related to aca-
demic institutions becoming increasingly aggressive in claiming
and protecting intellectual property rights (IPR) on inventions aris-
ing out of industry-funded projects with the consequence that
negotiations are more difficult and time consuming. Destler (2008)
argues that the so called ‘Gatorade factor’ may induce universities
to demand such high IPR and royalty payments from corpora-
tions that negotiations over potential collaborations break down
before any cooperative activity is undertaken.4 Even in those cases
where projects do get off the ground, excessive levels of bargaining
may become an obstacle to their completion. Gewin (2005) argues
that disputes can lead industry to withdraw from collaborating
with university, especially if a project is likely to result in sev-
eral patents and the university overvalues its IPR. Alongside these
anecdotal accounts, there is some statistical evidence of possible
consequences from ongoing tensions. Valentin and Jensen (2007)
provide evidence that since a new Bayh–Dole-inspired reform of
university patent rights was introduced in Denmark, biotech firms
have largely withdrawn from collaborations with university sci-
entists. They suggest that the main reason for this is that ex-ante
negotiation over IPR imposed by the new regulation is not com-
mensurate with the conditions of exploratory, early-stage research
characteristic of much biotechnology work involving universities
and business, which supports the view that changes in univer-
sity patenting regulations may have had a detrimental impact on
exploratory research collaborations.

The studies referred to above show that while the phenomenon
of academic patenting is well documented, its implications for both
academic performance and the alternative mechanisms of knowl-
edge transfer are uncertain. Our empirical study attempts to shed
light on the UK case, where evidence is scarce.

3. Data sources and descriptive statistics

To investigate the issues discussed above, we collected infor-
mation on the patenting activity of a sample of UK academic
are peer reviewed for scientific merit. While the EPSRC encourages partnerships
between researchers and the potential users and beneficiaries of research (including
firms), collaboration with third parties is not an eligibility requirement.

6 The main objective of the survey was to collect information from academic
researchers on patterns of knowledge-transfer activities, including information
on involvement of academics on a range of possible interactions with businesses
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Table 1
Total response rate.

Discipline Population
mailed

Positive
reply

Response
rate

Chemistry 212 61 28.77%
Computer Science 133 25 18.80%
Mechanical, Aero & Manufacturing 145 16 11.03%
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Engineering
Physics 176 69 39.20%
Total sample 666 171 25.68%

K academic researchers in 10 scientific disciplines correspond-
ng to the Physical Sciences and Engineering, and obtained 1528
esponses.

We supplemented these data first, by collecting information
rom the CVs of a sub-sample of the survey respondents in order
o construct a longitudinal PATPUB dataset covering the entire aca-
emic lives of these researchers. We used the PATPUB longitudinal
atabase to study the relationships between patenting and publish-

ng (see Section 4). Second, we collected information on patenting
nvolvement for the full set of respondents to the original survey,
o study co-occurrence between patenting and other channels of
nowledge transfer (see Section 5). The data gathering process is
escribed below.

.1. The PATPUB longitudinal dataset on academic publishing and
atenting

The data gathering process involved several steps. We started
y collecting researchers’ CVs and verifying and complementing
he information with online sources. We selected all those survey
espondents in the four disciplinary fields of Chemistry, Physics,
omputer Science, and Mechanical, Aeronautical and Manufac-
uring Engineering for whom we had valid e-mail addresses; we
ontacted them via e-mail to ask for their cooperation in our
tudy.7 Of the 666 researchers contacted, we obtained 171 posi-
ive responses, a response rate of around 26%.8 The nature of their
esponses varied from sending a web address (where information
ould be extracted), to attaching a CV, to providing a written outline
f patenting and publication activity. The distribution of response
ates across the four disciplines is presented in Table 1.

The second step was to create reliable information on the publi-
ation and patenting records of the academic researchers. While, in
rinciple, CVs contain information on publications, they are often
ot up to date and not all references include information about
he type of publication or journal in which work was published. To
ross check publications in refereed journals, we used data from
he ISI Web of Knowledge as a comparison.9 Information in CVs

n patenting was in the form of patent application numbers. Addi-
ional information such as year of filing, type of patent (i.e. whether
he researcher is listed as an inventor on an industry owned patent,
r whether the patent is university owned), and status (applied,

including joint research agreements, contract research, consultancy, joint PhD
raining) and commercialization activities (i.e. setting up equity interests in compa-
ies, including formation of spin-offs). Further details on the survey are available in
’Este et al. (2005) and D’Este and Patel (2007). For details on the sampling frame
nd the response rates across disciplines see Table A1 in the Appendix A.
7 For some respondents to the original survey we did not have correct or updated

-mail addresses. For about 20% of the respondents in the four fields selected we
ad no e-mail address.
8 To ensure that star scientists were included in our sample, we collected informa-

ion on UK Fellows of the American Physical Society (APS). We found 19 UK physicist
embers, 4 of whom responded to our request by the deadline.
9 In order to minimize the probability of including incorrect information when

xtracting records from the ISI Web of Knowledge database, we implemented a
ystematic cleaning up algorithm (see Methodology Appendix).
licy 40 (2011) 55–68

granted, withdrawn, rejected) was extracted from the UK Intel-
lectual Property Office, the European Patent Office (EPO) and the
US Patent and Trademark Office (USPTO) databases. We found
that 38% of academic inventors are associated only to university-
invented patents, while 31% only to university-owned patents, the
remaining 31% were associated with both university-invented and
university-owned patents. Consistent with previous data on Euro-
pean university patents (Geuna and Nesta, 2006; Lissoni et al.,
2008) only 25% of the patents are owned by a university because
prolific inventors tend to be associated with many more university-
invented than university-owned patents.

The final dataset is a panel that follows all academic researchers
(inventors or not) from 1975 to 2005. The start date for the inclu-
sion of an academic researcher in the panel is the year of PhD
award: 1956 is the earliest year among our sample of researchers.
For the 29 researchers who received their PhDs before 1975 we
collected publication and citation data only from 1975 for reasons
of data robustness related to the characteristics of the ISI data.
After cleaning the data to control for incomplete and/or incon-
sistent observations, our dataset contained 3649 inventor-year
observations. This corresponds to a total sample of 157 academic
researchers, 36 inventors (they filed at least one patent between
1975 and 2004) and 121 academic researchers with no patenting
activity in that period. The basic descriptive statistics are presented
in Table 2.

The average number of publications per year is 2.9. While in the
early 1980s less than 0.5% of researchers in our sample were named
as inventors on a patent, in the early 2000s, 2% of researchers were
listed as inventors on at least one patent.10 Across the whole period
considered, 23% of active academics had applied for patents one
or more times.11 Our average researcher is 46 years old and was
awarded a PhD degree in the mid 1980s; 4% of the researchers in
the sample are Members of the Royal Society; 38% have univer-
sity chairs and the remaining 62% are research fellows/lecturers,
or senior research fellows/senior lecturers/readers. Finally, 75% of
the researchers in our sample are active in the field of Chemistry or
Physics.

3.2. The cross sectional dataset on academic patenting and other
channels of knowledge transfer

To construct a cross-sectional dataset on channels of knowledge
transfer, we matched the names of survey respondents (i.e. 1528
individuals) to the information on inventors contained in patents
granted by the EPO. Information on patents was collected from
the CESPRI-EPO patent database, which contains information on
all patents applied for and granted by the EPO since 1978. We were
particularly interested in understanding whether the academics in
our sample frame were inventors (i.e. inventors named on at least
1 EPO patent granted since 1978) and, if so, how many patents they
had been involved in between 1978 and 2001. Matching of EPSRC
grant recipients and the CESPRI–EPO database was on the basis of

surname and initial(s).

To avoid problems related to inventors with the same surnames
and initials, we matched the first two digits of the post code of
the academic affiliationed to the first two digits of the post code

10 This trend could be over-estimated because we are not capturing potential
inventors, who might have been developing patents in the 1980s and have since
retired, and so are not included in the final dataset of researchers active in 2001.

11 There could be two reasons for this high value. First, we consider both national
(UK) and international (EPO and US) patents while other studies focus on one or
other patent office. Second our starting EPSRC sample includes successful fund-
raisers in fields of research where collaboration with companies is more likely (i.e.
engineering and physical sciences), which will increase the probability of being
involved in patenting compared to academics in other disciplines.
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Table 2
Descriptive statistics. PATPUB dataset.

Variable Definition Obs Mean Std. Dev. Min Max

Pubit Publications Counts (annual) 157 2.90 2.82 0.07 20.40
Pi Patent dummy 157 0.23 0.42 0.00 1.00
Genderi Dummy if female 157 0.10 0.29 0.00 1.00
Agei Age 157 46 10.54 28.00 74.00
PhDi Year of PhD award 157 1987 11.00 1956 2003
Profi If professor at time of survey 157 0.38 0.49 0.00 1.00
Stari Dummy if member of a Royal Society 157 0.04 0.21 0.00 1.00
Times Citedit Average citations/paper/year 157 2.49 0.84 0.00 4.45
RAEi Department RAE score (2001) 157 4.92 0.94 2.00 6.00
Dep Sizei Department size at survey time (log) 157 3.58 0.66 2.30 5.01
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patenting dummy, suggesting lack of complementarity between
publishing and patenting. However, the coefficient remains not
Chemistryi Dummy variable 1
Physicsi Dummy variable 1
Computer Sciencei Dummy variable 1
Engineeringi Dummy variable 1

f the inventor’s address as it appears in the CESPRI–EPO database.
ote, however, that this way of removing duplicates is not per-

ect: academics may change jobs or may commute some distance
o where they work (i.e. they may live and work in places with dif-
erent post codes). The latter case is more likely where universities
re located on the edges of towns or cities, or in large cities with
everal different post codes (e.g. London). Thus, cleaning based on
his criterion could underestimate the number of inventors in our
ample of EPSRC survey respondents. As a robustness check for the
PO database matching, we compared our results with information
n patenting records provided by the sample of university scientist
or whom we have CV information. The matching with EPO data
orrectly estimated 81% of the cases in the sample confirmed by CV
ata.12

The matching process identified 249 inventors from our initial
ist of 1528 EPSRC grant recipients who responded to our survey.
hat is, 16% of our survey respondents are researchers who have
een listed at least once as an inventor on a EPO granted patent,

n the period 1978–2001. The basic descriptive statistics for the
ample of 1528 respondents are presented in Table 3.

. Impact of academic patenting on publishing

To assess the impact of an increase in academic patenting on the
ublications output of UK scientists, we follow a similar methodol-
gy to the one developed by Breschi et al. (2008). Using our whole
ample of academics we estimate the following model:

it = X
′
itˇ + �Pit + �i + �t + εit (i = 1, . . . N and t = 1, . . . T)

(1)

here Yit is a measure of research output (i.e. publications count),
it is a set of time varying explanatory variables, �i is an individual
xed effect and �t is a set of time effects. Pit is a dummy variable that
akes the value 1 for the years after the first patent was filed (includ-
ng the year of filing) and 0 otherwise. The inclusion of an individual
xed effect controls for unobserved researcher characteristics that
re constant over time and that might be correlated to both patent-
ng activity and research output (e.g. ability, research productivity,
tc.). A particular concern is that some correlation between patent-
ng activity and the error term might remain even after controlling

or an individual fixed effect. This might occur if some shocks on
ublication activity (εit) induced researchers to patent. In order to
urge for this additional source of correlation we estimated the
odel using instrumental variables.

12 See Appendix B for a discussion of the robustness of our matching procedure.
0.36 0.48 0.00 1.00
0.39 0.49 0.00 1.00
0.15 0.35 0.00 1.00
0.10 0.30 0.00 1.00

4.1. Basic results

Table 4 summarizes the results for five different specifications
of Model (1).

Columns (1)–(4) report the results for the model estimated
using a negative binomial regression approach without control-
ling for unobserved heterogeneity. In column (1) we control only
for academic’s age (and its square), time and field dummies (not
reported in the table). The results suggest that publications follow
a non-linear inverted U-shaped relationship with age. Publishing
peaks at age 42. We find also that although the coefficient for
patenting is positive, it is not statistically significant. Column (2)
shows the results when controlling for researcher’s unobserved
ability using three observed variables: being a professor, average
citations, and Royal Society membership. These dummy variables
are all positive, but only the first two are significant. We control
also for gender, which is not significantly different from zero, and
year of PhD award, which is significant and negative, suggesting
that researchers from more recent cohorts publish less, perhaps
due to their shorter academic experience. Finally, quality of the
researcher’s department is positive, indicating that being a mem-
ber of a high quality research department increases the publications
output of researchers.13 Department size is negatively correlated
with publications, indicating an absence of economies of scale in
knowledge production. It is interesting that, after including the
set of additional control variables, the coefficient of the patenting
dummy drops dramatically, remaining positive, but not significant
(compare columns (1) and (2) in Table 4).

Column (3) controls for remaining unobserved heterogeneity
by estimating a random effects binomial model. The coefficient for
patenting activity in this case is negative, but not significant. The
results in column (4) control for individual unobserved heterogene-
ity using the Hausmann et al. (1984) standard conditional negative
binomial. It has to be noted that this standard fixed effects estima-
tor does not control fully for all stable unobserved covariates, the
reason being that it is based on a regression decomposition of the
overdispersion parameter rather than the usual regression decom-
position of the mean. A consequence of this procedure is that the
time constant variables are not all wiped out in this model. The esti-
mates in column (4) show a further decline in the coefficient of the
significant. Column (5) controls for any potential endogeneity of
the patenting dummy by estimating instrumental variables. In this

13 Department research quality is measured by the department’s score in the
Research Assessment Exercise (RAE), the periodic assessment of research quality
that used to be carried out by the Higher Education Funding Councils.
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Table 3
Descriptive statistics. Cross-sectional dataset.

Variable Definition Mean Std. Dev. Min Max Obs.a

Joint research Value 1 if frequency is ≥1 0.45 0.50 0 1 1519
Contract research Value 1 if frequency is ≥1 0.47 0.50 0 1 1525
Consultancy Value 1 if frequency is ≥1 0.38 0.49 0 1 1527
Joint PhD Training Value 1 if frequency is ≥1 0.34 0.47 0 1 1527
Spin-offs Value 1 if frequency is ≥1 0.12 0.33 0 1 1525
Patent stock No. of patents between 1978 and 2001 0.41 1.48 0 17 1504
Age Age at survey time 45 10 23 75 1488
Professorial status Value 1 if Professor at survey time 0.47 0.50 0 1 1522
RAE 2001 Low Value 1 if dept. score was 4 or below 0.28 0.45 0 1 1518
RAE 2001 High Value 1 if dept. score was 5* 0.29 0.45 0 1 1518
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Dept. Size (ln) Academic staff (average 1998–2001)

a While the number of observations equals 1528 (the number of survey responde
urvey responses.

ase, we instrument the patenting dummy using as an instrument
he proportion of academic inventors in the same scientific field
Wooldridge, 2002). As explained in Breschi et al. (2008) the ratio-
ale for this is that researchers who work in an environment where
any researchers are involved in patenting will benefit from this

xperience and find patenting activity easier. If this is a correct
ssumption, this variable should show correlation with patenting
ctivity but not with publication output, making it a valid instru-
ent. Indeed, first stage results suggest that the instrument is

trongly correlated to the patenting dummy and the instrument
s not significant when included in the main regression. The results
ndicate that the coefficient for the patenting dummy is negative,
on-significant and not statistically different from the previous
esults, suggesting that endogeneity is not a problem in our data.
verall, the results in columns (1)–(5) (and the results of the robust-

ess check presented in Appendix C) suggest that patenting activity

s not correlated to publications. Academic patenting has neither a
ositive nor a negative impact on scientific publishing.

Finally, we want to verify whether the introduction of a lag
etween patenting and publishing would modify our basic results

able 4
egative binomial regressions of publication counts.

Coefficient (1) (2)

Pit 0.239 0.112
[0.158] [0.130]

Ageit 0.340*** 0.256***

[0.027] [0.025]
Age2

it
−0.004*** −0.003***

[0.000] [0.000]
Genderi 0.178

[0.203]
PhDi −0.063***

[0.012]
Profi 0.440***

[0.120]
Stari 0.405*

[0.233]
Times Citedi 0.140

[0.093]
RAEi 0.130*

[0.067]
Dep Sizei −0.161*

[0.088]
Constant −6.224*** 119.061***

[0.496] [23.927]
Observations 3649 3649
Number of idinv 157 157

ime dummies and field dummies included.
ll pooled regressions include robust standard errors clustered on individuals to allow
ooled regression, (3) Random Effects, (4) Fixed Effects, (5) Fixed Effects instrumental var

* Significant at 10%.
** Significant at 5%.

*** Significant at 1%.
.20 0.68 2.07 5.60 1525

e valid observations for each variable varies as a consequence of missing data from

in order to determine whether the decision to patent affects the
future productivity of a researcher. Previous empirical work finds
evidence that researchers might refrain from publishing until the
patent is secured, or that there may be a resource effect (patent-
ing brings in additional funding) which enables higher productivity
after patent approval (Breschi et al., 2008). Table 5 presents the
results of this analysis; the pooled negative binomial regressions
include a fixed effect controlling for unobserved heterogeneity
affecting levels of publication. All the regressions include the same
control variables as in Table 4, as well as time fixed effects.

Column (1) in Table 5 includes a dummy variable that takes
the value 1 for the years when patenting activity is observed, and
zero otherwise. In this way, we try to capture any special shock
that might be contemporaneous with the filing of a new patent
application, and also transitory (Pyearit). The results suggest that

neither the patenting regime nor year patenting dummies are sig-
nificantly different from zero. We tried several specifications –
that move Pyearit 1 and 2 years into the future or that lag it 1 or
2 years into the past. Columns (2) and (3) in Table 5 show the
results for Pyearit moved forward 1 and 2 years respectively. Our

(3) (4) (5)

−0.016 −0.042 −0.030
[0.058] [0.062] [0.698]
0.231*** 0.215*** 0.194***

[0.016] [0.023] [0.025]
−0.003*** −0.003*** −0.003***

[0.000] [0.000] [0.000]
0.196 0.538 0.574
[0.143] [0.335] [0.352]
−0.071*** −0.101*** −0.105***

[0.012] [0.020] [0.021]
0.281*** −0.041 −0.042
[0.102] [0.179] [0.183]
0.418** 0.715** 0.705**

[0.181] [0.315] [0.321]
0.193*** 0.051 0.065
[0.070] [0.135] [0.137]
0.099** 0.181** 0.188**

[0.047] [0.083] [0.084]
−0.105 −0.209* −0.215*

[0.064] [0.119] [0.121]
135.621*** 195.810*** 204.482***

[23.550] [39.895] [41.183]
3649 3649 3540
157 157 157

residuals to be correlated within each individual block. (1) Pooled regression, (2)
iables.
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Table 5
Negative binomial regressions of publication counts (for different definitions of patenting activity).

Coefficient (1) (2) (3) (4) (5)

Pit −0.037 −0.057 −0.055 −0.049 −0.015
[0.064] [0.86] [0.79] [0.77] [0.23]

Pyearit −0.037 −0.15 −0.233 0.129 −0.01
[0.119] [1.17] [1.69] [1.18] [0.09]

Ageit 0.215 0.209 0.229 0.197 0.173
[9.31]** [8.41]** [7.24]** [8.45]** [7.38]**

Age2
it

−0.003 −0.003 −0.004 −0.003 −0.003
[24.28]** [23.29]** [23.11]** [22.74]** [20.90]**

Genderi 0.539 0.617 0.597 0.564 0.563
[1.61] [1.72] [1.59] [1.63] [1.58]

PhDi −0.101 −0.114 −0.116 −0.104 −0.109
[5.09]** [5.36]** [4.22]** [5.23]** [5.44]**

Profi −0.039 0.104 0.143 −0.038 −0.019
[0.21] [0.56] [0.73] [0.20] [0.10]

Stari 0.719 0.672 0.699 0.625 0.61
[2.28]* [2.06]* [2.04]* [1.93] [1.83]

Times Citedi 0.051 0.066 0.029 0.077 0.087
[0.38] [0.46] [0.19] [0.56] [0.61]

RAEi 0.181 0.127 0.082 0.186 0.177
[2.18]* [1.45] [0.86] [2.19]* [2.04]*

Dep Sizei −0.210 −0.213 −0.219 −0.199 −0.18
[1.76] [1.71] [1.65] [1.62] [1.43]

Constant 195.945*** 222.048 225.483 203.269 213.03
[39.874] [5.19]** [4.10]** [5.06]** [5.28]**

Observations 3649 3492 3335 3492 3335
Number of ind. 157 157 157 157 157

Time dummies and field dummies included.
All columns show negative binomial fixed effects results. Results in column (2) are for Pyearit+1, results in column (3) are for Pyearit+2. Similarly, results in column (4) are for
Pyearit−1, results in column (5) are for Pyearit−2.
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ing intensity and publishing, Fig. 1 plots the shape of the
relationship between publications and (past) stock of patents using
local linear regression methods.14
Significant at 10%.
** Significant at 5%.

*** Significant at 1%.

vidence provides weak support for the findings in the literature
hat publishing performance drops by 15% 1 year before patenting
non-significant) and can drop by as much as 23% 2 years before
atenting (a marginally significant result). Similarly, columns (4)
nd (5) in Table 5 show publishing activity 1 and 2 years respec-
ively after patenting. In this case, we observe a ‘jump’ of 12% in
roductivity 1 year after patenting, although the result is not signif-

cantly different from zero. This jump in productivity is temporary
s there is no evidence of persistence after 1 year.

.2. Augmented results

Estimations of Model (1) do not provide strong evidence of
ither a crowding-in or a crowding-out effect related to patent-
ng and publishing. This is interesting since it contradicts much
revious evidence, mainly US based, of a linear complementarity
etween these activities. However, our model differs from many of
hose used in previous studies in that we focus simply on change
f status from non-inventor to inventor. One possible explanation
or our results is that the lack of correlation between patenting and
ublishing could be the result of a functional relationship between
hese two variables, which is more complex than is assumed in
q. (1). The implicit assumption in model (1) is that the impact of
atenting activity is homogeneous across inventors with different
haracteristics whereas we would expect to observe differences in
his impact. For instance, model (1) rests on the particular assump-
ion that the impact of patenting activity can be approximated by
simple step function. It does not matter how much an inventor

atents: occasional and persistent inventors are treated in the same
ay. Also, it may be that the effects of patenting on publishing
epend on the intensity of the patenting activity. In addition, pub-

ishing will likely depend on the scientific field of the researcher. In
rder to explore these hypotheses we model the impact of patent-
Fig. 1. Publications vs patent stock.

ing as a function of an inventor’s patenting experience and some
other characteristics (Zit). In other words, we estimate:

Yit = X ′
it

ˇ + �0Pit + �1(PitxZit ) + �i + �t + εit (i = 1, . . . N and t = 1, . . . T) (2)

As a preliminary investigation of the relationship between patent-
14 Local Linear Regression is a nonparametric method that uncovers the relation-
ship between two variables by running a series of regressions in a sequence of
sub-samples each defined in the neighbourhood of each value of the explanatory
variable (see Johnston and DiNardo, 1997).
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Table 6
Descriptive statistics by size of patent portfolio (more vs less of 10 patents).

Variable Definition <10 ≥10

Genderi Dummy if female 0.10 0.00
Ageit Age 45 57
PhDi Year of PhD award 1985 1974
Profi If professor at survey time 0.43 0.51
Stari Dummy if member of Royal Society 0.05 0.05
Times Citedit Average citations/paper/year 2.52 3.07
RAEi Department RAE score (2001) 4.92 5.00
Dep Sizei Department size at survey time (log) 3.55 3.67
Chemistryi Dummy variable 0.35 0.51
Physics Dummy variable 0.39 0.48
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Computer Sciencei Dummy variable 0.15 0.00
Engineeringi Dummy variable 0.10 0.00

The figure suggests a quadratic inverted U-shaped relation-
hip between these variables. This is consistent with the results
or US (Fabrizio and Di Minin, 2008) and Italian (Breschi et al.,
008) scientists and Larsen (2008) finds a curvilinear relation-
hip for publication output and industrial collaborations in the
ase of Danish scientists. Publication performance grows up to a
atent stock of 10, beyond this inflexion point, more patenting

eads to fewer publications. Table 6 presents the main character-
stics of the most prolific inventors (more than 9 patents). Despite
ome obvious characteristics, such as being older and holding a
hD for longer, highly productive inventors tend to be professors,
eceive more citations to their work, and work in larger and higher
uality research departments. Also, they all work in Chemistry or
hysics.

Table 7 presents the effects of patenting activity on publica-
ion intensity, controlling also for the scientific field in which the
esearcher is active. In columns (1) and (2) we replace the dummy
or patenting activity with an interaction dummy given by the
atenting dummy multiplied by experience, measured as the num-
er of years after the first patent (Pit × Expit). This variable (and its
quared term) measures whether longer experience in patenting
as an effect on scientific productivity. In both cases the results are
ot significantly different from zero. Columns (3) and (4) respec-
ively replace the patenting dummy with the accumulated stock
f patents and its square. The results for including the stock of
atents linearly are not significantly different from zero. However,
s shown in column (4), if we include a quadratic term for the
tock of patents, a strong and significant ‘inverted U-shaped’ pat-
ern emerges. This suggests that an increase in patenting activity
ntensity initially increases the number of publications up to a sat-
ration point, after which more patenting reduces publication. The

nflexion point is at about 10 patents. Note that this result is not
riven by the researcher’s age since we control for this variable
and its square) in the regression.15 However, it should be noted
lso that although statistically significant, this result is based on a
ery small number of inventors with 10 or more patents (5 inven-
ors or 14% of the inventors in our sample). Although their number
s very small, these individuals account for 42% of the patents in
ur sample and therefore cannot be considered outliers. Consis-
ent with information from company patents, a very small number
f prolific inventors is responsible for an important share of total
atenting output.
To check the robustness of the results, we investigate whether
he curvilinear impact of patenting on publishing described above
s biased by unobserved heterogeneity related to the quality of the
cientist. In other words, if more talented inventors (the ones whose

15 The coefficients for age and age2 are stable across all specifications and so are
ot affected by the way patenting experience is defined.
licy 40 (2011) 55–68

average papers receive the most citations) also patent more, then
the variable patent stock (included in columns (3) and (4) in Table 7)
could be capturing the effects of omitted ability or quality, rather
than the pure incentive effects of patenting. In order to explore
this possibility we interact the patenting dummy with the average
number of citations per paper. The results are reported in column
(5) where the citation variable is not statistically significant and the
results for patent stocks hold.

Finally, we want to analyse whether the different characteristics
of diverse scientific fields have an impact on the complementarity
between patenting and publishing. In column (6) of Table 7 we
interact our patenting dummy with scientific field. The results in
Table 7 show that patenting has different effects depending on the
scientific field: in Engineering and Computer Science it comple-
ments publishing, compared to Chemistry (and Physics although
the variable is not significant) where we observe a crowding-out
effect. The results by scientific field should be treated with caution,
however, due to the small number of observations in Engineer-
ing and Computer Science. We could conjecture that the inverted
U-shaped function identified in column (4) of Table 7 is captur-
ing a scientific field effect.16 According to the results in column
(6), patenting has a negative effect on publishing in Chemistry so,
as long as researches with a large stock of patents are concen-
trated in this field, which would be a reasonable expectation given
the higher effectiveness and greater propensity to patent in this
area, non-linear effect of publishing could be due to a field-specific
effect. Unfortunately, we do not have enough degrees of freedom to
explore whether the results from model (4) hold for each of the sci-
entific fields because some fields have very few observations (see
Table 2 for distribution of number of inventors by scientific field).
However, it should be noted that in model (4) we control for fixed
effects. If this is a valid approximation of ‘true’ fixed effects, our
results should not be driven by field characteristics. Also, as shown
in Table 6, in Physics there are inventors with high numbers of
patents.

The results on the complementarity between patenting and
publishing by UK scientists in the fields of Computer Science and
Engineering confirm the positive relationship found for other coun-
tries. However, for Chemistry and Physics our evidence points to a
substitution effect, or a threshold effect after which substitution
between patenting and publishing sets in. These latter results are
in line with the evidence presented by Calderini et al. (2009) for
Italy, and Larsen (2008) for Denmark. Some evidence of a lack of
compementarity in Physics is also reported by Stephan et al. (2007).

5. Impact of academic patenting on knowledge transfer

To assess the impact of academic patenting on knowledge trans-
fer, we proceeded as follows. First, we considered the responses
to our survey about the extent of engagement in a variety of
interaction channels: (a) joint research agreements with indus-
try; (b) contract research agreements; (c) consultancy work; (d)
joint supervision of PhD students; and (e) equity interests in new
companies (e.g. spin-offs). We constructed several dichotomous
variables to assess whether a specific interaction channel was used
in the period 2002–2003. We used logit regressions to examine the
relationship between patenting and the probability of interacting
through any of these channels.
Second, we computed our explanatory variable as the
researcher’s total accumulated patents for the period 1978–2001
(i.e. ‘patent stock’), using data obtained by matching our 1528 sur-
vey respondents with the inventor information in patents granted

16 We thank an anonymous referee for raising this point.
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Table 7
Negative binomial regressions of publication counts (for different definitions of patenting activity).

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

Pit −0.154**

[0.078]
Pit × Expit −0.000 −0.011

[0.006] [0.012]
Pit × Exps2

it
0.001
[0.001]

Pit × Lstockpatit 0.006 0.042** 0.074***

[0.010] [0.019] [0.022]
Pit × Lstockpatit

2 −0.002** −0.004***

[0.001] [0.001]
Pit × Citedit −0.009

[0.008]
Pit × Cited2

it 0.000
[0.000]

Pit × Physicsit 0.143
[0.127]

Pit × Computerit 0.858***

[0.321]
Pit × Engineeringit 0.577**

[0.226]
Ageit 0.215 0.215 0.194 0.192 0.191 0.212

[9.27]** [9.34]** [8.39]** [8.37]** [8.37]** [9.23]**

Age2
it

−0.003 −0.003 −0.003 −0.003 −0.003 −0.003
[24.28]** [24.19]** [22.93]** [23.00]** [22.54]** [24.07]**

Genderi 0.544 0.532 0.580 0.580 0.570 0.495
[1.63] [1.59] [1.68] [1.69] [1.65] [1.50]

PhDi −0.100 −0.102 −0.105 −0.106 −0.110 −0.102
[5.00]** [5.11]** [5.31]** [5.37]** [5.58]** [5.15]**

Profi −0.033 −0.063 −0.041 −0.051 −0.094 −0.061
[0.18] [0.34] [0.22] [0.28] [0.51] [0.34]

Stari 0.705 0.691 0.715 0.704 0.815 0.686
[2.25]* [2.21]* [2.22]* [2.18]* [2.43]* [2.19]*

Times Citedi 0.053 0.061 0.074 0.082 0.094 0.012
[0.39] [0.45] [0.54] [0.60] [0.68] [0.09]

RAEi 0.179 0.191 0.188 0.191 0.193 0.203
[2.14]* [2.26]* [2.23]* [2.27]* [2.29]* [2.44]*

Dep Sizei −0.210 −0.222 −0.222 −0.234 −0.238 −0.235
[1.75] [1.83] [1.82] [1.92] [1.93] [1.96]*

Constant 193.590*** 198.456*** 204.134*** 206.126*** 213.780*** 198.353***

[40.059] [40.154] [39.716] [39.636] [39.494] [39.813]
Observations 3649 3649 3540 3540 3540 3649
Number of ind. 157 157 157 157 157 157

Time dummies and field dummies included.
All columns show negative binomial fixed effects results.
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* Significant at 10%.
** Significant at 5%.

*** Significant at 1%.

y the EPO (as explained in Section 3). To examine the impact of the
ntensity of patenting on current engagement in other technology
ransfer activities, we used the squared term of patent stock. This
llows us to investigate the occurrence of non-linearity in the rela-
ionship between patent stock and the probability of engagement
ith business through a number of interaction channels.

Finally, we consider a set of individual and university depart-
ent level control variables. Individual level characteristics include

ge of the researcher (and its squared term) and academic status

being a professor or not at the time of the survey). Univer-
ity level characteristics include a set of dummies to capture
he department’s ranking in the UK 2001 RAE (high = 5 and 5*
cores, low = 4 or lower);17 department size (measured as the

17 The RAE provides an assessment of the research quality of university depart-
ents, based mainly on peer review of the four best outputs of each researcher
ember of the department. In the 2001 RAE the overall evaluation of the depart-
ent was expressed on a 7 grade scale from 1 (when almost none of the research

utput submitted for evaluation achieves national standards of excellence) to 5*
when a substantial proportion of the research outputs submitted for evaluation
chieves international standards of excellence).
average of full time equivalent staff in the period 1998–2001);
and discipline dummies to capture the impact of a researcher
being affiliated to any of nine scientific fields (with Physics as
the reference category). Table 8 reports the results of our logistic
regressions.

Table 8 shows that patent stock is positively correlated to the
use of all the channels of interaction. However, it shows also that
there is a threshold number of patents beyond which patenting is
detrimental to the probability of interaction in joint research, con-
tract research, consultancy with business and joint PhD training.18

This inflexion point is reached at a stock of around eight patents

for joint research agreements, contract and consultancy, and at
close to seven patents for joint PhD training. As an example of the
impact on joint research agreements of a discrete change in patent-
ing, for a researcher with no previous engagement in patenting, a

18 Researchers may interact through more than one channel at the same time.
Thus, our dependent variables are likely to be correlated. To properly account for the
extent of this correlation we ran a multivariate probit regression on the probability
of interaction for each channel. The results, which are available upon request from
the corresponding author, confirmed our previous findings.
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Table 8
Relationship between patenting and other mechanisms of knowledge transfer (Logit Regressions).

Variables Joint Research Contract Research Consultancy Joint PhD Training Spin-offs

Patent stock 0.380*** 0.412*** 0.385*** 0.381*** 0.329***

[0.107] [0.101] [0.108] [0.094] [0.096]
Patent stock2 −0.025** −0.026*** −0.025** −0.029*** −0.011

[0.011] [0.008] [0.012] [0.010] [0.008]
Age 0.063 0.055 0.043 0.113** 0.186**

[0.053] [0.054] [0.057] [0.055] [0.089]
Age2 −0.0008 −0.0007 −0.0006 −0.001** −0.002**

[0.0005] [0.0006] [0.0006] [0.0005] [0.0009]
Professorial status 0.860*** 0.907*** 0.896*** 0.553*** 0.648***

[0.147] [0.150] [0.151] [0.152] [0.209]
RAE 2001 Low 0.148 0.254 0.371** 0.163 0.072

[0.147] [0.155] [0.155] [0.151] [0.211]
RAE 2001 High −0.030 −0.028 −0.044 −0.122 0.001

[0.155] [0.158] [0.161] [0.159] [0.217]
Staff Dept. (ln) 0.016 −0.035 0.144 0.140 0.062

[0.109] [0.114] [0.113] [0.113] [0.160]
Chem. Engineering 0.833** 1.869*** 1.474*** 1.004*** 0.816*

[0.331] [0.356] [0.314] [0.326] [0.491]
Chemistry 0.296 0.710*** 0.571** 0.554** 0.411

[0.208] [0.214] [0.227] [0.215] [0.358]
Civil Engineering 0.530* 1.295*** 1.830*** 0.541* 0.966**

[0.280] [0.287] [0.296] [0.292] [0.440]
Computer Science 0.233 −0.013 0.039 −0.184 0.822**

[0.237] [0.254] [0.271] [0.266] [0.380]
Electrical & Electronic 0.732*** 1.377*** 0.834*** 0.724*** 1.068***

[0.226] [0.237] [0.246] [0.234] [0.348]
General Engineering 0.860*** 1.177*** 1.561*** 0.849*** 0.961**

[0.262] [0.261] [0.271] [0.266] [0.398]
Mathematics −1.452*** −0.962*** −0.599** −0.979*** −0.765

[0.281] [0.270] [0.289] [0.297] [0.507]
Mechanical, A.&M. 0.987*** 1.735*** 1.627*** 1.034*** 0.865**

[0.228] [0.245] [0.242] [0.231] [0.361]
Metallurgy & Materials 0.947*** 1.595*** 1.650*** 0.964*** 0.769*

[0.329] [0.337] [0.338] [0.332] [0.460]
Intercept −2.192* −2.255* −3.106** −4.200*** −7.668***

[1.311] [1.348] [1.405] [1.379] [2.269]
N. observations 1447 1453 1455 1455 1453
Log Likelihood −878.0 −841.2 −828.7 −844.0 −495.2
Wald �2 (17) 171.3*** 253.9*** 230.7*** 142.8*** 81.5***

Ps–R2 (McKelvey & Zavoina) 0.22 0.27 0.24 0.17 0.19

Robust standard errors in brackets.
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* Two tailed t-tests: p < 0.10.
** Two tailed t-tests: p < 0.05.

*** Two tailed t-tests: p < 0.01.

hange from zero to one patent would increase the probability of
ngaging in joint research with business by 9% (holding all other
ariables at their means). However, for a researcher with a stock of
2 patents, having an additional patent would decrease the proba-
ility of engaging in joint research by 4% (holding all other variables
t their means). Setting up a company (academic spin-off) is the
nly technology transfer activity where patenting has a positive
nd significant impact, with no statistically significant evidence of
on-linear effects.

Table 8 shows also that age has a positive and significant impact
nly in the cases of joint PhD training and spin-offs, although again,
bove a certain threshold, there is a decreasing impact. Professo-
ial status has a positive and significant impact on the probability
f interaction, in all cases. If the academic researcher is a professor,
hen the probability of involvement in joint research agreements is
.21 times greater than for an academic of lower academic sta-
us (holding all other variables at their means). With regard to
epartmental characteristics, the results show that being affiliated
o top-ranked or larger departments has no significant impact on

he probability to engage in any of the technology transfer chan-
els examined. However, researchers in low-ranked departments
re more likely to engage in consultancy work.

Our results show also that there are significant differences
cross disciplinary fields in terms of the probability of engag-
ing in a particular type of knowledge transfer. Researchers in
Engineering-related fields are generally more likely to engage in
every type of interaction (compared to researchers in Physics),
while researchers in Mathematics are generally less likely to be
involved in knowledge-transfer activities with business.

Finally, as in the case of the relationship between academic
patenting and publishing, it is important to note that the result of a
curvilinear relationship is driven by a very small number of cases,
since inventors with seven or more patents represent a small pro-
portion of our whole sample of academics (just 19 cases or 7.6% of
the inventors in our sample). However, as in the previous analy-
sis, although there are very few prolific academics inventors, they
account for 32% of the patents in our sample.

6. Conclusions

Several studies (using data from the US and Europe) have tried
to assess the impact of increased academic patenting on publishing,
and to a lesser extent on knowledge exchange with businesses. Very

little systematic evidence is available for UK scientists. This paper
has tried to fill this gap by examining a sample of UK scientists,
in the Engineering and Physical sciences, based on two separate
surveys of their activity in knowledge transfer, and the information
from their CVs.
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The first objective was to test for the presence of complementar-
ty or of a substitution effect between patenting and publishing in
he case of the UK. Our results indicate that academic patenting may
e complementary to publishing at least up to a certain point (about
0 patents), after which we find evidence of a substitution effect
mainly in Chemistry and Physics). We also find weak evidence of
scientific field effect, with the most basic sciences (Physics and
hemistry) showing some evidence of a direct crowding-out effect
hile the Transfer or Pasteur’s Quadrant Sciences (Computer Sci-

nce and Engineering) show evidence of a crowding-in effect. The
obustness of these results was checked by controlling for a large set
f researcher characteristics and applying econometric techniques
o control for heterogeneity and endogeneity.

The second objective was to examine the possible impact of
ncreased academic patenting on engagement in knowledge trans-
er. In this case the results of our estimations support the existence
f an inverted U-shaped relationship: the intensity of patenting
s complementary to various channels of knowledge exchange

ith business up to a certain point (i.e. 7 or 8 patents, depend-
ng on the interaction channel), beyond which a substitution effect
ets in.

Overall, our results cast doubt on the simplistic view of a
omplementary or substitution effect between academic patent-
ng and knowledge diffusion channels (publishing and knowledge
xchange with business). We find evidence that increasing the
ncentives for academics to patent may not be desirable above a
ertain level of patenting activity. In other words, more patent-
ng may not always be good. If academic inventors (in the more
raditional scientific fields such as Chemistry and Physics) become
oo involved in patenting, ultimately they publish less, and they
lso interact less intensively with companies via other channels.
nterestingly, the thresholds we identify are quite similar for pub-
ishing and other channels of interaction with industry. In terms
f a possible explanation for these results, we could speculate that
cademic scientists who become too involved in patenting activity
ay become distracted from (or devote less time to) other activi-

ies and focus mainly on the production of new knowledge that is
atentable, and from which some financial return can be extracted.
his interpretation seems consistent with the fact that we did not
nd any crowding-out effect between patent stock and spin-off
ctivity.

A final observation for policy from the evidence presented here
s that in this study on UK scientists, but also in the study by
alderini et al. (2009) for Italy and Stephan et al. (2007) for the US,
he impact of patenting on academic researchers’ activities seems
o vary depending on the scientific field. In more basic/traditional
isciplines, beyond a threshold level, higher levels of patenting are
ssociated with lower productivity (in terms of publishing). A policy
mplication of these results is that, if we are interested in the sci-
ntific output of academic researchers, incentives for researchers
hould be set so that they do not create obstacles to those academics
ho are interested in a certain level of patenting activity, but also
o not lead to an excessive focus on patenting. It should be stressed
lso that although the threshold effect was identified on the basis
f a small number of prolific inventors, they are responsible for a
ubstantial proportion of the patents, so their importance cannot
e dismissed.

The literature on the economics of knowledge developed in the
ast 20 years emphasizes the difficulties inherent in the diffusion
distribution) of knowledge across actors. In the context of the
niversity–industry complex, a variety of channels and approaches

o knowledge transfer have emerged to maximize the exchange of
nowledge in different scientific and technological contexts. Our
esults indicate that patenting (one of the most recent channels in
erm of development and one of the most incentivized in terms
f policy) potentially can (we do not know whether or not the
licy 40 (2011) 55–68 65

patents are used by anyone) act as another way to transfer knowl-
edge from universities to the rest of society. However, we also
find indications that beyond a certain threshold, a continuing focus
on patenting can result in a negative effect on other channels of
knowledge diffusion. As in the case of publishing (the traditional
means of knowledge diffusion from academia), those researchers
that are involved in some patenting activity are also involved
in other forms of university–industry relationships, but those
researchers that specialize in patenting seem to devote less atten-
tion to the other knowledge-exchange activities resulting, possibly,
in an overall lower rate of transfer and subsequent utilization of
knowledge.

Although interesting, our results require further corroboration
and should be interpreted with caution given the nature of the
databases used for the analysis. First, the starting sample may be
biased in favor of those academics who interact with business (and
therefore have a higher probability of being associated to a patent)
as this type of interaction is more common in the scientific fields
financed by the EPSRC compared to other scientific fields. Second,
the first part of the analysis is based on a very detailed and unique
dataset constructed from the information in researchers’ CVs for
the period 1975–2005. However, the sample could be biased as
it includes only active academics, excluding older academics who
may have been research-active during their careers but who were
not engaged in EPSRC-funded research in the period surveyed. In
our econometric analysis we control for the age of the academic
to take account of this sample bias. Moreover, due to the com-
plexities involved in data collection, the database includes only a
small sample of researchers in four scientific fields (and a particu-
larly small number in Computer Sciences and Engineering): larger
samples are needed to validate our results. In addition, extracting
comparable information from CVs is not easy, and we were not
able to gather information on research funding during the 30-year
period of our analysis. Lack of this control variable in our models
may bias the result of complementarity if EPSRC funding (more
oriented to publications) is correlated to industry funding (more
oriented to patents), or if, more generally, more funding simply
results in more research outputs (Antonelli, 2008). In either case,
we should not interpret the co-occurrence between patenting and
publishing as crowding in. Third, the second part of the analysis
was based on a large database of academics but we analysed rela-
tionships only at the cross-sectional level. Further work is needed
to test the robustness of the results with regard to the heterogene-
ity of scientists’ characteristics, and the changes over time, and to
control for problems related to endogeneity between patenting and
the other channels of knowledge transfer. All these shortcomings
call for some caution in the interpretation of our results.
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ppendix A.

See Table A1.

able A1
istribution of researchers in the whole sample.

Population
surveyed

Valid
responses

Response
rate (%)

Chemical Engineering 174 62 35.6
Chemistry 754 271 35.9
Civil Engineering 242 86 35.5
Computer Science 536 162 30.2
Electrical & Electronic Engineering 496 172 34.7
General Engineering 292 116 39.7
Mathematics 563 216 38.4
Mechanical, Aero. & Manuf. Engineering 484 179 36.9
Metallurgy and Materials 201 69 34.3
Physics 595 195 32.8

Total 4337 1528 35.2

ppendix B. Dataset construction

.1. ISI Web of Science database algorithm

. Researchers’ surnames and first initial only were entered in the
general search section; this returns all authors with this name
and first initial in the database. This was exported to the Endnote
library.

. The same procedure as in 1 but this time with first and second
initials, and the results exported to a different Endnote library

file. This double search procedure ensures that all researchers’
publications were extracted from the web with minimal possi-
bility of incorrect inclusion of authors. For example, a researcher
Archer AP might be listed on a publication as Archer A or Archer
AP so a search with Archer A* is unnecessary as this would return

able A2
LS linear regressions of (log 1 + publication counts).

Coefficient (1) (2)

Pit 0.205 0.129
[0.144] [0.121]

Ageit 0.155*** 0.117***

[0.013] [0.013]
Agesqrit −0.002*** −0.002***

[0.000] [0.000]
Genderi 0.071

[0.109]
PhDi −0.028***

[0.004]
Profi 0.258***

[0.079]
Stari 0.372*

[0.217]
Times Citedi 0.090*

[0.049]
RAEi 0.075*

[0.040]
Dep Sizei −0.100*

[0.059]
Constant −2.244*** 54.368***

[0.246] [8.805]
Observations 3649 3649
R2 0.44 0.53
Number of idinv 157 157

ime dummies and field dummies included.
ll the pooled regressions includes robust standard errors clustered on individuals in o
egression, (2) Pooled regression, (3) Random Effects, (4) Fixed Effects, (5) Fixed Effects in

* Significant at 10%.
** Significant at 5%.

*** Significant at 1%.
licy 40 (2011) 55–68

researchers with the same surname but with many other com-
binations of initials such as Archer AB, AD, etc.

3. The third search involved repeating steps 1 and 2 but includ-
ing authors institutional addresses, noting address changes over
time, which reduces the probability of incorrect inclusion of pub-
lications in the resulting data. All the results were exported to
the same file.

4. The dataset resulting from (3) was crosschecked with CV publi-
cations lists, and incorrect inclusions eliminated from the file. In
most cases, the list reflects researchers’ publication lists almost
entirely.

5. The data from (4) were compared with data from (1) and (2)
following the elimination method used in (4).

Data were validated, line-by-line, taking account of co-authors,
institutional affiliation at a particular point in time, and journal
name.

B.2. Robustness of the cross sectional database

The consistence of the information in the two databases was
analyzed to provide validation for the cross sectional database
given the name matching procedure used. While 81% of cases were
correctly matched, the proportion of mismatches is much higher
among inventors than non-inventors. Indeed, among the scien-
tists who, according to their CV information, were not involved in
granted patents, we have an 89% correct match. However, among
those who reported having been involved in granted patents, we
were able to capture only 49%. Some of the difference are due to the
fact that in the CV database a significant share of the inventors had

only UK patents and also the CV database includes patent appli-
cations whose numbers are usually higher than granted patents.
We examined whether our set of mismatched cases had particu-
larly common or distinctive attributes. We observed no significant
differences across scientific fields (in terms of the proportion of

(3) (4) (5)

0.134*** 0.138 0.013
[0.041] [0.094] [0.427]
0.122*** 0.171*** 0.177***

[0.009] [0.011] [0.010]
−0.002*** −0.002*** −0.002***

[0.000]
0.075
[0.093]
−0.029***

[0.007]
0.250***

[0.069]
0.339**

[0.135]
0.100**

[0.045]
0.060*

[0.031]
−0.072
[0.044]
56.217*** −34.142 −18.469
[13.857] [2.076e+10] [2.347e+11]
3649 3649 3540
. 0.67
157 157 157

rder to allow residuals to be correlated within each individual block. (1) Pooled
strumental variables. Time fixed effects also included.
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ismatches). That is, there are no differences in the proportion
f mismatches between Chemistry, Physics, Computer Science
nd Mechanical Engineering. We also observed no significant dif-
erences in relation to university affiliation. This is particularly
mportant given that, because we used postcodes as our matching
riterion, it could be expected that individuals affiliated to London-
ased universities were more likely to be under sampled. The pro-
ortion of mismatches for scientists affiliated to London-based uni-
ersities, however, was not statistically significantly different from
he proportion of those affiliated to non-London based universities.

ppendix C.

.1. Model 1 robustness check

In order to test the robustness of our results we changed our
egression technique to Ordinary Least Squares (OLS) (Table A2).
olumn (1) presents the results for OLS, controlling only for age,
ime dummies and field dummies. The result for patenting is posi-
ive (non-significant) and close to the figure in column 1 in Table A1.
n column (2) we control for researcher characteristics and the coef-
cient for the patenting dummy drops, but remains non-significant.
olumn (3) estimates the linear model by random effects, which
roduces a similar coefficient to that in column (2), but the result is
ow significantly different from zero. Column (4) controls for indi-
idual unobserved heterogeneity by including a set of individual
xed effects: we consider this specification to be more consistent
ith the theoretical model because it assumes heterogeneity in

he mean of the dependent variable. Column (4) shows that the
esults for the patenting dummy are not very different from those in
he previous two columns, which suggests that individual observed
ariables approximate quite well to any other omitted character-
stic. Finally, Column (5) shows the results of our estimation with
nstrumental variables. The coefficient for the patenting dummy
rops and remains insignificant.

See Table A2.
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