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ABSTRACT

This paper analyses the associations between the number of patenting manufacturing firms within
a UK postcode area and (i) the number of universities in the same postcode area, (ii) the presence
of engineering or biological sciences research departments, (iii) the number of researchers active
in these departments, (iv) the ‘quality’ of research. The main contribution of this paper is
to distinguish between the possible effect of universities on small firms, as opposed to large
firms. The commonly held view is that location matters more for small firms than large firms.
The results here confirms this view. In fact, in virtually all cases we only find a positive
association for local universities on smaller firms. From a methodological point of view, we add
to the existing literature by accounting for potential simultaneity between university research and
patenting by local firms. Moreover, we also allow for the effects of the presence of universities
in neighbouring postcode areas to influence firms’ patenting activity by incorporating spatial
effects.
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1 Introduction

The capacity of university research to act as a catalyst for business sector innovations is
of critical importance. Universities have a potential impact on firms’ innovation in a va-
riety of ways including: publication of fundamental research; university patenting and
licensing; spin-offs and university incubators; joint research with firms; targeted knowl-
edge transfer to firms; consultancy projects; training of students including continuous
professional development and executive training programmes; and informal knowledge
networks. From a policy perspective there are a number of key issues. Perhaps of
paramount importance is how should money for university research be allocated? This
involves choices over both how many universities should be funded and also the dis-
tribution of funding within the chosen universities. For example, is it important to
ensure university research is spread across a wide range of regions? Equally, to what
extent should research be focused on the ‘best’ universities and, of course, how should
one determine the ‘best’? In addition, there are a range of other issues surrounding
university-business links including the incentives facing a university to a) patent and
license, b) engage in joint research with business and c) actively pursue knowledge
transfer programs.

The central research question is does a university’s research have an association
with the innovative activity of firms located close to the university? Innovative activity
is notoriously difficult to measure but patents and R&D are frequently used proxies (see
Greenhalgh and Rogers, 2009, for a full discussion). Since in the UK, as in other coun-
tries, data on the R&D activity of smaller firms is limited, this paper uses patenting as
the proxy for innovation. Using patent data does direct the focus to specific types of
innovations, but this may be appropriate when considering certain types of university
research. The UK has developed an elaborate methodology to assess the quality of
research called the Research Assessment Exercise (RAE), which is used as a metric to
allocate research funds. We use data from the 2001 RAE in this paper. The data that
allow us to analyse patenting come from the Oxford Firm Level Intellectual Property
(OFLIP) database. This database contains the patenting activity of all registered firms
in the UK over the period 2000 to 2007 along with information on firm-level perfor-
mance and characteristics. This means that the analysis can consider separately micro
firms or small and medium enterprises (SMEs), which might be thought to rely on local
universities more than larger firms. We capture proximity between university research
and private firms by focusing on the effect of university research on firms located within
the same postcode area as universities.

In order to allow for neighbourhood effects from the presence of universities located
in adjacent postcode areas, we incorporate also a spatially lagged measure for university
presence. Moreover, we also address a critical issue in the assessment of the association
between patenting and university research within a narrowly defined geographical area:
simultaneity between university research and firms’ innovative activity. We instrument
the RAE research quality measure by a university’s age. Universities in the UK are well
suited for this identification strategy as there is large variation in university age across
universities and postcode areas which we find to be strongly correlated with research
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quality. At the same time, we argue that a university’s age is not associated with
patenting of local companies other than through its effect on the quality of research
undertaken at the corresponding university.

The paper is organised as follows. The next section reviews the existing empirical
results on the role of universities in business innovation. Section 3 discusses some of the
difficulties of analysing the link between university research and corporate patenting,
together with outlining our approach. Section 4 discusses the data used. Section 5
explains the estimation method adopted. Section 6 describes our results and Section 7
offers some concluding thoughts.

2 Literature

This section reviews the existing empirical work on the broader impact of university
research on corporate innovative activity. The literature essentially originates in Jaffe’s
(1989) seminal work in which he analyses spillovers from university research to cor-
porate patent activity using the Griliches (1979) type knowledge production function
framework. Corporate patenting in 29 US states is the basic dependent variable al-
though this is broken down into different technology areas for the period 1972-77, 1979,
and 1981.1 The determinants of patenting are: the number of universities; university
R&D (again broken down by technology area), total R&D performed by industry, a
geographical coincidence indicator (an index that captures concentration of universities
and firms) and a number of control variables such as population and public research
laboratories. Jaffe allows for a simultaneous relationship between private sector R&D
and university research by estimating a system of simultaneous equations. The re-
sults suggest that there are spillovers from universities to corporate patenting, most
strongly in drugs but also in chemicals, electronics and mechanical arts. There is also
an indication that university R&D causes private R&D (and not vice versa). Acs et
al. (1992) complement Jaffe’s study by using innovations as the dependent variable
(from the 1982 US Small Business Administration innovation database). They also
find positive associations between university research and innovation at the state level,
although this is not the case for electronics-based industries. While Jaffe uses panel
data, Acs et al. results are based only on a single year; however, they note that esti-
mates from a single cross section and the pooled data using Jaffe’s data are very similar.

More recently, Harhoff (1999) looks at the formation of new firms in 328 West-
German counties over the period 1989 to 1993 and, specifically, how the existing in-
dustry structure and presence of publicly-funded research measured in 1987 and 1989
respectively affect rates of firm creation between 1989 and 1993.2 Harhoff focuses his
analysis on two important 2-digit industries, the electrical machinery and mechanical

1The technology areas are drugs/medical, chemical, electronics/optics/nuclear, mechanical arts and
‘other’.

2The conditioning variables refer to the pre-reunification period, while start-ups are investigated also
during the period directly after Germany’s reunification. Harhoff does not account for re-unification
effects and it is not clear to what degree the important structural shock induced by reunification has
influenced start-up activity.
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engineering sectors. These industries are further divided into high-technology and low-
technology on the basis of R&D intensity at the 4- and 5-digit industry level. A Poisson
Pseudo Maximum Likelihood model is then used, with number of new entrants as the
dependent variable where the data is treated as a pooled cross-section. To model the
effect of research on firm formation, Harhoff uses county-specific employment shares
of R&D personnel, scientific personnel at universities as well as at extra-university
research laboratories and institutes. Industry structure is captured by the share of
the industry’s employment in the county’s total manufacturing employment, as well
as through a Herfindahl concentration measure for the manufacturing industry. 3. In
addition, a wide range of other explanatory variables are included, which are similar to
above studies. The results indicate that the employment share of scientists and engi-
neers in universities and extra-university research institutions are positively associated
with high-tech firm formation. Moreover, Harhoff finds new firm formation within the
sectors studied to be persistent in highly specialised regions. Yet, high-tech start-ups
are found to be much less persistent, i.e., high-tech start-ups are more likely to be found
in counties with heterogeneous industry structures. The results also suggest a positive
association between high-tech start-ups and the presence of business-oriented service
providers.

Another study using West-German data is by Fritsch and Slavtchev (2007). The
authors use West-German data for NUTS-3 regions with the dependent variable being
counts of patent applications between 1995 and 2000.4 Fritsch and Slavtchev estimate a
Griliches-type knowledge production function. The inputs are R&D (equal to the num-
ber of private sector employees in R&D),5 and universities’ regular as well as additional
external funds. The data on university funding allows the authors to make inference
with respect to the association between the presence of universities and patent appli-
cations within regions. Inter-regional spillovers are captured by allowing private R&D
and university funds to affect patent counts in neighbouring regions (where the distance
between regional centres is within 0-50km and 50-75km). Similar to the other studies,
Fritsch and Slavtchev also include an industrial concentration index (in the form of a
Gini coefficient). To account for the higher propensity to patent in the manufacturing
sector compared to services, the authors also include a manufacturing specialisation in-
dex, which is the share of manufacturing employment relative to the national average.
The authors estimate a negative binomial model for their panel that constrains any
research impact on patenting to be after three years.6 The results suggest that there is
no evidence for university research measured as the universities’ regular budget has any
positive association with patenting. Only external funds are associated with increased

3This measure excludes the specific industry studied and captures a county’s degree of diversification
in the manufacturing sector

4Note that patents are allocated to regions using the address of the inventor, rather than the address
of the firm. So an important assumption Fritsch and Slavtchev make is that firms’ location and place
of residence of inventors coincide within the same NUTS-3 region. Also, it is unclear whether only
national patent applications are included or whether the data set contains also EPC and PCT patents.

5Fritsch and Slavtchev assume that every employee with a tertiary degree in engineering or natural
sciences works in R&D.

6The authors argue that a random effects specification is more appropriate than fixed effects. Yet,
since random effects require strict exogeneity of regressors, this may be problematic.

4



patent counts. While external funds also affect patenting within a 50km radius, the
authors do not allow for spillover effects for regular funds. They also find private sector
R&D to be positively associated with patent applications where the effect is weakened
by distance across regions.

For the UK, Abramovsky et al. (2007) analyse the relation between university re-
search on the location pattern of business R&D in six specific product groups at the
establishment level. The data on R&D active firms comes from the ONS Business
Entreprise Research and Development (BERD) data. The analysis uses 2-letter UK
postcode areas as the unit of analysis. University research in a postcode area is proxied
by the number of research departments that get 2001 RAE rankings of 5 or 5*, and those
that get (lower) 1 to 4 rankings.7 In addition, the log of the number of research students
(also divided between universities ranked 4 and below and 5 and 5*) is included. Loca-
tion of business R&D is the average number of establishments in a postcode area (i.e.,
no data on R&D spending is used) during the 2000-2003 period. Moreover, they also
look at the number of new R&D performing entrants within postcode areas between
2000-2003 where they use the differences in RAE rankings between 1996 and 2001 as
measures for university research quality in an attempt to account for unobserved het-
erogeneity of spatial units that is correlated with the level of research quality. Cross
sectional regressions are run separately for R&D establishments in the different product
groups,8 as well as domestic/foreign establishments assuming that the dependent vari-
ables follow a negative binomial distribution. The different product group regressions
include explanatory variables based on different university research departments (biol-
ogy, chemistry medical, materials science, computer science, and electrical as well as
mechanical engineering). A range of other control variables at the postcode area level
are used including total manufacturing employment, diversification of manufacturing
employment, skill levels in the population, and a dummy for science parks. The results
indicate nearly no statistically significant correlation between the average number of
R&D performing firms and the presence of universities, their number, or their overall
research quality. Using the RAE rankings for specific university departments, there
are some statistically significant associations between university research and the count
R&D performers albeit the overall correlation pattern is weak. Nevertheless, the re-
sults suggest that 5 or 5* rankings have an influence in pharmaceuticals and chemicals,
while RAE rankings 1 to 4 also have an effect in pharmaceuticals and additionally
in machinery and communications equipment when the sample is restricted to foreign
R&D active firms. With respect to the effect of the change in RAE rankings on the
number of R&D entrants, the results confirm a statistically significantly positive as-
sociation between the quality of chemistry research departments and entry of R&D
performing firms in the pharmaceutical industry as well as of material science research
departments on the chemical sector. All other coefficients capturing the change in re-
search quality across research departments for the different sectors are not statistically
significant, with the exception of the TV and radio equipment industry in which entry

7The RAE grade scale is 5* (highest), 5, 4, 3a, 3b, 2 or 1.
8The product groups are pharmaceuticals, chemicals, machinery, electrical, TV and radio, and motor

vehicles.
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is correlated with research quality of electrical and mechanical engineering departments.

Abramovsky and Simpson (2008) extend the analysis of Abramovsky et al. (2007)
by analysing the determinants of the number of R&D conducting firms within post-
code districts located in proximity to university research departments. In addition,
they investigate whether firms that are located close to universities are more likely
to engage in collaborative research. The dependent variable for the analysis of firms’
location choice is a count of the average number of establishments reporting non-zero
own R&D expenditure during 2000-2003 for a product group within postcode districts
in the UK.9 In order to carry out this research, Abramovsky and Simpson combine
Business Entreprise Research and Development (BERD) data for 2000-2003 together
with Community Innovation Survey data for the UK.10 While the BERD data provides
information on which firms conduct R&D, the CIS data are used to construct a mea-
sure for the existence of university-business links. As in Abramovsky et al. (2007),
RAE 2001 data is used to construct measures for university presence and quality of
research conducted at universities’ research departments. In addition, in this paper
the authors also consider the count of universities with a radius of 10km as well as a
radius of 10 to 50km from the centre of each postcode district. As in all the studies
discussed above, Abramovsky and Simpson use a large range of additional controls at
the postcode district and area level, such as the number of employees, the percentage of
employees with a tertiary degree in science or engineering, R&D intensity, and public
funding for R&D, a density measure (count of postcodes at the district level), a measure
of skill composition of work force at postcode area level, percentage of economically
active population in postcode area, total manufacturing employment in postcode area,
percentage of total manufacturing employment in relevant industry, and a measure in-
dicating the presence of science parks. Similar to Harhoff (1999), the estimation of
firms’ location choice is carried out by a negative binomial model treating the data
as a cross-section and running separate regressions for each product group. To esti-
mate firms’ propensity to conduct collaborative research with universities, the authors
estimate a probit. The results suggest that pharmaceutical firms tend to locate close
to world-class chemistry research departments. There is also some evidence for firms
located close to universities to be more likely to engage in collaborative research in the
fields of chemicals (with materials science departments) and vehicles (with mechani-
cal engineering departments). At the same time, the authors also find that chemicals,
vehicles and machinery industries tend to locate in areas with higher manufacturing
employment and which are specialised in the respective industry.

While the paper offers additional insight with respect to business-university col-
laboration, the paper does not address the endogeneity problem inherent in this kind
of analysis of firms’ location choice. Moreover, the evidence for co-location may be

9The product groups considered are pharmaceuticals, chemicals, machinery, electrical machinery,
TV and radio equipment, vehicles, precision instruments and aerospace. Note also that they restrict
their sample to firms that report in the CIS to have introduced a product or process innovation or have
ongoing or abandoned innovative activities or that have innovation-related expenditures over the past
three years.

10They use both the CIS3 (1998-2000) and CIS4 (2002-2004) data.
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confounded with more general unobserved agglomeration externalities. This problem
becomes evident when considering the location of firms in London, where also the
largest number of universities is found. Hence, what may be interpreted as co-location
of firms and universities may be equally well be due to more general unobserved agglom-
eration effects than specific university-business spillovers. Note also that Abramovsky
and Simpson do not consider the possibility for spatial autocorrelation in their analysis.

The endogeneity problem arising from agglomeration is specifically addressed by
Kantor and Whalley (2009). In order to assess the effect of university spending on
local private sector labour income, the authors take advantage of the fact that in the
US a university’s spending is a function of the market value of its endowment. This
allows Kantor and Whalley to instrument university expenditures by the interaction
of a university’s initial endowment and time-varying stock market shocks. The results
indicate that university expenditures have a minor albeit positive effect on labour in-
come in large urban US counties. A 10 percent increase in university spending results
in 0.5 percent higher private sector labour income. This effect intensifies for firms that
are found to be technologically close to the research conducted at universities within
the same county.

Overall, the empirical literature finds some evidence that university research may
have a positive association on surrounding firms’ R&D and patenting activity, as well as
local labor income. At the same time, the literature focusing on R&D and patenting is
rather descriptive in investigating the co-location of university research and innovative
activity of private companies. Yet, the evidence by Kantor and Whalley (2009) sug-
gests that the relationship between firms’ innovative activity and the presence/quality
of university research is simultaneous since both universities and firms are likely to
benefit from collaboration. Also the issue of confounding university-business links with
unobserved agglomeration externalities, most evident in the case of London, demands
attention. Finally, while Harhoff (1999) and Fritsch and Slavtchev consider the issue
of spatial autocorrelation, the potential implications of spatial spillovers across spa-
tial units deserve more in-depth analysis. Spatial units, fixed either at some postcode
or county level, draw their boundaries in rather arbitrary ways, making it likely for
innovation as well university research to spill over to neighbouring spatial units.

3 Identification issues

As has been indicated above, there remain a series of challenges in analyzing the re-
lationship between university research and business innovation. In this paper we take
corporate patenting as a proxy for innovation, something that is commonly done, but
nevertheless an assumption we should openly discuss. It is well known that patents
are a noisy measure of innovation due to different propensities to patent across firms
and industries. These differences can be due to differences in firm-level strategies, as
well as large heterogeneity in underlying innovations. Moreover, not all innovations are
patentable, such as for example innovations in managerial practices or in the creative
industries. Patent data do, however, have certain advantages. In our case the main
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advantage is we can identify the patenting activity of micro firms and SMEs. R&D data
are almost always only available for the largest firms.11 Hence, it is only by using patent
data that we can test the hypothesis that the impact of universities varies across firm
size. It is clear, however, the propensity to patent is much higher in some industries,
we therefore restrict our attention to research that tends to generate patentable innova-
tions, namely engineering related departments as well as medicine/biology/chemistry
related department.

A second challenge is that there are no direct measures of the links between univer-
sities and firms (i.e., the precise channels of knowledge transmission remain unobserved
and unspecified). As put by Jaffe (1989: 957) ‘If the mechanism is primarily journal
publications, then geographic location is probably unimportant in capturing the ben-
efits of spillovers. If [...] the mechanism is informal conversations, then geographic
proximity to the spillover source may be helpful or even necessary in capturing the
spillover benefits.’ Many argue that knowledge transfer between universities and pri-
vate firms occurs through channels that operate within a certain geographical distance,
such as frequent (informal) face-to-face interaction or are directly influenced by geo-
graphical proximity, such as personal networks, seminars and workshops etc. Another
important factor may be the location choice of recent university graduates. If graduates
tend to choose a location to work or establish their own business in proximity to their
university, geographical distance plays a role. Our initial assumption is that univer-
sity knowledge transmission is restricted to a postcode area (and, implicitly, is uniform
within that postcode area). This type of assumption is widespread in the literature,
but is clearly unsatisfactory. We do relax this assumption by allowing universities in
neighbouring postcodes to generate knowledge flows. However, this ‘local’ assumption
is still unappealing in a global world with rapid travel and communication. In fact,
we could hypothesise that geographical location should not matter, especially for large,
sophisticated firms with access to wide networks, both nationally and internationally.
Hence the hypothesis is that the impact of universities on smaller firms within a post-
code region should be greater that the impact on larger firms. The view that local
universities can have important impacts on smaller firms is familiar, but statistical
tests of this are rare. We therefore choose to split the sample into patenting micro
firms & SMEs and patenting large firm.

A further concern, which is rarely discussed, concerns simultaneity. The presence
and quality of university research and the patenting outcomes of private firms is likely
to be simultaneous. This means that not only firms gain from knowledge transfer from
universities, but that also university research benefits from private firms’ innovative
activity. For example, successful local private firms may support the university with
research grants or consultancy contracts, or the successful innovation of private firms
may stimulate and direct new (basic) research. This problem is closely linked with
endogeneity arising from agglomeration of economic activity. If universities and in-

11In particular, in the UK even the Office for National Statistics does not have comprehensive data
on smaller firms hence, for example, they cannot produce statistics on the geographical spread of micro
and SME R&D activity.
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novative firms co-locate in economically dense areas where unobserved agglomeration
externalities exist, a positive correlation between university presence and patenting by
firms may be observed without there being an actual link. Even including variables
accounting for agglomeration will not suffice to avoid endogeneity if these externalities
remain unobserved. In order to control for such simultaneity and agglomeration, we
adopt an instrumental variable approach. We argue that universities’ age is an infor-
mative and valid instrument for the quality of university research. It is informative as
it correlates highly with our measures of research quality. It is a valid instrument since
we argue that the age of a university should have no effect on current patenting other
than through research quality.

Modeling firms’ patenting decisions

How should one attempt to model any relationship between university research and
its impact on firm-level patenting? The previous literature, including those that use
R&D rather than patents, has considered both quantity and quality. There has also
been recognition that different types of research will have differential impacts across
industries and technical areas. For example Jaffe (1989) found the effect of university
research on patenting to be more visible within technical areas. Relatively little at-
tention has been focused on lag time, although the work of Adams (1990) found that
university research (proxied by journal publications) had an impact on productivity
after two decades. In addition, there has also been an inability to differentiate between
impacts on small and large firms, since most databases do not have firm-level patent
data.12 However, Acs et al. (1994) and Audretsch (1998) suggest that universities are
particularly important as a source of innovative knowledge for small firms. Also, previ-
ous research points to the importance of location in the relationship between innovative
firms and university research. Fritsch and Slavtchev (2007), for example, find substan-
tial clustering of patent applications in regions, particularly in urban agglomeration
areas.

We assume the following relationship. Patenting Pi by companies in postcode area
i is some function of university research Ui within area i and a vector X of k covariates
with dimension k × 1.

Pi = f(Ui,Xi) (1)

Patenting by companies is further broken down by large firm versus small firm
(which is micro firm and SME combined) where we estimate separate regressions by
size category. We employ different measures for university research including (i) the
number of universities within a postcode area, (ii) the presence of engineering or bi-
ological sciences research departments, (iii) the number of researchers active at these
departments at universities located within a given postcode area, and (iv) ‘quality’ of
research conducted at these departments as assessed by the RAE 2001.13 Measures (i)
and (iii) aim to capture the amount of research undertaken within a postcode area.

12Although Acs et al (1992) do repeat the Jaffe analysis using small business innovation data.
13For more information on the RAE 2001 see www.rae.ac.uk/2001.
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The intuition is that the larger the amount of research conducted within a postcode
area, the greater the potential for knowledge transfer is and hence the higher the level
of patenting should be. Only measure (iv) is a true measure of research quality. To
measure quality, we split the total number of researchers into the number of researchers
that received grades 1-4 versus those that received top grades 5 or 5* in the RAE 2001.
Moreover, we also use the single overall RAE grade received by a university, which can
be regarded as a global measure for the quality of research conducted at a university.14

Covariates included in X are (i) the population density (i.e., the number of people
per hectare as indicated in the Census, 2001) within postcode area i, (ii) the log of the
total number of people employed in the manufacturing sector (Census, 2001), (iii) the
diversification of the industrial production within a postcode area where the measure
varies between 0, indicating no diversification, and 1 indicating complete diversifica-
tion diversification,15 (iv) the ratio of unskilled to skilled labour where the information
comes from the labour Census 2001, and (v) log R&D by region as reported by the ONS.

Covariates (i) and (ii) are included to control for agglomeration of economic activity
in order to avoid endogeneity caused by co-location as discussed above. The inclusion
of (iii) above relates to the debate about so called Marshall-Arrow-Romer (MAR) and
Jacob externalities (Glaeser et al., 1992). MAR externalities arise when industries are
concentrated within a location. In contrast, Jacobs externalities (Jacobs, 1969) emerge
as a result of the diversity of industries within a location. Hence, MAR externalities
can be regarded as intra-industry spillovers while Jacobs externalities are inter-industry
spillovers.16 Covariates (iv) and (v) capture the level of technology and research within
postcode areas.

4 Data

The data for the analysis comes from two main sources. Data on firm-level patent-
ing comes from the Oxford Firm Level Intellectual Property (OFLIP) database. The
database draws on the Financial Analysis Made Easy (FAME) data that covers the en-
tire population of registered UK firms (FAME downloads data from Companies House
records).17 OFLIP contains additional information on the IP activity of firms in the
form of patents and trade marks. In this paper we use publications of both UK and
EPO patents (in 2001) as our measure of patenting. OFLIP has been constructed by

14We use the maximum grade received by all universities within a postcode area.
15The manufacturing diversification measure is constructed as the sum of squares of the share of

4-digit SIC within postcode areas using OFLIP. It takes a value of 0 if a single 4-digit SIC produces all
the output in the postcode, and tends to 1 as diversification increases. Note that OFLIP is appropriate
for this since it contains data on all two million UK registered firms.

16The question of whether diversity or concentration promotes innovation has been analysed by
Feldman and Audretsch (1999) who find for their cross-section of data that innovative activity in
complementary industries which share a common fundamental science base to cluster both in terms of
production activity and innovation.

17In this paper we use firms to mean registered firms. Hence firm refers to the legal entity that
organizes production, in contrast to census-type data that uses the plant or production unit.
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matching the FAME database and a number of firm-level IP datasets.18

The second source of data is the RAE for 2001, which is collated by the Higher
Education Funding Council of England and Wales (HEFCE). The HEFCE data provide
a range of indicators from which those listed in Table 1 are selected.19 Note that even
though the RAE is collated in 2001 it relates to research activity over the period
1996 to 2001.20 This allows for a considerable time lag in the effect of university
research on patenting even bearing in mind the usual 18 month lag between a patent’s
application and publication date.21 Population density and skills data come from the
England and Wales Census 2001 (and also Scottish Census 2001). The R&D data is
downloaded direct from ONS website (database rdbd7) and is at the reginal level since
more disaggregated data is not collected. The age of universities used as an instrument
for research quality has been collected directly from universities’ websites. Table 1
shows the summary statistics for the variables.

Table 1: Summary statistics, 2001
Mean Std. Dev. Min Max

Count of patentees 12.10 11.34 0 85
Count of large patentees 2.53 3.31 0 17
Count of small patentees 9.57 8.75 0 68
Number of universities (0, 1, 2, 3 or more) 0.91 0.96 0 3
Number of engineering departments 1.27 1.83 0 9
Number of biological science dept. 1.45 2.42 0 14
Number of engineering dept. ≤ grade 4 0.81 1.21 0 7
Number of engineering dept. grade 5 or 5* 0.50 1.10 0 5
Number of bio. science dept. ≤ grade 4 0.68 1.12 0 6
Number of bio. science dept. grade 5 or 5* 0.79 1.75 0 10
University age 70.58 143.94 0 834

Population density 10.97 18.06 0.12 93.77
Log manufacturing employment 10.15 0.84 6.58 11.87
Diversification of industry 84.69 13.61 19.46 97.14
Ratio of skilled to unskilled 0.58 0.37 0.26 2.31
Log R&D 6.75 0.89 4.83 8.07

18For details on the matching process and further details on the database see Rogers and Helmers
(2009).

19Our definition of ‘engineering’ department includes General Engineering, Chemical Engineering,
Electrical and Electronic Engineering, Mechanical, Aeronautical and Manufacturing Engineering and
Mineral and Mining Engineering. Our definition of ‘biological sciences’ department includes Clinical
Laboratory Sciences, Pre-Clinical Studies, Anatomy, Physiology, Pharmacology, Pharmacy, Biological
Sciences, and Chemistry.

20For humanities the period is 1994-2000 but we do not use RAE data on humanities in this paper.
21Note that the correlation between patenting in 2001 and subsequent years is very high (when

aggregated to the postcode level). The correlation coefficient between 2001 and 2002 is 0.95 and only
falls to 0.9 for between 2001 and 2005. This implies that an analysis of the lag structure of any impacts
from university research is problematic.
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Figure 1 shows histograms for two of the dependent variables: the count, by post-
code, for large firms that patent and also for small firms (which are both micro firms
and SMEs). Large firms are defined as those with less than £39 million in total assets
(the EU definition is Euro 43 million).22 For large firms, in 42 of the 117 postcodes
there are no patentees at all, and the postcode area (Birmingham) with the largest
number of large-firm patentees has 17 large firms that patented in 2001. Restricting
attention to smaller firms, there are only four postcodes that have no patenting firms.
The postcode with the greatest number of smaller patentees is, again, Birmingham
with 68.23

Figure 1: Histograms of large and small patentees, by postcode area
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5 Estimation

Our outcome variable is a count variable, i.e., it assumes non-negative discrete values
and has no natural ceiling. We begin with estimating the model ignoring the fact that
the dependent variable is not normally distributed. The problems with applying OLS

22Total assets are used since this variable has the best coverage in the OFLIP database. This is due
to the fact that in the UK all firms have a legal requirement to report total assets, but not total revenue
or employment.

23The influence of Birmingham for the regressions on smaller firms has been checked and it does not
affect the qualitative results, although the magnitude of coefficients does change.
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in a setting with a discrete outcome variable are well known from the binary response
case. Most importantly, E(y|x) should be non-negative while OLS will usually still re-
sult in xβ′ < 0 (i.e. predicted values are negative). Non-linearity of E(y|x) is another
characteristic of count data ignored by OLS. An obvious alternative is to estimate the
model assuming a Poisson distribution. The problem with the assumption of a Possion
distribution is its equidispersion property, i.e., it assumes that the mean and variance
are the same. However, in our data, we find overdispersion to be present, which means
the mean is not equal to the variance. To account for overdispersion, we use the nega-
tive binomial model as proposed by Cameron and Trivedi (1986).

Assume a conditional mean function

E(yi|xi) = exp(xiβ) (2)

The corresponding variance is

V ar(yi|xi) = exp(xiβ)[1 + α2
i exp(xiβ)] (3)

where α2
i denotes the variance of αi which can be interpreted as a measure of

unobserved heterogeneity. Parameters β and α are jointly obtained from maximizing
the following log-likelihood function

li(β, α2) = α2 log
[ α−2

α−2 + exp(xiβ)
]

+ yi log
[ exp(xiβ)
α−2 + exp(xiβ)

]
+ (4)

+ log[Γ(yi + α−2)/Γ(α−2)] (5)

where Γ(·) is the gamma function defined for r > 0 by Γ(r) =
∫∞
0 zr−1 exp(−z)dz.

IV Approach

The relationship between the quality of research undertaken at a university and
patenting activity of private firms may be characterized by a simultaneous relation-
ship. This means that (x denoting university research) is, in part, determined by y
(the number of patentees) and hence x is correlated with the error term ε. This means
that in the DGP, the outcome variable and the regressor are simultaneously generated.
In order to address the simultaneity concern, we employ an IV approach. The instru-
ment has to be informative and valid. An instrumental variable is informative if it is
correlated with the endogenous variable, which can easily be verified. Validity requires
that the variable is uncorrelated with the disturbance term. This is achieved if the
instrument affects the outcome variable exclusively through the endogenous variable
conditional on all other exogenous covariates.

As before, we first estimate a linear probability model assuming normality using
a standard IV estimator. Denoting the instrumental variable as z, we assume that
E(z, ε) = 0. Hence, the IV estimator is

13



βIV = (z′x)−1z′y (6)

with ˆV ar(βIV ) = σ̂2(z′x)−1(z′z)(x′z)−1. Since the linear model has the drawbacks
discussed above, we employ a control function approach to account for endogeneity
assuming a negative binomial distribution. As suggested in Wooldridge (2001), we
assume that our structural model is

E(y1i|y2i,xi, ei) = exp(β1y2i + x′iβ2 + ei) (7)

where y2 denotes endogenous research quality, x is a vector of covariates, and e is
an unobserved latent variable. If research quality is endogenous, we have E(y2, e) 6= 0
while we still assume that E(x, e) = 0. We assume that y2 is given by a linear reduced
form

y2i = x′1iφ1 + φ2zi + εi (8)

Crucially, zi is a variable that is correlated with endogeneous research quality
while it does not affect y1 other than through y2 conditional on x. We assume that
E(z, ε) = 0. Since we have only a single exclusion restriction, the model is exactly
identified. While this does not pose any problem for identification, it limits our abil-
ity to test for the validity of the instrument. In order to estimate Equation (7) using
the structure imposed on the endogenous variable in Equation (8), we have to make a
rather restrictive assumption on the error terms. We assume that

ei = γiεi + ξi (9)

where ξ is white noise and independent of ε. The assumption made in Equation (9)
that e and ε are linearly related always holds if e and ε are jointly normal distributed.
Clearly, if γ 6= 0, y2i is endogenous. Using (8) and (9), we can rewrite (7) as

E(y1i|y2i,xi, εi) = exp(β1y2i + x′iβ2 + γiεi) (10)

in order to obtain unbiased and consistent estimators for β1, β2, and γi. In prac-
tice, we estimate Equation (10) using a two-step procedure, estimating first (8) which
allows recovering an estimate for ε̂i which is plugged into (10) where inference is based
on bootstrapping in the second stage.

Spatial Approach

Some of the previous studies discussed in Section 2 tested (e.g., Harhoff, 1999)24

and accounted for spatial autocorrelation (Fritsch and Slavtchev, 2007).25 Spatial de-
pendence may arise in our setting because borders of postcode areas do not necessarily

24Note that Harhoff uses a Lagrange Multiplier test to test for the presence of spatial autocorrelation
in the error term as well as to test for a spatial lag term.

25Fritsch and Slavtchev (2007) included the average residual of adjacent regions, which is problematic
because these residuals have been obtained based on the assumption of no spatial autocorrelation in
the error term.
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coincide with geographical coverage of economic activity. To capture geographic prox-
imity, we construct a spatial weight matrix which assumes the value of one if postcode
areas are adjacent and otherwise zero. Hence, weights are binary. In order to capture
spatial spillovers of university research, we construct the weighted sum of our univer-
sity research measures in adjacent postcode areas, i.e.,

∑N
j=1wijxj where wij = 1 if

postcode areas i and j are adjacent and wij = 0 otherwise. If there is no spatial de-
pendence in the error term and no spatially lagged dependent variable is added to the
basic specification, OLS and ML still yield consistent estimates. From a theoretical
point of view there is no reason to include a spatially lagged dependent variable and
we therefore concentrate on testing for the absence of spatial autocorrelation in the
residuals using a Lagrange Multiplier test.26

6 Results

Table 3 shows a set of OLS regressions as a baseline. The first two columns indicate
support for the basic hypothesis that smaller firms benefit from close proximity to
universities, but large firms do not. The other variables that are significant for both
large and smaller firms are: log of manufacturing employment, the ratio of skilled to
unskilled workers, and log R&D (although note that the coefficients are of different
magnitude). For the regression with smaller firms, population density appears to have
a negative effect. The last four columns use the number of engineering and biological
sciences departments, instead of number of universities. A similar pattern of results
is found. While a larger number of engineering and biological sciences departments
is associated with larger numbers of patenting small firms within postcode areas, no
such statistically significant association is found for larger firms. As discussed above,
OLS is not well suited for count data. Table 4 repeats the specifications in Table 3
using a negative binomial model. The qualitative results are unchanged (except for the
number of engineering departments which is now marginally statistically significant for
large firms). In summary, when considering associations between the presence of local
universities and patenting, in general only smaller firms are found to exhibit positive
associations.

Table 5 looks at associations between the number of researchers in engineering
departments and also the number in biological sciences and the number of patentees
using both OLS (Columns (1)-(4)) and the negative binomial model (Columns (5)-(8)).
Again, only the number of small firms is associated with the number of researchers
located at universities within postcode areas (although this result is strongest for engi-
neering).

Table 6 investigates this further by considering the quality of research conducted at
the different departments (as assessed by the RAE in 2001). The RAE grades depart-
ments from 1 (lowest) to 5* (highest), but in these regressions we use a count measure
based on those with grades 1-4 versus those 5 or 5*. For example, the central Birm-
ingham postcode has five engineering departments, with two of these graded 1-4 and

26For a detailed description of the test in the context of spatial econometrics, see Anselin (1988).
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three with grades 5 or 5*. These regressions indicate that quality does matter. In both
engineering and the biological sciences only the number of 5 or 5* ranked departments
has a significant, positive association with the number of firms patenting. Notably, in
these regressions, both small and large firm patenting is associated with the number of
5 or 5* ranked engineering departments. This is not the case for the number of 5 or
5* ranked biological sciences departments where again only the regressions for smaller
firms show a statistically significant coefficient associated with the number of 5 or 5*
ranked departments.

Table 7 uses the maximum RAE grade achieved by engineering departments within
a postcode area. Similarly, Table 8 shows the results for the maximum RAE grade
achieved by biological sciences departments within postcode areas. The first four
columns in both tables show again results using OLS and a negative binomial model.
It is clear that in both cases the coefficients associated with research quality as assessed
by the RAE are statistically significant only in the regressions for smaller firms. This
means that there is a positive correlation between small firm patentees within postcode
areas and better RAE grades both in engineering and biological sciences. The fol-
lowing four columns (Columns (5)-(8)) report results when using university age as an
instrument for overall research quality. Columns (5) and (6) report standard IV OLS
results whereas Columns (7) and (8) report the results from using a control function
approach. Since the control function approach attempts to account for endogeneity us-
ing a negative binomial model, it is our preferred specification. The negative coefficient
of the control term indicates that the latent factor captured by university age, which
is positively correlated with research quality, is negatively correlated with the number
of patentees within postcode areas. Hence, simultaneity appears to cause a downward
bias in the coefficients associated with with research quality. Also, we find the magni-
tude of the bias to be considerable as for example for biological sciences the coefficients
more than doubles when using the control function approach. As before, we only find
coefficients of instrumented research quality to be statistically significant for small firms.

Finally, Table 9 shows results when a spatially lagged university variable is included
in the specification to account for neighbourhood effects. The variable represents the
average of adjacent postcode areas’ university variables. Column (2) therefore suggests
that not only the number of universities within a postcode area but also the number of
universities in adjacent postcode areas is positively correlated with the number of small
firm patentees. When we look at the number of engineering and biological sciences de-
partments in Columns (3)-(6), we only find this positive neighbourhood effect for the
number of engineering departments. Note that we also test for spatial autocorrelation
in the error term using a Lagrange Multiplier test. We find that the null hypothesis of
absence of spatial autocorrelation is never rejected for the sample of small firms while
it is not rejected for large firms at the 5-percent level.
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7 Conclusion

This paper has analysed the link between university research and the patenting activity
of firms located close to universities. There are a number of major challenges in such
an analysis. First, university research has many different dimensions, including sub-
ject area, quantity and quality. Second, the channels through which this research may
impact on firms are unclear, as are the lag times involved. Following from this is the
uncertainty of how to define ‘local’ (i.e. why it may be that ‘local’ firms benefit more
from university research). Third, there are important and difficult issues surrounding
simultaneity and endogenous location choices. This paper has approached challenges
in the following way. The analysis is based upon the 117 two-digit postcode areas in
the UK. For each of these postcodes we construct the following measures of univer-
sity research activity (i) the number of universities in the same postcode area, (ii) the
presence of engineering or biological sciences research departments, (iii) the number of
researchers active in these departments, (iv) the ‘quality’ of research (as assessed by the
RAE 2001). Similarly, for each postcode we construct a count of the number of paten-
tees, broken down by large firm patentees and small firm patentees. Our hypothesis is
that any impact of university research is more likely to occur for small firms. In con-
trast, large firms are likely to have access to many universities’ research from around the
UK, if not globally, hence it is less likely to find a specific impact from local universities.

We do not claim that even when instrumenting university research quality, we un-
cover causal effects between university research and corporate patenting. The analysis
merely shows that, in almost all specifications, it is only the number of small firm
patentees that show a significant, positive correlation with university research. This is
not to say that university research has no impact on large firms, only that any such
effects cannot be detected with the two-digit postcode specification used here (or even
when allowing for neighbouring postcodes as in Table 9).

The analysis uncovers a number of other findings. First, when considering research
from engineering and biological sciences departments separately, the regression analysis
indicates that the number and scale of engineering departments has a stronger associ-
ation with the number of small firm patentees. Second, using the RAE 2001 grading
of engineering and biological sciences research departments, the analysis finds that re-
search quality matters: only the departments with the highest RAE grades exhibit
positive and significant associations with the number of small firm patentees. Third,
in order to try to remove potential simultaneity, we use the age of the university as an
instrument for RAE grade. The results indicate that the main findings are supported,
in fact the magnitude of the coefficients rise. Lastly, the paper also relaxes the assump-
tion that university research can only impact on firms within a two-digit postcode by
incorporating neighbourhood effects (from adjacent postcode areas). This specification
still indicates no impact on large firms, but does indicate that small firms benefit from
neighbourhood effects.

We view this research as only a first step in a fuller understanding of the impact of
university research. Further research should attempt to refine the various measures of
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university research. We have also not investigated the possible lag structure of the im-
pact of university research. Further, it is well known that universities have increasingly
engaged in technology transfer activities, including spin-off companies and the creation
of science parks. These activities need to be incorporated into the analysis. The simple
measure of patenting used here (a count of patentees) can also be refined by looking at
the volume and nature of such patenting (e.g. whether international or national patent,
and also by using IPC categories). Alternative methods of identification should also be
pursued, as should further analysis of spatial effects.

18



References

[1] Abramovsky Laura and Simpson Helen (2008): ‘Geographic Proximity and Firm-
University Innovation Linkages: Evidence from Great Britain’, CMPO Working
Paper No. 08/200.

[2] Abramovsky Laura, Harrison Rupert, Simpson Helen (2007): ‘University research
and the location of business RandD’, Economic Journal, Vol. 117(519), pp. C114-
C141.

[3] Adams J. (1990). ‘Fundamental Stocks of Knowledge and Productivity Growth.’
Journal of Political Economy 98(4): 673-702.

[4] Anselin Luc (1988): ‘Spatial Econometrics: Methods and Models’, Kluwer Aca-
demic Publishers.

[5] Audretsch David (1998): ‘Agglomeration and the Location of Innovative Activity’,
Oxford Review of Economic Policy, Vol. 14, No. 2, pp. 18-29.

[6] Cameron Colin and Trivedi Pravin (1986): ‘Econometric Models Based on Count
Data: Comparisons and Applications of Some Estimators and Tests’, Journal of
Applied Econometrics, Vol. 1(1), pp. 29-53.

[7] Feldman Maryann and Audretsch David (1999): ‘Innovation in cities: Science-
based diversity, specialization, and localized competition’, European Economic
Review, Vol. 43, pp. 409-429.

[8] Fritsch Michael and Slavtchev Viktor (2007): ‘Universities and Innovation in
Space’, Industry and Innovation, Vol. 14, No. 2, pp. 201-218.

[9] Greenhalgh Christine and Rogers Mark (2009): Innovation, Intellectual Property
and Economic Growth. Princeton, Princeton University Press.

[10] Grilliches Zvi (1979): ‘Issues in Assessing the Contribution of Research and De-
velopment to Productivity Growth’, The Bell Journal of Economics, Vol. 10, No.
1, pp. 92-116.

[11] Rogers Mark and Helmers Christian (2009): ‘An Analysis of the Innovative Activ-
ity of Entrepreneurial and Young Firms’, mimeo.

[12] Harhoff Dietmar (1999): ‘Firm Formation and Regional Spillovers - Evidence from
Germany’, Economics of Innovation and New Technology, Vol. 8, pp. 27-55.

[13] HM Treasury (2003): ‘Lambert Review of University-Business Collaboration -
Final Report’.

[14] Jaffe Adam (1989): ‘Real Effects of Academic Research’, American Economic
Review, Vol. 79, No. 5, pp. 957-970.

[15] Kantor Shawn and Whalley Alexander (2009): ‘Do Universities Generate Agglom-
eration Spillovers? Evidence from Endowment Value Shocks’, NBER Working
Paper No. 15299.

19



[16] Wooldridge Jeffrey (2001): ‘Econometric Analysis of Cross Section and Panel
Data’, MIT Press.

20



T
ab

le
2:

C
or

re
la

ti
on

M
at

ri
ce

s
E

ng
in

ee
ri

ng
Sc

ie
nc

es
P

at
en

ti
ng

#
U

ni
ve

rs
it

y
#

E
ng

in
ee

ri
ng

#
R

es
ea

rc
he

rs
Q

ua
lit

y
#

R
es

ea
rc

he
rs

#
R

es
ea

rc
he

rs
D

ep
ar

tm
en

t
5∗

4∗

P
at

en
ti

ng
1.

00
0

#
U

ni
ve

rs
it

y
0.

44
2

1.
00

0
#

E
ng

in
ee

ri
ng

0.
47

6
0.

87
8

1.
00

0
#

R
es

ea
rc

he
rs

0.
47

6
0.

84
7

0.
96

2
1.

00
0

Q
ua

lit
y

0.
43

3
0.

82
5

0.
93

1
0.

96
6

1.
00

0
#

R
es

ea
rc

he
rs

0.
53

2
0.

66
4

0.
77

6
0.

74
9

0.
67

9
1.

00
0

#
R

es
ea

rc
he

rs
0.

33
1

0.
78

6
0.

87
2

0.
80

8
0.

79
4

0.
42

8
1.

00
0

B
io

lo
gi

ca
l

Sc
ie

nc
es

P
at

en
ti

ng
#

U
ni

ve
rs

it
y

#
B

io
lo

gy
#

R
es

ea
rc

he
rs

Q
ua

lit
y

#
R

es
ea

rc
he

rs
#

R
es

ea
rc

he
rs

D
ep

ar
tm

en
t

5∗
4∗

P
at

en
ti

ng
1.

00
0

#
U

ni
ve

rs
it

y
0.

44
2

1.
00

0
#

B
io

lo
gi

ca
l

0.
43

2
0.

80
3

1.
00

0
#

R
es

ea
rc

he
rs

0.
39

6
0.

78
8

0.
97

0
1.

00
0

Q
ua

lit
y

0.
35

8
0.

75
6

0.
92

1
0.

97
7

1.
00

0
#

R
es

ea
rc

he
rs

0.
47

0
0.

64
6

0.
83

5
0.

78
5

0.
70

9
1.

00
0

#
R

es
ea

rc
he

rs
0.

26
3

0.
69

8
0.

83
0

0.
78

5
0.

75
2

0.
43

4
1.

00
0

21



T
ab

le
3:

R
eg

re
ss

io
ns

:
O

L
S

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

L
ar

ge
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

Sm
al

l
fir

m
s

N
o.

of
un

iv
er

si
ti

es
0.

37
8

2.
10

5*
*

(0
.3

62
)

(0
.9

61
)

N
o.

en
gi

ne
er

in
g

de
pt

.
0.

27
0

1.
39

6*
*

(0
.1

80
)

(0
.5

12
)

N
o.

bi
o

sc
ie

nc
e

de
pt

.
0.

07
9

1.
03

5*
*

(0
.1

50
)

(0
.3

74
)

P
op

ul
at

io
n

pe
r

he
ct

ar
e

-0
.0

55
-0

.1
62

**
-0

.0
54

-0
.0

55
-0

.1
61

**
-0

.1
65

**
(0

.0
30

)
(0

.0
51

)
(0

.0
30

)
(0

.0
30

)
(0

.0
48

)
(0

.0
51

)
L

og
m

an
uf

ac
tu

ri
ng

em
pl

oy
m

en
t

1.
56

6*
**

5.
56

2*
**

1.
49

9*
**

1.
69

9*
**

5.
29

9*
**

5.
72

4*
**

(0
.4

00
)

(1
.2

90
)

(0
.4

24
)

(0
.4

19
)

(1
.2

98
)

(1
.3

30
)

In
d.

di
ve

rs
ifi

ca
ti

on
-0

.0
11

0.
03

5
-0

.0
11

-0
.0

11
0.

03
4

0.
04

1
(0

.0
18

)
(0

.0
31

)
(0

.0
18

)
(0

.0
18

)
(0

.0
31

)
(0

.0
32

)
Sk

ill
ed

/u
ns

ki
lle

d
la

bo
ur

6.
39

2*
**

15
.0

06
**

*
6.

30
0*

**
6.

63
0*

**
14

.7
33

**
*

14
.2

45
**

*
(1

.5
94

)
(2

.6
86

)
(1

.6
74

)
(1

.8
38

)
(2

.6
27

)
(3

.5
41

)
L

og
R

&
D

0.
72

7*
1.

57
8*

*
0.

74
0*

*
0.

68
2*

1.
61

6*
**

1.
47

4*
*

(0
.2

90
)

(0
.5

15
)

(0
.2

76
)

(0
.2

83
)

(0
.4

54
)

(0
.4

65
)

C
on

st
an

t
-2

0.
78

2*
**

-6
9.

24
6*

**
-2

0.
13

3*
**

-2
1.

76
0*

**
-6

6.
54

1*
**

-6
9.

82
4*

**
(4

.3
70

)
(1

4.
18

8)
(4

.4
90

)
(4

.5
51

)
(1

4.
00

9)
(1

4.
17

5)
R

-s
qu

ar
ed

0.
31

8
0.

47
0

0.
32

6
0.

31
1

0.
49

8
0.

49
5

N
11

7
11

7
11

7
11

7
11

7
11

7

N
o
te

:
*

in
d
ic

a
te

s
si

g
n
ifi

ca
n
ce

a
t

1
0
%

;
*
*

a
t

5
%

;
*
*
*

a
t

1
%

.

22



T
ab

le
4:

R
eg

re
ss

io
ns

:
N

eg
at

iv
e

B
in

om
ia

l
(1

)
(2

)
(3

)
(4

)
(5

)
(6

)

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

L
ar

ge
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

Sm
al

l
fir

m
s

N
o.

of
un

iv
er

si
ti

es
0.

13
0

0.
16

7*
**

(0
.1

10
)

(0
.0

57
)

N
o.

en
gi

ne
er

in
g

de
pt

.
0.

08
0*

0.
09

4*
**

(0
.0

47
)

(0
.0

30
)

N
o.

bi
o

sc
ie

nc
e

de
pt

.
0.

01
6

0.
06

2*
**

(0
.0

44
)

(0
.0

23
)

P
op

ul
at

io
n

pe
r

he
ct

ar
e

-0
.0

18
-0

.0
22

**
*

-0
.0

19
-0

.0
18

-0
.0

22
**

*
-0

.0
22

**
*

(0
.0

12
)

(0
.0

05
)

(0
.0

12
)

(0
.0

13
)

(0
.0

05
)

(0
.0

05
)

L
og

m
an

uf
ac

tu
ri

ng
em

pl
oy

m
en

t
0.

93
6*

**
0.

74
3*

**
0.

91
9*

**
1.

01
0*

**
0.

72
3*

**
0.

76
0*

**
(0

.2
03

)
(0

.1
09

)
(0

.1
93

)
(0

.1
98

)
(0

.1
12

)
(0

.1
04

)
In

d.
di

ve
rs

ifi
ca

ti
on

0.
00

0
0.

00
7

-0
.0

00
0.

00
0

0.
00

7
0.

00
7

(0
.0

07
)

(0
.0

04
)

(0
.0

07
)

(0
.0

07
)

(0
.0

05
)

(0
.0

04
)

L
og

m
an

uf
ac

tu
ri

ng
em

pl
oy

m
en

t
2.

67
1*

**
2.

02
8*

**
2.

69
8*

**
2.

86
2*

**
2.

03
2*

**
2.

04
8*

**
(0

.6
77

)
(0

.2
63

)
(0

.6
52

)
(0

.6
63

)
(0

.2
78

)
(0

.3
54

)
L

og
R

&
D

0.
34

2*
**

0.
19

4*
**

0.
34

9*
**

0.
32

4*
*

0.
19

9*
**

0.
18

1*
**

(0
.1

01
)

(0
.0

49
)

(0
.1

01
)

(0
.1

00
)

(0
.0

43
)

(0
.0

45
)

C
on

st
an

t
-1

2.
74

4*
**

-8
.5

23
**

*
-1

2.
54

7*
**

-1
3.

39
0*

**
-8

.2
99

**
*

-8
.5

77
**

*
(2

.2
86

)
(1

.2
23

)
(2

.1
98

)
(2

.3
03

)
(1

.2
48

)
(1

.1
84

)
N

11
7

11
7

11
7

11
7

11
7

11
7

O
bs

er
va

ti
on

s
11

7
11

7
11

7
11

7
11

7
11

7

N
o
te

:
*

in
d
ic

a
te

s
si

g
n
ifi

ca
n
ce

a
t

1
0
%

;
*
*

a
t

5
%

;
*
*
*

a
t

1
%

.

23



T
ab

le
5:

R
eg

re
ss

io
ns

:
O

L
S

an
d

N
eg

at
iv

e
B

in
om

ia
l

O
L

S
N

eg
at

iv
e

B
in

om
ia

l
(1

)
(2

)
(3

)
(4

)
(5

)
(6

)
(7

)
(8

)

L
ar

ge
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

Sm
al

l
fir

m
s

L
ar

ge
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

Sm
al

l
fir

m
s

N
o.

en
gi

ne
er

in
g

re
se

ar
ch

er
s

0.
01

1
0.

06
2*

**
0.

00
2

0.
00

3*
**

(0
.0

07
)

(0
.0

19
)

(0
.0

02
)

(0
.0

01
)

N
o.

bi
o

sc
ie

nc
e

re
se

ar
ch

er
s

0.
00

1
0.

02
1

0.
00

02
0.

00
1*

(0
.0

03
)

(0
.0

07
)

(0
.3

74
)

(0
.0

00
)

P
op

ul
at

io
n

pe
r

he
ct

ar
e

-0
.0

49
-0

.0
55

*
-0

.1
36

**
*

-0
.1

54
**

*
-0

.0
18

-0
.0

17
-0

.0
20

**
*

-0
.0

21
**

*
(0

.0
31

)
(0

.0
31

)
(0

.0
51

)
(0

.0
54

)
(0

.0
11

)
(0

.0
13

)
(0

.0
05

)
(0

.0
05

)
L

og
m

an
uf

ac
tu

ri
ng

em
pl

.
1.

47
9*

**
5.

75
1*

**
5.

13
9*

**
6.

05
9*

**
0.

93
8*

**
1.

02
5*

**
0.

73
3*

**
0.

79
4*

**
(0

.4
20

)
(0

.4
42

)
(1

.2
27

)
(1

.4
51

)
(0

.1
95

)
(0

.1
97

)
(0

.1
12

)
(0

.1
10

)
In

d.
di

ve
rs

ifi
ca

ti
on

-0
.0

10
-0

.0
11

0.
03

9
0.

03
9

-0
.0

00
3

0.
00

04
0.

00
7

0.
00

7*
(0

.0
18

)
(0

.0
18

)
(0

.0
30

)
(0

.0
30

)
(0

.0
06

)
(0

.0
07

)
(0

.0
04

)
(0

.0
04

)
Sk

ill
ed

/u
ns

ki
lle

d
la

bo
ur

6.
06

6*
**

6.
77

6*
**

13
.3

55
**

*
14

.2
31

**
*

2.
73

7*
**

2.
87

4*
**

2.
00

5*
**

2.
07

5*
**

(1
.8

36
)

(1
.8

59
)

(3
.0

41
)

(3
.5

63
)

(0
.6

63
)

(0
.6

65
)

(0
.3

12
)

(0
.3

65
)

L
og

R
&

D
0.

66
0*

*
0.

66
5*

*
1.

20
4*

*
1.

29
0*

*
0.

31
9*

**
0.

32
1*

**
0.

16
1*

**
0.

16
7*

**
(0

.2
86

)
(0

.2
82

)
(0

.4
92

)
(0

.5
04

)
(0

.0
99

)
(0

.0
98

)
(0

.0
46

)
(0

.0
48

)
C

on
st

an
t

-1
9.

36
6*

**
-2

2.
16

1*
**

-6
1.

95
8*

**
-7

1.
52

4*
**

-1
2.

53
9*

**
-1

3.
53

1*
**

-8
.1

22
**

*
-8

.8
08

**
*

(4
.4

69
)

(4
.7

41
)

(1
2.

96
5)

(1
5.

10
9)

(2
.2

85
)

(2
.2

37
)

(1
.2

71
)

(1
.2

57
)

R
-s

qu
ar

ed
0.

36
6

0.
34

4
0.

54
8

0.
50

5
N

11
7

11
7

11
7

11
7

11
7

11
7

11
7

11
7

N
o
te

:
*

in
d
ic

a
te

s
si

g
n
ifi

ca
n
ce

a
t

1
0
%

;
*
*

a
t

5
%

;
*
*
*

a
t

1
%

.

24



T
ab

le
6:

R
eg

re
ss

io
ns

:
O

L
S

an
d

N
eg

at
iv

e
B

in
om

ia
l

O
L

S
N

eg
at

iv
e

B
in

om
ia

l
(1

)
(2

)
(3

)
(4

)
(5

)
(6

)
(7

)
(8

)

L
ar

ge
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

Sm
al

l
fir

m
s

L
ar

ge
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

Sm
al

l
fir

m
s

N
o.

en
gi

ne
er

in
g

de
pt

:
<

4
-0

.1
21

0.
18

4
-0

.0
34

0.
03

8
(0

.2
44

)
(0

.5
56

)
(0

.0
85

)
(0

.0
49

)
N

o.
en

gi
ne

er
in

g
de

pt
:5

or
5*

0.
74

9*
2.

60
8*

**
0.

20
5*

*
0.

13
9*

*
(0

.4
05

)
(0

.9
79

)
(0

.1
04

)
(0

.0
59

)
N

o.
bi

o
sc

ie
nc

e
de

pt
:
<

4
-0

.2
56

0.
01

1
-0

.0
83

0.
02

2
(0

.2
81

)
(0

.6
35

)
(0

.0
96

)
(0

.0
44

)
N

o.
bi

o
sc

ie
nc

e
de

pt
:5

or
5*

0.
25

1
1.

56
2*

*
0.

06
3

0.
07

9*
*

(0
.2

71
)

(0
.7

61
)

(0
.0

68
)

(0
.0

38
)

P
op

ul
at

io
n

pe
r

he
ct

ar
e

-0
.0

60
**

-0
.0

53
-0

.1
78

**
*

-0
.1

56
**

*
-0

.0
24

-0
.0

18
-0

.0
22

**
*

-0
.0

22
**

*
(0

.0
28

)
(0

.0
32

)
(0

.0
42

)
(0

.0
55

)
(0

.0
11

)
(0

.0
13

)
(0

.0
05

)
(0

.0
05

)
L

og
m

an
uf

ac
tu

ri
ng

em
pl

.
1.

51
3*

**
1.

73
8*

**
5.

43
8*

**
5.

82
3*

**
0.

89
9*

**
1.

00
4*

**
0.

72
1*

**
0.

76
0*

**
(0

.4
64

)
(0

.4
33

)
(1

.3
59

)
(1

.3
84

)
(0

.1
80

)
(0

.1
90

)
(0

.1
07

)
(0

.1
02

)
In

d.
di

ve
rs

ifi
ca

ti
on

-0
.0

13
-0

.0
16

0.
02

7
0.

02
4

-0
.0

01
-0

.0
02

0.
00

6
0.

00
6

(0
.0

18
)

(0
.0

17
)

(0
.0

27
)

(0
.0

28
)

(0
.0

06
)

(0
.0

07
)

(0
.0

04
)

(0
.0

04
)

Sk
ill

ed
/u

ns
ki

lle
d

la
bo

ur
6.

13
5*

**
6.

47
3*

**
14

.5
33

**
*

13
.6

81
**

*
2.

81
3*

**
2.

84
2*

**
2.

04
2*

**
2.

04
0*

**
(1

.8
15

)
(1

.9
69

)
(3

.1
41

)
(3

.9
21

)
(0

.6
51

)
(0

.6
71

)
(0

.3
05

)
(0

.3
60

)
L

og
R

&
D

0.
68

9*
*

0.
65

4*
*

1.
43

6*
*

1.
39

4*
**

0.
33

2*
**

0.
33

0*
**

0.
18

8*
**

0.
17

8*
**

(0
.2

73
)

(0
.3

01
)

(0
.4

62
)

(0
.4

97
)

(0
.0

99
)

(0
.0

98
)

(0
.0

44
)

(0
.0

46
)

C
on

st
an

t
-1

9.
51

9*
**

-2
1.

37
0*

**
-6

5.
55

9*
**

-6
8.

42
9*

**
-1

2.
12

8*
**

-1
3.

12
2*

**
-8

.1
54

**
*

-8
.4

77
**

*
(4

.5
61

)
(4

.5
42

)
(1

3.
68

0)
(1

3.
56

2)
(2

.0
24

)
(2

.2
06

)
(1

.1
70

)
(1

.1
30

)
R

-s
qu

ar
ed

0.
38

9
0.

35
7

0.
55

0
0.

53
5

N
11

7
11

7
11

7
11

7
11

7
11

7
11

7
11

7

N
o
te

:
*

in
d
ic

a
te

s
si

g
n
ifi

ca
n
ce

a
t

1
0
%

;
*
*

a
t

5
%

;
*
*
*

a
t

1
%

.

25



T
ab

le
7:

R
eg

re
ss

io
ns

:
O

L
S

an
d

N
eg

at
iv

e
B

in
om

ia
l

O
L

S
N

eg
at

iv
e

B
in

om
ia

l
IV

O
L

S
C

on
tr

ol
Fu

nc
ti

on
(1

)
(2

)
(3

)
(4

)
(5

)
(6

)
(7

)
(8

)

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

R
A

E
gr

ad
e

en
gi

ne
er

in
g

0.
21

7
0.

86
8*

**
0.

06
0

0.
05

8*
**

0.
02

2
0.

28
8

0.
11

4
0.

08
9*

**
(0

.1
42

)
(0

.3
22

)
(0

.0
50

)
(0

.0
22

)
(0

.1
50

)
(0

.2
81

)
(0

.0
79

)
(0

.0
31

)

P
op

ul
at

io
n

pe
r

he
ct

ar
e

-0
.0

49
-0

.1
42

**
*

-0
.0

16
-0

.0
19

**
*

-0
.0

54
*

-0
.1

57
**

*
-0

.0
16

-0
.0

20
**

*
(0

.0
29

)
(0

.0
51

)
(0

.0
12

)
(0

.0
05

)
(0

.0
31

)
(0

.0
52

)
(0

.0
15

)
(0

.0
06

)
L

og
m

an
uf

ac
tu

ri
ng

em
pl

oy
m

en
t

1.
49

7*
**

5.
61

8*
**

0.
93

3*
**

0.
75

8*
**

1.
74

7*
**

6.
35

8*
**

1.
01

9*
**

0.
80

8*
**

(0
.4

22
)

(1
.3

90
)

(0
.2

12
)

(0
.1

17
)

(0
.4

82
)

(1
.5

87
)

(0
.2

55
)

(0
.1

31
)

In
d.

di
ve

rs
ifi

ca
ti

on
-0

.0
09

0.
03

8
0.

00
1

0.
00

7*
-0

.0
11

0.
03

5
0.

00
02

0.
00

7
(0

.0
17

)
(0

.0
31

)
(0

.0
07

)
(0

.0
04

)
(0

.0
18

)
(0

.0
29

)
(0

.0
08

)
(0

.0
04

)
Sk

ill
ed

/u
ns

ki
lle

d
la

bo
ur

6.
02

2*
**

14
.3

37
**

*
2.

61
4*

**
1.

98
5*

**
6.

81
6*

**
16

.6
91

**
*

2.
77

6*
**

2.
13

3*
**

(1
.6

28
)

(2
.7

95
)

(0
.7

19
)

(0
.3

17
)

(1
.7

92
)

(2
.8

56
)

(0
.8

41
)

(0
.3

67
)

L
og

R
&

D
0.

71
4*

*
1.

42
4*

*
0.

33
5*

**
0.

17
8*

**
0.

66
8*

*
1.

28
7*

*
0.

32
5*

**
0.

17
5*

**
(0

.2
86

)
(0

.5
08

)
(0

.0
98

)
(0

.0
47

)
(0

.2
81

)
(0

.5
25

)
(0

.1
06

)
(0

.0
51

)
C

on
st

an
t

-2
0.

03
5*

**
-6

8.
81

9*
**

-1
2.

68
1*

**
-8

.5
65

**
*

-2
2.

16
1*

**
-7

5.
12

5*
**

-1
3.

46
2*

**
-9

.0
65

**
*

(4
.4

97
)

(1
4.

84
2)

(2
.4

01
)

(1
.3

19
)

(5
.0

67
)

(1
6.

53
7)

(2
.7

75
)

(1
.5

32
)

C
on

tr
ol

T
er

m
-0

.0
97

-0
.0

53
*

(0
.0

77
)

(0
.0

30
)

1s
t

St
ag

e
P

ar
ti

al
R

2
0.

53
6

0.
53

6
F

-T
es

t
10

9.
81

4
10

9.
81

4
(0

.0
00

)
(0

.0
00

)
R

-s
qu

ar
ed

0.
36

2
0.

49
9

0.
63

3
0.

45
3

N
11

7
11

7
11

7
11

7
11

7
11

7
11

7
11

7

N
o
te

:
*

in
d
ic

a
te

s
si

g
n
ifi

ca
n
ce

a
t

1
0
%

;
*
*

a
t

5
%

;
*
*
*

a
t

1
%

.

26



T
ab

le
8:

R
eg

re
ss

io
ns

:
O

L
S

an
d

N
eg

at
iv

e
B

in
om

ia
l

O
L

S
N

eg
at

iv
e

B
in

om
ia

l
IV

O
L

S
C

on
tr

ol
Fu

nc
ti

on
(1

)
(2

)
(3

)
(4

)
(5

)
(6

)
(7

)
(8

)

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

R
A

E
gr

ad
e

bi
o

sc
ie

nc
e

0.
03

3
0.

66
2*

*
0.

00
1

0.
03

8*
0.

02
0

0.
26

4
0.

01
9

0.
07

7*
*

(0
.1

31
)

(0
.3

23
)

(0
.0

45
)

(0
.0

23
)

(0
.1

38
)

(0
.2

61
)

(0
.0

78
)

(0
.0

38
)

P
op

ul
at

io
n

pe
r

he
ct

ar
e

-0
.0

54
-0

.1
45

**
*

-0
.0

17
-0

.0
20

**
*

-0
.0

54
*

-0
.1

57
**

*
-0

.0
17

**
*

-0
.0

21
**

*
(0

.0
31

)
(0

.0
54

)
(0

.0
13

)
(0

.0
05

)
(0

.0
31

)
(0

.0
52

)
(0

.0
16

)
(0

.0
06

)
L

og
m

an
uf

ac
tu

ri
ng

em
pl

oy
m

en
t

1.
73

5*
**

5.
91

0*
**

1.
03

5*
**

0.
78

9*
**

1.
75

0*
**

6.
40

0*
**

1.
07

4*
**

0.
81

2*
**

(0
.4

27
)

(1
.4

30
)

(0
.2

22
)

(0
.1

21
)

(0
.4

78
)

(1
.5

93
)

(0
.2

59
)

(0
.1

36
)

In
d.

di
ve

rs
ifi

ca
ti

on
-0

.0
11

0.
03

1
0.

00
04

0.
00

7*
-0

.0
11

0.
03

2
0.

00
01

0.
00

7
(0

.0
17

)
(0

.0
29

)
(0

.0
07

)
(0

.0
04

)
(0

.0
18

)
(0

.0
28

)
(0

.0
08

)
(0

.0
04

)
Sk

ill
ed

/u
ns

ki
lle

d
la

bo
ur

6.
78

1*
**

15
.3

51
**

*
2.

89
2*

**
2.

11
4*

**
6.

82
8*

**
16

.8
59

**
*

2.
91

9*
**

2.
18

6*
**

(1
.7

40
)

(3
.1

38
)

(0
.7

04
)

(0
.3

48
)

(1
.7

55
)

(2
.8

66
)

(0
.8

67
)

(0
.3

88
)

L
og

R
&

D
0.

67
6*

*
1.

49
3*

*
0.

32
0*

**
0.

18
0*

**
0.

67
1*

*
1.

32
8*

*
0.

31
6*

**
0.

17
7*

**
(0

.2
90

)
(0

.4
95

)
(0

.1
00

)
(0

.0
46

)
(0

.2
83

)
(0

.5
25

)
(0

.1
10

)
(0

.0
46

)
C

on
st

an
t

-2
2.

07
6*

**
-7

1.
68

7*
**

-1
3.

62
9*

**
-8

.8
60

**
*

-2
2.

20
0*

**
-7

5.
63

6*
**

-1
3.

79
5*

**
-9

.0
92

**
*

(4
.6

35
)

(1
5.

27
8)

(2
.5

09
)

(1
.3

54
)

(5
.0

25
)

(1
6.

59
9)

(2
.7

98
)

(1
.4

94
)

C
on

tr
ol

T
er

m
-0

.0
27

-0
.0

55
(0

.0
87

)
(0

.0
36

)
1s

t
St

ag
e

P
ar

ti
al

R
2

0.
59

5
0.

59
5

F
-T

es
t

16
1.

62
1

16
1.

62
1

(0
.0

00
)

(0
.0

00
)

R
-s

qu
ar

ed
0.

34
4

0.
48

4
0.

30
9

0.
44

6
N

11
7

11
7

11
7

11
7

11
7

11
7

11
7

11
7

N
o
te

:
*

in
d
ic

a
te

s
si

g
n
ifi

ca
n
ce

a
t

1
0
%

;
*
*

a
t

5
%

;
*
*
*

a
t

1
%

.

27



T
ab

le
9:

R
eg

re
ss

io
ns

:
N

eg
at

iv
e

B
in

om
ia

l
Sp

at
ia

l
L

ag
of

U
ni

ve
rs

it
y

R
es

ea
rc

h
(1

)
(2

)
(3

)
(4

)
(5

)
(6

)

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

L
ar

ge
fir

m
s

Sm
al

l
fir

m
s

N
o.

of
un

iv
er

si
ti

es
0.

16
7

0.
20

6*
**

(0
.1

17
)

(0
.0

56
)

Sp
at

ia
l

L
ag

N
o.

of
un

iv
er

si
ti

es
0.

03
5

0.
04

1*
**

(0
.0

33
)

(0
.0

15
)

N
o.

en
gi

ne
er

de
pt

.
0.

07
7

0.
10

9*
**

(0
.0

55
)

(0
.0

30
)

Sp
at

ia
l

L
ag

N
o.

en
gi

ne
er

de
pt

.
-0

.0
02

0.
01

7*
(0

.0
21

)
(0

.0
09

)
N

o.
bi

ol
og

ic
al

sc
ie

nc
es

de
pt

.
0.

01
9

0.
10

7*
**

(0
.0

51
)

(0
.0

31
)

Sp
at

ia
l

L
ag

N
o.

bi
o

sc
ie

nc
e

de
pt

.
0.

00
2

0.
00

9
(0

.0
17

)
(0

.0
06

)

P
op

ul
at

io
n

pe
r

he
ct

ar
e

-0
.0

16
-0

.0
21

**
*

-0
.0

18
-0

.0
22

-0
.0

18
-0

.0
22

**
*

(0
.0

12
)

(0
.0

04
)

(0
.0

11
)

(0
.0

04
)

(0
.0

13
)

(0
.0

04
)

L
og

m
an

uf
ac

tu
ri

ng
em

pl
oy

m
en

t
0.

87
9*

**
0.

68
6*

**
0.

92
7*

**
0.

68
3*

**
0.

99
9*

**
0.

68
8*

**
(0

.2
07

)
(0

.1
04

)
(0

.2
09

)
(0

.1
14

)
(0

.2
16

)
(0

.1
18

)
In

d.
di

ve
rs

ifi
ca

ti
on

0.
00

04
0.

00
7

-0
.0

00
4

0.
00

6
0.

00
03

0.
00

6
(0

.0
07

)
(0

.0
04

)
(0

.0
07

)
(0

.0
04

)
(0

.0
07

)
(0

.0
04

)
Sk

ill
ed

/u
ns

ki
lle

d
la

bo
ur

2.
42

6*
**

1.
80

6*
**

2.
27

1*
**

1.
93

1*
**

2.
82

5*
**

1.
92

0*
**

(0
.7

02
)

(0
.2

49
)

(0
.6

68
)

(0
.2

69
)

(0
.7

11
)

(0
.2

71
)

L
og

R
&

D
0.

34
3*

**
0.

19
8*

**
0.

34
8*

**
0.

20
7*

**
0.

32
4*

**
0.

20
4*

**
(0

.1
03

)
(0

.0
50

)
(0

.1
01

)
(0

.0
43

)
(0

.1
01

)
(0

.0
43

)
C

on
st

an
t

-1
2.

24
2*

**
-8

.0
78

**
*

-1
2.

61
5*

**
-7

.9
69

**
*

-1
3.

28
6*

**
-7

.9
68

**
*

(2
.2

75
)

(1
.1

54
)

(2
.3

29
)

(1
.2

48
)

(2
.4

84
)

(1
.2

99
)

L
M

te
st

sp
at

ia
l

au
to

co
rr

3.
86

2
0.

02
0

5.
85

4
0.

91
9

4.
94

8
0.

93
2

(0
.0

49
)

(0
.8

89
)

(0
.0

16
)

(0
.3

38
)

(0
.0

26
)

(0
.3

34
)

N
11

7
11

7
11

7
11

7
11

7
11

7

N
o
te

:
*

in
d
ic

a
te

s
si

g
n
ifi

ca
n
ce

a
t

1
0
%

;
*
*

a
t

5
%

;
*
*
*

a
t

1
%

.

28


