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Abstract This article examines how the scientific
specialization of universities impacts new firm crea-
tion across industries at the local level. In accordance
with the Pavitt-Miozzo-Soete taxonomy, we consider
eight industry categories, which reflect the character-
istics of firms’ innovation patterns and, ultimately, the
knowledge inputs that firms require. Using data on
new firm creation in Italian provinces (i.e., at the
NUTS3 level), we estimate negative binomial regres-
sion models separately for each industry category to
relate new firm creation to the scientific specialization
in basic sciences, applied sciences and engineering,
and social sciences and humanities of neighboring
universities. We find that universities specialized in
applied sciences and engineering have a broad positive
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effect on new firm creation in a given province, this
effect being especially strong in service industries.
Conversely, the positive effect of university special-
ization in basic sciences is confined to new firm
creation in science-based manufacturing industries,
even if this effect is of large magnitude. Universities
specialized in social sciences and humanities have no
effect on new firm creation at the local level whatever
industry category is considered.

Keywords University specialization - New
firm creation - Geographical proximity -
Industry-specific innovation patterns

1 Introduction

Scholars have long debated on whether and how
universities exert an influence on the productive
system of the local context in which they are
embedded. Studies on this theme have traditionally
focused on the effects of university presence on R&D,
innovation and growth of firms located in neighboring
geographical areas (e.g., Jaffe 1989; Anselin et al.
2000; Fischer and Varga 2003). More recently,
scholars have focused attention on the impact of
universities on the creation of new firms at the local
level (see Acosta et al. 2011 and Bonaccorsi et al.
2013a for recent surveys of this emerging literature).

New firm creation is indeed an effective mechanism
to leverage the knowledge generated by universities.
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First, according to the knowledge spillover theory of
entrepreneurship (e.g., Audretsch 1995; Acs et al.
2009), universities produce knowledge that creates
new opportunities that can be exploited commercially.
These opportunities are often discarded by incumbent
firms, which are unable to recognize their potential
value and are unwilling to implement new products or
processes. Conversely, prospective entrepreneurs can
penetrate the knowledge filter (Acs and Plummer
2005) and create new ventures out of university
knowledge. Second, prospective entrepreneurs can
rely on university knowledge for solving complex
technological problems (e.g., Meyer-Krahmer and
Schmoch 1998; Cohen et al. 2002). In turn, this
facilitates the creation of new firms.

In order to benefit from university knowledge for
new firm creation, prospective entrepreneurs require
intense and frequent direct interactions with academic
personnel (Storper and Venables 2004; Morgan 2004).
As a corollary, geographical proximity to a university
plays a potential role for new firm creation (Audretsch
and Lehmann 2005). Accordingly, several empirical
studies have documented the positive impact of
different kinds of university knowledge—i.e., scien-
tific publications, academic patents and knowledge
embedded in university graduates—on new firm
creation at the local level (Harhoff 1999; Woodward
et al. 2006; Kirchhoff et al. 2007; Acosta et al. 2011;
Piva et al. 2011; Bonaccorsi et al. 2013b). This article
grounds on this literature and originally adds to it by
offering a comprehensive answer to two interlinked
research questions: (1) does the allegedly positive
effect of university knowledge on new firm creation at
the local level vary across industries, depending on the
peculiarities of industry-specific innovation patterns?
(2) Does this effect depend on the scientific special-
ization of universities?

Our main insight is that the diverse scientific
specialization of universities has a different impact on
new firm creation at the local level, depending on the
knowledge inputs required by firms that operate in
industries characterized by different innovation pat-
terns and the strenght of the knowledge filter of
incumbent firms in these industries. Knowledge spill-
ing over from universities with diverse scientific
specializations has indeed different value for the
creation of new firms in different industries, in terms
of both the new opportunities that this knowledge
creates and of the solutions to complex problems that it

@ Springer

provides. For instance, polytechnics generate techni-
cal knowledge, with quite immediate commercial
applications, and train highly qualified technicians,
such as engineers, architects and designers. Further-
more, new instruments and techniques developed
within engineering departments can be directly used
to improve production processes and to help solve
complex technical problems. Hence, we expect a
pervasive impact across industries of this type of
knowledge on new firm creation at the local level.
Conversely, biology, chemistry, physics and mathe-
matics departments generate more basic, fundamental
knowledge, whose practical applications are less
direct and immediate, or limited to specific industries.
Furthermore, the knowledge filter of incumbent firms
likely depends on the technological environment
typical of the industry in which incumbents operate.
The smaller (or greater) propensity of incumbent firms
to use new ideas derived from university knowledge,
thereby leaving more (or less) room for new firm
creation, is indeed related to the degree of uncertainty’
surrounding the further development and commercial
exploitation of these new ideas. A greater uncertainty
leads to greater inertia on the part of incumbent firms
(Audretsch and Keilbach 2007). In turn, uncertainty
differs across the scientific fields from which these
new ideas originate. On the basis of the above
considerations, it is reasonable to expect that univer-
sities having diverse scientific specializations nurture
local entrepreneurship differently in diverse
industries.

To answer the aforementioned research questions,
we cluster new firms in eight industry categories on
the basis of the characteristics of their innovation
patterns—and, ultimately, of the knowledge inputs
they require—according to a comprehensive taxon-
omy of both manufacturing and service economic
activities obtained by combining the taxonomies
proposed by Pavitt (1984) and by Miozzo and Soete
(2001). With respect to university specialization, we

! Following Knight’s (1921) distinction between uncertainty
and risk, Alvarez and Barney (2005) argue that while under risk
a probability distribution of the values of economic variables
can be calculated, no such calculation is possible under
uncertainty. Confronted with uncertainty, incumbent firms then
suffer from organizational inertia, leaving room for newly
created firms to capture the entrepreneurial opportunities
generated out of innovative ideas.
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distinguish among basic sciences, applied sciences
and engineering, and social sciences and humanities
(see Sect. 3 for a detailed description of the
scientific fields).

Our work originally advances our comprehension
of the relationship link between university knowledge
and new firm creation at the local level, an issue that
has both academic and policy relevance. Prior studies
have shown that the impact of university knowledge
on industrial R&D differs across industries and
depends on the scientific field in which this knowledge
is produced (Klevorick et al. 1995; Cohen et al. 2002).
However, these findings have not been fully integrated
within the research strand that studies the impact of
university knowledge on new firm creation at the local
level. The few studies that have considered the impact
on new firm creation of the scientific field of university
knowledge have focused on high-tech industries.
Reasonably enough, these works have shown that
university specialization in natural sciences and engi-
neering fosters local high-tech entrepreneurship
(Woodward et al. 2006; Abramovsky et al. 2007;
Kirchhoff et al. 2007; Baptista and Mendonga 2010),
while university specialization in social sciences has
no effect (Audretsch et al. 2005; Audretsch and
Lehmann 2005; for an exception relating to knowl-
edge-intensive business services, see Baptista and
Mendonga 2010). Nevertheless, these works have not
investigated whether and how the impact of university
specialization on new firm creation varies across
industries. In so doing, our article depicts a compre-
hensive picture of the impact of university knowledge
on local entrepreneurship across the entire productive
system. Therefore, it offers interesting suggestions to
policymakers who design policies in support of
entrepreneurship.

In the empirical part of the article, we consider the
Italian province (NUTS3 level) as a unit of analysis.
Separately for each industry category in the Pavitt-
Miozzo-Soete (PMS) taxonomy, we estimate negative
binomial regression models where the dependent
variable is the number of new firms created in each
province/industry category. In order to assess the
effect of university specialization, we examine
whether universities specialized in basic sciences,
applied sciences and engineering, and social sciences
and humanities influence new firm creation differently
at the local level in the eight industry categories. For

this purpose, we combine data from a number of rich
information sources, including the EUMIDA data-
base, containing data on Italian universities, and the
MOVIMPRESE directory, from which we extracted
the total population of new firms established in Italy
during 2010 in each industry category.

Our results suggest that university specialization in
basic sciences has a limited direct impact on new firm
creation at the local level across the eight industry
categories, its effect being confined to science-based
manufacturing industries. Conversely, proximity to
universities specialized in applied sciences and engi-
neering has a broader positive impact on new firm
creation, which spans across industry categories, and it
is especially strong in service industries. Finally,
university specialization in social sciences and
humanities does not engender any significant positive
effect on new firm creation in any of the eight industry
categories of the PMS taxonomy.

The remainder of the article is organized as follows.
The next section describes the PMS taxonomy and
links the characteristic of the innovation patterns in the
eight industry categories to the scientific specializa-
tion of universities. Section 3 illustrates the data, the
variables used in descriptive analyses and econometric
models, and the estimation method. Section 4 pro-
vides overall descriptions of the Italian university
system and productive system. Then, it reports the
results of the econometric estimates. Section 5 dis-
cusses these results and concludes the article.

2 The PMS industry taxonomy, university
scientific specialization and creation of new firms

As mentioned above, the present study moves from the
premise that universities with different scientific
specializations nurture territories with diverse knowl-
edge inputs. Contingent on the strenght of incumbent
firms’ knowledge filter, these knowledge inputs can be
leveraged by prospective entrepreneurs to create new
firms in different industry categories, which are
characterized by different innovation patterns. Thus,
we build on previous works that have emphasized that
industries differ in their patterns of innovation and
relate them to the research stream that has addressed
the impact of the scientific specialization of universi-
ties on the productive system.

@ Springer
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Focusing attention on manufacturing industries, the
seminal contribution by Pavitt (1984) proposes a
taxonomy that defines four industry categories with
common characteristics in terms of sources, nature and
directions of innovation: science-based (SB), supplier-
dominated (SD), scale-intensive (SI) and specialized-
supplier (SS) industries.

The SB industry category includes electronics
(inclusive of telecommunication equipment), com-
puters and pharmaceutical industries. Firms in this
group are the most R&D intensive ones. The
development of radically new products that meet
customers’ latent needs and allegedly create new
industry segments is a fundamental source of
competitive advantage for firms in SB industries.
The innovation pattern of these firms builds on their
ability to explore and take advantage of the techno-
logical opportunities generated by advancements in
scientific knowledge. Klevorick et al. (1995) high-
light that basic scientific fields (like biology for
pharmaceutical firms or physics for semiconductor
firms) have crucially driven technological progress
in SB industries. Hence, in these industries univer-
sity knowledge in both basic sciences and applied
sciences and engineering is a fundamental source of
new ideas for innovative products. The further
development and commercial exploitation of these
new ideas is surrounded by great uncertainty (in the
sense of Knight 1921). Because of this uncertainty,
incumbent firms suffering from organizational iner-
tia are slow in recognizing the business opportunities
associated with these innovations, especially the
most radical ones. Due to the knowledge filter of
incumbent firms, university knowledge in the above-
mentioned fields fuels new firm creation. In accor-
dance with this argument, most academic startups,
i.e., new firms created by academic personnel with
the aim of exploiting knowledge generated by
university research, fall in this industry category
(Rothaermel et al. 2007). Furthermore, the novelty
of the products developed by newly created SB firms
implies that these firms are often obliged to develop
internal capabilities to master process innovations
alike and to solve complex technical problems. For
this purpose, the knowledge inputs of local univer-
sities in basic sciences and in applied sciences and
engineering are again of paramount importance. In
sum, in the SB industry category we expect a
positive impact of university specialization in both
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basic sciences and applied sciences and engineering
on new firm creation at the local level.

Conversely, SD industries include firms operating
in traditional industries (e.g., textiles, leather goods,
furniture). These firms generally produce goods that
are simple from a technological viewpoint, while
their in-house R&D and engineering capabilities
tend to be weak or absent. Innovations are mainly
directed to process innovations aimed at reducing
costs. These innovations mainly come from suppli-
ers, being embodied in the capital equipment and
intermediate inputs. Accordingly, we expect the
impact of universities on new firm creation at the
local level to be weak, independently of university
scientific specialization.

Firms in SI industries produce consumer durables
(e.g., food, chemicals and motor vehicles) and
processed raw materials (e.g., metal manufacturing,
glass and cement). Their production activities gen-
erally involve mastering complex systems, and
economies of scale are a crucial source of compet-
itive advantage. SI firms produce a high proportion
of their own process technologies and need to
nurture internally the technological skills necessary
for this innovation activity. Therefore, geographical
proximity to universities specialized in applied
sciences and engineering makes it easier for new
firms in these industries to hire well-trained scien-
tists and engineers and access knowledge that solves
the complex technical problems arising in scaling up
production processes, and so this favors the creation
of new firms.

Finally, the SS industry category includes equip-
ment-building and mechanical engineering indus-
tries. The innovative activity of SS firms relates
primarily to product innovations that are used by
other industries as capital inputs. The competitive
success of these firms depends mainly on the
development of the distinctive capability to contin-
uously improve product design and assure product
reliability, and on firms’ ability to respond sensi-
tively and quickly to users’ changing needs. Accord-
ingly, as indicated by the seminal work by Von
Hippel (1976), users are a crucial source of knowl-
edge inputs for the innovative activity of SS firms.
Neighboring universities may favor the creation of
new SS firms to the extent that they offer them
knowledge inputs in applied sciences and engineer-
ing that help solve the new technical problems
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raised by users. Nonetheless, as collaborations with
users are compelling for SS firms, geographical
proximity to users is more important to new firms in
this industry category than the geographical prox-
imity to universities specialized in applied sciences
and engineering.

Let us now consider service industries. In the
original formulation, the Pavitt taxonomy classifies
service industries within the SD industry category.
Nevertheless, other studies have suggested that there
is heterogeneity in the patterns of innovation in
services. Tidd et al. (2001) propose a revised Pavitt
taxonomy adding a fifth category, that of informa-
tion-intensive firms. Evangelista (2000) classifies
service industries in four categories: technology
users, science and technology based, interactive and
IT based, and technical consultancy. De Jong and
Marsili (2006) propose a taxonomy for small and
micro firms in both manufacturing and services,
classifying firms into four categories that resemble
Pavitt’s taxonomy. Following more recent studies
(e.g., Dewick et al. 2004; Castellacci 2008; Castaldi
2009; Capasso et al. 2011; Forsman 2011), in this
article we combine the Pavitt taxonomy of manu-
facturing industries with the taxonomy of services
put forth by Miozzo and Soete (2001). Specifically,
these authors distinguish among four different
groups of service industries: knowledge-intensive
business services (KIBS),” supplier-dominated ser-
vices (SDS), physical network services (PNS) and
information network services (INS).

The KIBS category includes software, R&D ser-
vices, engineering and consultancy firms. KIBS
industries are to some extent similar to the SB
category in manufacturing industries in that (1) they
produce their own innovations, (2) they rely heavily on
R&D activities, and (3) their innovation patterns are in
a close relation with the scientific advances achieved
by universities (see, e.g., Castellacci 2008). Accord-
ingly, we expect that in this industry category,
university specialization in both basic sciences and
applied sciences and engineering engenders a positive

2 For sake of clarity, Miozzo and Soete (2001) identify the
industry category “science-based and specialized suppliers.” To
avoid confusion with the industry categories SB and SS in the
manufacturing industries, here we prefer to use the terminology
used by Castellacci (2008) and Castaldi (2009), which refers to
the KIBS category.

effect on new firm creation at the local level for
reasons similar to those illustrated in the discussion on
SB industries.

SDS industries are just the opposite of KIBS. The
SDS category includes hotels, restaurants, rental
services and personal services firms. Similarly to SD
manufacturing firms, SDS firms mainly rely for their
innovation activity on the purchase of capital goods
produced in manufacturing sectors or on the adoption
of information technology, while the knowledge
inputs generated by universities play a minor role.
Therefore, it is reasonable to expect that their inno-
vation pattern is similar to that of SD manufacturing
industries. Accordingly, we predict a negligible
impact of neighboring universities on new firm
creation in this industry category, whatever university
scientific specialization.

In PNS industries we find firms operating in
transport, energy, water, waste management, travel,
wholesale trade and distribution services. The ability
to design and manage large-scale physical networks
(e.g., energy and water transportation and distribution
networks, gas and oil pipelines, logistics networks) is a
crucial source of competitive advantage for PNS firms.
These firms need to develop internal R&D and
engineering capabilities oriented to process innova-
tion. Knowledge provided by universities is an essen-
tial input to solve the related technical problems.
Accordingly, as for the SI industry category, the local
availability of well-trained scientists and engineers
and the high-quality technical knowledge produced by
engineering and applied sciences university depart-
ments are expected to positively affect new firm
creation. Indeed, accessing these essential knowledge
inputs at distance would be very complex and costly
for new firms.

Finally, the INS industry category includes com-
munication, financial intermediation and insurance
services. These activities depend on large information
networks and heavily rely on efficient information
management. Patterns of innovation in this industry
category are similar to those in the SI and PNS
categories in that economies of scale are a key source
of competitive advantage. However, the advent of new
paradigms in computer and information network
technologies in the 1980s and 1990s have determined
radical technological and organizational changes
among INS firms, leading to the externalization of
information-based innovations and the simplification
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Table 1 Characteristics of the innovation patterns and predictions on the impact of university specialization on local entrepreneurship across industry categories
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of internal technological tasks.® Therefore, engineer-
ing skills have become less important for these firms.
Accordingly, the positive impact on new firm creation
of the specialization of local universities in applied
sciences and engineering is expected to be weaker than
in the SI and PNS industry categories.

The main characteristics of the innovation patterns
of firms in the eight industry categories and our
predictions relating to the impact of the scientific
specialization of universities on new firm creation at
the local level are synthesized in Table 1.

3 Data and methods
3.1 Data

We collected data on the population of new firms
established in Italy in 2010 (22,761 firms) from the
MOVIMPRESE (Union of the Italian Chambers of
Commerce) database. Data on new firms were then
aggregated according to the PMS taxonomy.* Data
on Italian universities were extracted from the
EUMIDA database. The database was developed
under a European Commission tender, and it is
based on official statistics produced by the National
Statistical Authorities in all 27 EU countries plus
Norway and Switzerland (for details, see EUMIDA
2010). The EUMIDA project consisted of two data
collection processes: Data Collection 1 included all
higher education institutions that are active in
graduate and postgraduate education (i.e., universi-
ties), but also in vocational training (2,457 institu-
tions in total). Out of them, 1,364 are defined as
research active institutions, implying that research
is considered by the institution as a constitutive part
of institutional activities and it is organized with a
durable perspective. Criteria for inclusion were the
following: the existence of institutionally recognized
research units; the existence of an official research

3 Rao (2001) highlights how the emergence of the stand-alone
software industry contributed greatly to undermining the in-
house R&D activity of telecommunication service firms (see
also Miozzo and Ramirez 2003). Similarly, the financial
industry experienced a significant rise in information system
outsourcing in the early 1990s (see, e.g., Altinkemer et al. 1994;
Palvia 1995).

4 See Appendix Tables 6 and 7 for the list of industries
included.
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mandate; the presence of regular PhD programs; the
consideration of research in the strategic objectives
and plans; and the regular funding for research
projects either from public agencies or from private
companies. Research active institutions include all
universities, but also non-PhD granting institutions
and college-like institutions that devote resources to
research, particularly in dual higher education
systems in Central and Northern Europe. Research
active institutions were the object of Data Collec-
tion 2, for which a larger set of variables were
collected. These variables include the disaggrega-
tion of the academic staff in six academic disci-
plines (as in 2008), namely: agriculture,
engineering (i.e., architecture, civil engineering,
industrial engineering and information engineer-
ings), humanities (i.e., arts, history, linguistics,
philosophy and psychology), medical sciences, nat-
ural sciences (i.e., biology, chemistry, earth sci-
ences, mathematics and physics) and social sciences
(i.e., economics, law and political sciences). We
extracted from the EUMIDA database information
on the location of all Italian research active
universities and, for each university, on the size of
the academic staff in the different academic disci-
plines. As will be explained in greater detail in
Sect. 3.2, academic disciplines are used to define
the scientific specialization—in basic sciences,
applied sciences and engineering, and social sci-
ences and humanities—of each Italian university.

Our final data set consists of 80 research active
universities and 22,761 new firms established in Italy
during 2010. We classified data into geographical
units (Italian provinces, equivalent to NUTS3 level)
according to the location of new firms and universities.
In particular, in 51 out of the 103 provinces considered
in this study, there is at least one research active
university.

In addition, we considered an array of characteris-
tics of Italian provinces. To this aim, we relied on
multiple sources of data. From the MOVIMPRESE
database we extracted the number of incumbent firms
in each Italian province as in 2009. As for new firms,
data on incumbent firms were aggregated according to
the PMS taxonomy alike. Furthermore, we used the
Italian National Institute of Statistics (ISTAT) and the

5 . . . . .
Information engineering includes computer sciences.

Istituto Tagliacarne® databases to extract data on
economic context, demographics and the infrastruc-
tural endowment of Italian provinces as in 2009.
Finally, we downloaded the list of Italian science
parks and business incubators as in 2009 from the
website of the Association of Italian Science and
Technology Parks (APSTI). A detailed description of
the variables used in this study is reported in the next
section.

3.2 Variables and estimation method

The aim of this article is to assess the impact of
university specialization on new firm creation at the
local level in different industry categories. Accord-
ingly, the dependent variable, Newfirm;;, is the
number of new firms established during 2010 in the
province i and in the industry category j, with j €
A = {SB, SD, SI, SS, KIBS, SDS, PNS, INS}.
Variables dealing with university specialization are
calculated according to the following three steps
procedure. First, we used the disaggregation of the
academic staff by academic discipline (i.e., engineer-
ing, humanities, medical sciences, natural sciences
and social sciences)’ reported in the EUMIDA data-
base to compute a Balassa Index (BI,,) for each
university « and academic discipline d (Balassa 1965).
Bl,; values range between zero and infinity with
neutral value at 1. Values higher than 1 mean that that
the university u is more specialized in the academic
discipline d than the average Italian university and
vice versa when values are lower than 1. Specifically:

staff.q > uStaffua
> aStaffua \ X, 4 5tffua

where staff,,; is the number of full professors,
associate professors and assistant professors enrolled
in the university u# and specialized in the academic
discipline d (engineering, humanities, medical sci-
ences, natural sciences and social sciences).

Second, we constructed three university special-
ization variables using the Italian provinces as the unit
of analysis and distinguishing between universities

BIu,d = (1>

S http://www.tagliacarne.it.

7 Since we do not consider agriculture in the industry taxon-
omy, we did not take into account the academic staff that is
specialized in agricultural sciences.
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specialized in basic sciences (UNI_BAS;), applied
sciences and engineering (UNI_APP;), and social
sciences and humanities (UNI_SSH;). Specifically,
UNI_BAS; is a dummy variable that equals 1 if in the
province i there is at least one university whose
academic staff is specialized in natural sciences (i.e.,
in the province i there is at least one university with a
Balassa Index in natural sciences >1). Similarly,
UNI_APP; is a dummy that equals 1 if in the province
i there is at least one university with a Balassa Index
that is >1 in engineering or in medical sciences and
UNI_SSH; equals 1 if in the province i there is at least
one university with a Balassa Index >1 in humanities
or social sciences.

Third, university knowledge does not exert effects
only within the border of the province in which the
university is located, but cross-border effects might
be at work. Indeed, new firm creation in a province
might be affected by specialized knowledge devel-
oped by universities located in neighboring prov-
inces (Woodward et al. 2006; Bonaccorsi et al.
2013b). Therefore, starting from the three university
specialization variables defined above, we consid-
ered the effect engendered by universities located in
neighboring provinces through the spatial weighted
variables UNI_BAS}, UNI_APP} and UNI_SSH;'.
These variables were constructed using the distance
between every possible pair of Italian provinces as a
weight (for a similar approach, see Fischer and
Varga 2003).% Specifically:

N X
! d

7 dik

with N =(1,...,103), (2)

where x € Q = (UNI_BAS,;, UNI_APP;, UNI_SSH;)
and d;; is the Euclidean distance (km) from the
centroid of the province i to the centroid of the
province k, with d;; = 1. According to Eq. (2), the
variables UNI_BAS}', UNI_APP} and UNI_SSH}
measure the geographical proximity to provinces in
which there are universities specialized in basic
sciences, applied sciences and engineering and social
sciences and humanities, respectively.

8 Data on the latitude and longitude of each province were
extracted from ISTAT databases to calculate distances among
provinces. Then, we calculated, by means of a GIS program, the
Euclidean distance (in km) between the centroids of each
province.
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As our dependent variable Newfirm;—i.e., the
number of new firms in province i in industry category
Jj—is a count variable, we evaluated the impact of
university specialization on new firm creation at the
local level by estimating a negative binomial regres-
sion model (for a similar approach, see Audretsch and
Lehmann 2005) separately for each industry category
in the PMS taxonomy.” We opted for the negative
binomial regression model instead of the Poisson
regression model as our dependent variable is charac-
terized by over-dispersion (Greene 2003; Hilbe
2007).'” We resorted to the following specification:

Newfirm; = exp(a+ fyUNI_BAS + p,UNI_APP)
+ B3UNI_SS iw +vZ;; + 8,‘J')

(3)
The vector Z; ; includes several control variables to
account for other factors affecting new firm creation at
the local level. First, knowledge spillovers do not
originate only because of university presence. Accord-
ing to the knowledge spillover theory of entrepreneur-
ship, also incumbent firms are a significant source of
knowledge inputs for new firms. The density of
incumbent firms in a geographical area has been
shown to significantly affect new firm creation at the
local level (e.g., Baptista and Swann 1999; Acs and
Plummer 2005). Therefore, we included the number of
incumbent firms in the industry category j per thou-
sand inhabitants in the province i (Firms_pop; ;).
Furthermore, knowledge spillovers may originate

° In the estimation of the negative binomial regression model
for each industry category, we also cluster data at the NUTS2
level. This approach should account for possible spatial
autocorrelation in our data (for a similar approach, see Baptista
and Mendonga 2010). In Sect. 4.2, we provide an additional
check to evaluate whether our results are biased because of
spatial autocorrelation. In particular, the results of the spatial
autoregressive model that we run on a transformation of our
dependent variable are very close to those of the negative
binomial regression model.

19 To evaluate the appropriateness of the negative binomial
regression model against the Poisson model, we performed a
likelihood ratio test, under the null hypothesis that the over-
dispersion coefficient is zero. Furthermore, as the dependent
variable assumes value zero in some industry categories in some
provinces, we also report the Vuong test to evaluate the
appropriateness of the negative binomial model against the zero
inflated negative binomial model. Results of the tests are
reported at the bottom of Table 5 (see Sect. 4.3) and confirm the
appropriateness of the negative binomial regression model.
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Table 2 Variables description

Geographical proximity to provinces in which there is at least a university specialized in applied sciences and
engineering. It has been constructed as a spatial weighted measure according to Eq. (2), using a dummy variable
that equals 1 if in the province i there is at least a university with a Balassa Index >1 in engineering or medical
sciences, according to the disaggregation of the academic staff by academic discipline reported in the EUMIDA

Geographical proximity to provinces in which there is at least a university specialized in basic sciences. It has been
constructed as a spatial weighted measure according to Eq. (2), using a dummy variable that equals 1 if in the
province i there is at least a university with Balassa Index >1 in natural sciences, according to the disaggregation

Variables Description
Newfirm; ; Number of new firms in the industry category j in the province i (source: MOVIMPRESE)
UNI_APPY

database
UNI_BASY

of the academic staff by academic discipline reported in the EUMIDA database
UNI_SSH}

Firms_pop;;

Geographical proximity to provinces in which there is at least a university specialized in social sciences and
humanities. It has been constructed as a spatial weighted measure according to Eq. (2), using a dummy variable
that equals 1 if in the province i there is at least a university with a Balassa Index >1 in social sciences or
humanities, according to the disaggregation of the academic staff by academic discipline reported in the
EUMIDA database

Number of incumbent firms belonging to the industry category j per thousand inhabitants in the province i (source:
MOVIMPRESE and ISTAT)

Herfindahl-Hirschman Index of the shares of incumbent firms in each industry (2 digit NACE classification) in the

Percentage of the number of unemployed individuals out of the total workforce in the province i (source: ISTAT)

Percentage of the population between 20 and 39 years old out of the total population in the province i (source:

Percentage of the population living in mountain areas out of the total population in the province i (source: ISTAT)
Dummy variable that equals 1 if in the province i there is at least a business incubator, zero otherwise (source:

Dummy variables indicating whether the province i is located in one of the following NUTSI areas: Nord-Ovest

HHI;
province i (source: MOVIMPRESE)
Density; Population per square meter in the province i (source: ISTAT)
Unemployment;
Index_infra; Index of economic infrastructures in the province i (source: Istituto Tagliacarne)
Pop_20_39;
ISTAT)
Pop_moun;
BI;
APSTI)
Dist_Capital; Distance (km) of the province i from the province of the NUTS2 administrative capital
NUTS1
dummies (ITC), Nord-Est (ITD), Centro (ITE) and Sud (ITF)

from firms in industries other than the focal industry
in which new firms operate (Jacobs 1969). The
higher is the industrial diversity the more valuable
are the knowledge spillovers from other industries
for new firm creation in province i (Feldman and
Audretsch 1999). Industrial diversity is inversely
captured by the Herfindahl-Hirschman Index (HHI;)
of the shares of incumbent firms operating in each
industry out of the total incumbent firms located in
province i (Kerr and Glaeser 2009). Following the
arguments above, we predict a positive coefficient
for variable Firms_pop;; and a negative coefficient
for variable HHI,.

Second, as a measure of the size of the regional
demand, we used the population density (Density;),
measured as the ratio between the population and the

area in square meters of the province. We expect to
find higher creation of new firms in provinces with
higher population density. Moreover, we included the
variable Dist_Capital;, that measures the distance (in
km) of the province i from the administrative capital of
the region at NUTS2 level (see Baptista and Mendo-
n¢a 2010, for a similar approach).

Third, individual characteristics do have an impact
on the probability to start a new firm. Accordingly, we
included the percentage of the population between 20
and 39 years old out of the total population in the
province i (Pop_20_39;) as we expect that individuals
in this age class have a higher propensity to entrepre-
neurship (Kerr and Glaeser 2009). In addition, unem-
ployed individuals may be more likely to start their
own venture as their opportunity costs of self-
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employment are low (see Carree et al. 2008 for a
discussion on this issue). To control for this effect, we
included the variable Unemployment;, measured as the
percentage of unemployed individuals out of the total
workforce in the province i. Fourth, some geograph-
ical areas have more hostile natural environments for
firms producing certain goods and services (e.g.,
mountain areas are inadequate for ship building or for
transporting very heavy products). Accordingly, we
posit that new firm creation at the local level is
affected by the cost disadvantages engendered by
natural environments (Ellison and Glaeser 1999). As a
proxy of these cost disadvantages, we included the
percentage of the population living in mountain areas
out of the total population in the province
i (Pop_moun).

Fifth, we controlled for the presence of economic
infrastructures in the province i, by including an index
of economic infrastructure development (Index_in-
fra;), in line with the view that an efficient infrastruc-
ture stimulates entrepreneurship, especially in services
(Piva et al. 2011).

Sixth, we included a dummy variable indicating if
in the province i there is at least one business incubator
(BI;). Indeed, business incubators assist nascent firms
in developing their business and provide them support
services (Colombo and Delmastro 2002)."!

Finally, to take into account the presence of a
North-South divide with respect to new firm creation
(e.g., Bonaccorsi et al. 2013a), we added dummy
variables at NUTSI level (i.e., Italian macro-areas).
We report in Table 2 the detailed description of
variables used in our study and in Table 3 their
summary statistics.

4 Results
4.1 The Italian university system

The Italian university system is one of the oldest in
the world. The University of Bologna claims to be

' For the sake of synthesis, the correlation matrix is reported in
the Appendix (Table A3). We also performed a variance
inflation factor (VIF) analysis, which suggests that multicollin-
earity is not a problem in our estimates. Indeed, in all industry
categories the mean VIF is below the 5 threshold, while the
maximum VIF is below the threshold of 10 (Belsley et al. 1980).
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the first university in Europe, together with Paris. By
the early 1600s, Italy had a fairly well-developed
university system.'” According to the tradition, the
most important disciplines were humanities (Studia
Humanitatis), philosophy (logic, natural philosophy,
theology and moral philosophy), medicine, mathe-
matics and law. The ancient model of universities
spanning basic sciences, applied sciences, humani-
ties and law, survived over centuries. Then, estab-
lished universities included new technical disciplines
(engineering) and social sciences (economics, busi-
ness, political science) within their scope. In addi-
tion, the increasing social demand for vocational
training and professional education that Italy expe-
rienced after the Second World War and in the
1970s has been channeled into the university system
(Kyvik 2004). The dominant model that has
emerged from these historical tendencies is thus
one of a Generalist University, covering a large span
of disciplines with teaching and research. Special-
ized universities by discipline (e.g., technical uni-
versities, medical universities) are indeed very rare
(Bonaccorsi and Daraio 2007).

The legacy of this historical tradition is still visible
in the data on scientific specialization of universities
we consider in this article (i.e., in basic sciences,
applied sciences and engineering and social sciences
and humanities). Specifically, it turns out that only 4,
10 and 18 Italian universities (out of 80) are special-
ized exclusively in basic sciences, applied science and
engineering and social sciences and humanities,
respectively. As to the other 48 universities, they are
specialized in more than one scientific field, or, in very
rare cases (2 out of 80), they have no particular
scientific specialization.

The four universities specialized exclusively in
basic sciences (i.e., Parma, Perugia, Cagliari and
Trieste) are located in peripheral areas. Universities

'2 Both Bologna and Paris claimed the honor of being the first
university in Europe; each began in the second half of the
twelfth century. The universities of Padua, Naples, Siena, Rome,
and Perugia followed between 1222 and 1308. After a pause, a
second wave occurred between 1343 and 1445, with the
establishment of Pisa, Florence, Pavia, Ferrara, Turin and
Catania. After another century-long pause, a third wave of late
Renaissance foundations created the universities of Macerata,
Salerno, Messina and Parma between 1540 and 1601 (Grendler
2002; p. 1). See also De Ridder-Symoens (1992) and Rashdall
(2010).
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specialized exclusively in applied sciences and engi-
neering include the four polytechnics (Milan, Torino,
Bari and Ancona) and some young universities such as
Campus Biomedico in Rome and Universita Mediter-
ranea in Reggio Calabria. Universities specialized
exclusively in social sciences and humanities include
some private business schools (e.g., Bocconi and
LUISS) and universities for foreign students (Siena
and Perugia). Finally, universities specialized in more
than one scientific field tend to be old and established
(e.g., Bologna, Padova, Pisa), with some examples of
younger institutions (e.g., Roma Tor Vergata,
Modena).

4.2 The Italian productive system according
to the PMS taxonomy

Table 4 reports the distribution of incumbent firms as
in 2009 (in the first two columns) and new firms
created in 2010 (in the third and fourth columns) in all
the eight industry categories of the PMS taxonomy.
The last column also shows the entry rate, i.e., the ratio
between the number of new firms and the number of
incumbent firms.

The sum of incumbent firms in services (INS, PNS,
SDS and KIBS industry categories) accounts for
77.95 % of the total number of incumbent firms in
all the industry categories. Furthermore, the percent-
age of new firms in services out of the total number of
new firms in all the industry categories is 83.15 %.
Considering that the percentage of exits in services out
of the total number of exits is 79.17 %, these figures
argue in favor of the increasing importance of services
in the Italian economy. This is hardly surprising: the
increasing weight of services over the overall eco-
nomic activities a mainstream tendency of developed
economies. Services are playing an increasingly
important role in most OECD countries (see, e.g.,
Pilat et al. 2006. See also Drejer 2004 and Miles 2005
for evidence in the UK and US, respectively).

Figures in Table 4 clearly highlight that SDS is the
largest industry category in the Italian economy,
accounting for 39.78 % of the total number of
incumbent firms in all industries and for 38.30 % of
the total number of new firms. Conversely, the SB
industry category is the smallest one (0.72 and 0.51 %
considering incumbent and new firms, respectively),
confirming the low specialization of the Italian
economy in high-tech manufacturing. However, a
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Table 3 Summary statistics
Variables Obs Mean SD Min Max
Newfirm; sp 103 1.12 2.44 0.00 17.00
Newfirm; sp 103 11.88 15.83 0.00 95.00
Newfirm; s 103 15.30 19.55 0.00 132.00
Newfirm; ss 103 8.92 13.09 0.00 99.00
Newfirm; kips 103 45.11  103.79 1.00 991.00
Newfirm; sps 103 84.63 123.49 3.00 1010.00
Newfirm; pys 103 47.70 73.75 1.00 630.00
Newfirm; jns 103 6.32 17.86 0.00 173.00
Firms_pop; sp 103 0.12 0.07 0.02 0.52
Firms_pop; sp 103 1.73 1.46 0.31 10.24
Firms_pop; s/ 103 2.17 0.80 0.90 4.75
Firms_pop; ss 103 0.65 0.42 0.09 1.84
Firms_pop; gigs 103 2.06 0.94 0.61 7.16
Firms_pop;sps 103 8.08 3.83 1.95 22.65
Firms_pop; pns 103 4.35 1.26 1.64 8.19
Firms_pop; ins 103 0.60 0.27 0.22 2.16
HHI; 103 0.11 0.02 0.08 0.18
Density; 103 0.25 0.34 0.04 2.63
Unemployment; 103 7.86 3.71 2.13 17.94
Index_infra; 103 0.14 0.12 0.04 1.00
Pop_20_39; 103 25.53 1.72 19.97 28.87
Pop_moun; 103 18.36 28.45 0.00 100.00
BI; 103 0.39 0.49 0.00 1.00
Dist_Capital; 103 64.03 43.84 0.00 175.77
UNI_BAS} 103 0.40 0.45 0.06 1.15
UNI_APP} 103 0.50 0.48 0.06 1.19
UNI_SSHY 103 0.50 0.48 0.06 1.18

different pattern emerges when looking at high-tech
services, i.e., the KIBS industry category. The per-
centage of KIBS incumbent firms out of the total
number of incumbent firms in all industries is
11.85 %. In addition, among the eight industry
categories, the KIBS category exhibits the highest
entry rate (2.97 %). The percentage of new firms in the
KIBS category with respect to the total number of new
firms is indeed 20.41 %. Furthermore, the percentage
of exits in the KIBS category with respect to the total
number of exits in all industries is 13.98 %. Overall,
this descriptive evidence suggests that high-tech
services are becoming increasingly important in the
Italian economy. Finally, it is worth noting that in
service industries entry rates are generally higher than
in manufacturing. The only exception in manufactur-
ing is the SS industry category, which exhibits a quite
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Table 4 New and incumbent firms across industry categories

Industry category Incumbent firms* New firms* Entry rate
No. % No. % %
Science based (SB) 9,516 0.72 115 0.51 1.21
Supplier dominated (SD) 106,265 8.04 1,224 5.38 1.15
Scale intensive (SI) 132,308 10.01 1,576 6.92 1.19
Specialized suppliers (SS) 43,317 3.28 919 4.04 2.12
All manufacturing 291,406 22.05 3,834 16.85 1.32
Knowledge intensive business services (KIBS) 156,619 11.85 4,646 20.41 2.97
Supplier dominated services (SDS) 525,897 39.78 8,717 38.3 1.66
Physical network services (PNS) 299,064 22.62 4913 21.59 1.64
Information network services (INS) 48,867 3.70 651 2.86 1.33
All services 1,030,447 77.95 18,927 83.15 1.84
All industry categories 1,321,853 100.00 22,761 100.00 1.72

Entry rate: percentage of new firms out of the total number of incumbent firms in the corresponding industry category

% Data on incumbent and new firms in each industry category refer to 2009 and 2010, respectively

high entry rate (2.12 %). This is probably related to the
fact that in the SS industries barriers to entry are quite
low, while they are rather high in the SI, INS and PNS
industries. Following the discussion in Sect. 2, in the
SI and PNS industry categories the cost advantages of
large incumbent firms that have already achieved
economies of scale may prevent new firm creation.'?
The presence of high barriers to entry in the INS
industry category is to be traced back to the fact that
this category includes regulated industries such as
telecommunications and financial services. Con-
versely, the low entry rate in the SD industry category
may be driven by the adverse economic conditions that
characterized Italy in 2010, which have negatively
affected consumers’ demand.'*

4.3 Results of the econometric estimates

The results of the econometric estimates of Eq. (3) for
the eight industry categories of the PMS taxonomy are
reported in Table 5. Panel A of Table 5 shows the

13 For a discussion on the mechanisms through which large
incumbent firms create barriers to entry, see, Caves and Porter
1977).

!4 The percentage of new firms in the SD category with respect
to the total number of new firms is indeed 5.38 %, while the
percentage of exits in the SD category with respect to the total
number of exits in all industries is 8.96 %.
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econometric estimates of manufacturing industries,
while panel B concerns services.

Results for control variables are in line with the
literature. We find evidence on knowledge spillovers
coming from local incumbent firms operating in the
same industry category. The coefficients for Firm-
s_pop;; are positive and significant in all industry
categories. Conversely, the role of industrial diversity
in determining new firm creation is much more
limited, being confined to the SD industry category.
The coefficient of the variable measuring population
density (Density;) is positive and significant in man-
ufacturing industries (with the exception of the SB
industry category) and in the SDS industry category.
Dist_Capital; has a negative and significant coefficient
only in the SD and PNS industry categories. The share
of population between 20 and 39 years old in the
province (Pop_20_39;) has a positive and significant
impact on new firm creation in all industry categories,
while the coefficient of Pop_moun; is negative and
significant in most industry categories (with the
exception of the SB, SD and INS industry categories).
Quite surprisingly, the presence of business incubators
(BI)) is not associated with a significantly higher
number of new firms in the SB industry category.
Conversely, entrepreneurship in SB industries is
higher in provinces with high unemployment rates.
In these provinces, the number of incumbent firms in
the SB industry category possibly is low. Accordingly,
the opportunity costs of self-employment are low, and
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Table 5 The impact of university presence and specialization on new firm creation in different industry categories

SB SD SI SS
Panel A: Manufacturing industries
Firms_pop;; 6.473%%% 0.376%%* 0.4647%%* 1.437%%%
(1.661) (0.090) (0.102) (0.329)
HHI; —1.493 —12.109%* 1.307 1.612
(11.646) (5.127) (4.370) (4.811)
Density; —-0.275 0.535%* 0.608%*%%* 0.295%%*
(0.392) (0.220) (0.178) (0.146)
Unemployment; 0.144* 0.036 0.003 0.012
(0.082) (0.031) (0.032) (0.020)
Index_infra; 0.327 —0.220 0.061 0.422
(1.170) (0.709) (0.391) (0.658)
Pop_20_39; 0.145%* 0.179%** 0.192%#%%* 0.179%%*
(0.072) (0.072) (0.043) (0.052)
Pop_moun; —0.001 —0.004 —0.004%* —0.004*
(0.004) (0.003) (0.002) (0.002)
BI; 0.327 0.261 0.4227%% 0.431%*
(0.285) (0.160) (0.194) (0.171)
Dist_Capital; —0.001 —0.004* —0.004 —0.003
(0.003) (0.002) (0.002) (0.002)
UNI_BAS} 0.640%* 0.161 0.093 0.023
(0.300) (0.219) (0.212) (0.167)
UNI_APP} 0.407 0.246 0.103 0.197
(0.346) (0.179) (0.139) (0.176)
UNI_SSH} —0.352 0.036 —0.003 0.188
(0.316) (0.189) (0.192) (0.178)
Constant —9.067#%* —3.082 —4.716%** —5.040%**
(2.502) (2.460) (1.152) (1.789)
NUTS1 dummies Yes Yes Yes Yes
No. of observations 103 103 103 103
Log likelihood —114.21 —291.42 —324.52 —264.53
McFadden pseudo R? 0.22 0.19 0.16 0.21
Vuong test (z) 0.85 1.21 0.00 0.88
LR test on overdispersion y*(1) 2.39% 99.70%%%* 172.46%** 74.16%%*
KIBS SDS PNS INS
Panel B: Services
Firms_industry; 0.64 1 *%** 0.176%%** 0.51 ] *%** 1.936%%*
(0.052) (0.050) (0.090) (0.423)
HHI; —0.318 —4.409 —1.445 —5.392
(3.277) (3.020) (3.371) (6.486)
Denisity; 0.115 0.449%%%* —-0.259 0.279
(0.212) 0.161) (0.220) (0.284)
Unemployment; 0.007 0.040 0.050%** 0.034
(0.027) (0.027) (0.023) (0.036)
Index_infra; 0.418 0.211 1.022%: 1.242%*
(0.609) (0.492) (0.418) (0.612)
Pop_20_39; 0.205%%*%* 0.209%%%* 0.257%#%%* 0.401%%*
(0.041) (0.057) (0.042) (0.049)
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Table 5 continued

KIBS SDS PNS INS
Pop_moun; —0.005%%% —0.004%%* —0.005%%** 0.001
(0.002) (0.001) (0.002) (0.004)
BI; 0.323** 0.318** 0.188 0.308
(0.128) (0.152) (0.124) (0.206)
Dist_Capital; —0.002 —0.001 —0.003** —0.006
(0.001) (0.001) (0.001) (0.004)
UNI_BASY 0.034 0.054 —0.062 —-0.114
(0.124) (0.135) (0.108) (0.231)
UNI_APP} 0.291** 0.286%* 0.327%%** 0.269
(0.130) (0.142) (0.119) (0.240)
UNI_SSHY 0.066 —0.083 0.184 —0.144
(0.160) (0.157) (0.166) (0.257)
Constant —4.318%%* —3.464 —6.404 %% —11.128%:**
(1.413) (2.165) (1.476) (1.897)
NUTS1 dummies Yes Yes Yes Yes
No. of observations 103 103 103 103
Log likelihood —394.85 —481.85 —408.67 —216.09
McFadden Pseudo R? 0.20 0.14 0.19 0.25
Vuong test (z) 0.30 —0.64 0.34 1.05
LR test on overdispersion 72D 429.72%*% 1,758.79%*%* 411.13%** 59.50%**

Negative binomial regression estimates on the effect of university specialization on new firm creation in the different industry
categories. The dependent variable is the number of new firms in province i and in the industry category j. Standard errors are in
brackets. The *, ** and *** indicate significance at the 10, 5 and 1 level, respectively

skilled people are more likely to start their own
venture with respect to provinces in which skilled
workers can be easily hired by SB incumbent firms.
Finally, as expected, Index_infra; is positive and
significant for the PNS and INS industries, suggesting
that the availability of infrastructures is relevant for
network industries.

We turn attention now to the role of university
specialization. First, in all estimates, we observe that
in accordance with our predictions the scientific
specialization in social sciences and humanities
(UNI_SSHY) is not significant at conventional confi-
dence levels.'> Furthermore, university specialization
in basic sciences influences new firm creation at the

!5 As a robustness check, we run additional regressions by
distinguishing the university specialization in basic, applied and
social sciences (i.e., we excluded humanities). Results are
similar to those reported in Table 5, confirming that the effect of
universities specialized in social sciences on new firm creation
at the local level is not significant. Results are available from the
authors upon request.
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local level only in SB industries. The coefficient of
UNI_BASY} [i.e., B; according to Eq. (3)] is positive
and significant at 5 %. To evaluate the magnitude of
this effect, we calculated the incidence rate ratio (IRR)
of By, i.e.,exp(B1).'® The IRR of 8 for the SB industry
category is 1.896, meaning that a one unit increase in
UNI_BAS} is associated with an 89.6 % increase in
the number of new SB firms in the province i. It is
worth noting that a one unit increase in UNI_BAS}
corresponds to the difference between a province in
which there is at least one university specialized in
basic sciences and a province without universities
specialized in this domain (holding constant the other
characteristics of the focal province and the effect of
universities located in other provinces). These results
are consistent with the view that the basic scientific
knowledge produced by local universities is a

6 The IRR is the ratio at which the dependent variable
increases (or decreases) for a one unit increase in the explan-
atory variable, while holding all other variables in the model
constant.



University specialization and new firm creation across industries

851

fundamental input of the innovation activity of new
SB firms. Conversely, for other industry categories we
did not find any significant impact of university
specialization in basic sciences. Quite surprisingly, the
coefficient of UNI_APP;}’ is not significant in the SB
and SI industry categories. However, university spe-
cialization in applied sciences and engineering engen-
ders a positive effect on new firm creation at the local
level in all service industries, with the exception of
INS industries, where the coefficient of UNI_APP} is
positive but it is not significant. The coefficient of
UNI_APP} is positive and significant at 5 % in the
KIBS and SDS industry categories and at 1 % in the
PNS industry category. The corresponding IRRs
associated with the f, coefficient are 1.338, 1.331
and 1.389 in the KIBS, SDS and PNS industry
categories, respectively. Hence, the presence of uni-
versities specialized in applied sciences and engineer-
ing in the province i results in a 33.8, 33.1 and 38.9 %
increase (ceteris paribus) in the number of new firms in
the KIBS, SDS and PNS industry categories, respec-
tively. Finally, we do not detect any significant effect
of university specialization in the SI, SS, SD and INS
industry categories. The fact that the effect of univer-
sity specialization in applied sciences and engineering
is not significant in the SI industry category is rather
surprising. Firms in this category usually need tech-
nical skills in order to scale up productive processes.
Nevertheless, geographical proximity to a university
seems not to be the main mechanism through which
new firms in this industry category access technical
knowledge. A possible reason lies in the fact that the
localization choice of these firms is more sensitive to
proximity to production inputs, like cheap labor, or to
the local availability of public support measures, than
to the characteristics of the local university system.

4.4 Robustness checks

To further validate our findings, we run three
robustness checks whose results are reported in the
Appendix. First, we re-run negative binomial
regression models in each industry category by
including three additional university variables. Spe-
cifically, UNI_Staff!’ is a measure of university size,
and it is defined as the number of full, associate and
assistant professors; UNI_Patents;” is the ratio

between the number of academic patents and the
number of full, associate and assistant professors;
and UNI_Third!" is the ratio between third party
funding and government core funding. These vari-
ables have been spatially weighted according to
expression (2). As shown in Table 9 of the Appen-
dix, results on university specialization are qualita-
tively similar to those reported in Table 5, although
statistical significance is somewhat weaker.

Second, one may argue that observing new firm
creation at one point in time (i.e., in 2010) may bias
our results. Therefore, we estimated the negative
binomial regression models using as dependent var-
iable the sum of the new firms created in 2009, 2010
and 2011 in each industry category. As shown in
Table 10 of the Appendix, results are largely
unchanged for the SB, PNS and KIBS industry
categories. However, the specialization in applied
sciences and engineering has a positive impact
significant at the conventional confidence levels also
in the SS and INS industry categories, while its impact
on SDS is negligible.

Finally, we controlled whether our results are
affected by spatial autocorrelation. To this aim, we
run Moran I tests to check spatial autocorrelation of
the post-estimation residuals of the negative bino-
mial regression models presented in Table 5. These
tests reject the null hypothesis of absence of spatial
autocorrelation in the residuals only in the SD and
PNS industry categories (at the 1 and 10 %
significance level, respectively). Therefore, we run
spatial autoregressive models (SAR), which include
a spatially weighted measure of the dependent
variable among the regressors to account for the
possible spatial autocorrelation in the dependent
variable. Ideally, we should have run SAR for count
data based on a Poisson distribution as proposed by
Lambert et al. (2010). However, at present there are
no routines in STATA (the econometric software
used in this study) to estimate these models. For
this reason, we run SAR models estimated via
maximum likelihood for each industry category
using as dependent variable the inverse hyperbolic
sine transformation of the number of new firms,
defined as log[Newfirm;; + (Newﬁrmfj—i— 1)!?]. This
transformation can be interpreted as a logarithmic
transformation, but it is appropriate when the
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dependent variable assumes, as in our case, value
zero for some observations (Burbidge et al. 1988).
Results are shown in Table 11 in the Appendix and
confirm the findings reported in Table 5."

5 Discussion and conclusions

In this article, we have discussed and offered detailed
empirical evidence on how new firm creation at the
local level across the eight industry categories of the
PMS taxonomy depends on the scientific specializa-
tion of neighboring universities. Results suggest that
university specialization in applied sciences and
engineering has a positive effect of nonnegligible
magnitude on local entrepreneurship in services.
Conversely, university specialization in social sci-
ences and humanities does not engender any signif-
icant effect on new firm creation in any industry
category. Furthermore, university specialization in
basic sciences matters only for SB industries, this
effect being of very large magnitude.

The contribution of the present article to extant
literature is twofold. First, our results complement
the evidence provided in the Yale (Klevorick et al.
1995) and the Carnegie Mellon (Cohen et al. 2002)
surveys on the impact of public research (i.e.,
research from universities and governmental R&D
laboratories) on industrial R&D in manufacturing
industries. This evidence suggests that public knowl-
edge in basic sciences is fundamental for industrial
R&D in a few selected industries (e.g., biology and
chemistry in pharmaceuticals, physics and mathe-
matics in semiconductors and aerospace, Cohen et al.
2002, p. 11). In most industries, respondents in the
Yale and Carnegie Mellon surveys consider public
research in engineering and applied sciences (nota-
bly, material sciences and computer sciences) to
contribute more importantly to industrial R&D than
research in the basic sciences. We add to this debate
by shifting the locus of inquiring from the impact of
public knowledge in diverse scientific fields on

17 We also estimated spatial error models (SEM) in the eight
industry categories using the same dependent variables. SEM
models take into account spatial autocorrelation by including in
the error term an additional component that is spatially
dependent. Results are qualitatively similar to those obtained
through the SAR models and are available from the authors upon
request.

@ Springer

industrial R&D to its impact on the creation of new
firms. Such a choice is undoubtedly of both academic
and practical relevance as startups are generally
regarded as the major beneficiaries of knowledge
produced by universities and governmental R&D
laboratories. Moreover, the aforementioned studies
have examined the impact of university specializa-
tion only in manufacturing industries. Conversely,
our work extends the boundaries of the analysis to
include service industries, thus contributing to the
literature that studies entrepreneurship and innova-
tion in services (Tether 2003, 2005; Tether and Tajar
2008; for a recent review see Miles 2012). Our
findings document the positive impact of university
knowledge in engineering and applied sciences for
local entrepreneurship in services. This impact is not
limited to the KIBS industry category. University
knowledge is important also in the PNS industry
category where the ability to design and manage
large-scale physical networks is a source of compet-
itive advantage.

Second, in the spirit of the call of the present special
issue, the article advances the knowledge spillover
theory of entrepreneurship (Audretsch 1995; Au-
dretsch and Lehmann 2005; Audretsch and Keilbach
2007; Acs et al. 2009). Prior works examining how
university knowledge spills over across territories to
nurture local entrepreneurship have focused on the
impact of university knowledge on new firm creation
in high-tech industries (Woodward et al. 2006;
Abramovsky et al. 2007; Kirchhoff et al. 2007;
Baptista and Mendonga 2010; Bonaccorsi et al.
2013b). Our results on new firm creation in the SB
and KIBS industry categories mimic those of the
aforementioned studies. Thus, the present article
offers further support to the idea that university
knowledge is a source of innovative opportunities
that, being neglected by incumbent firms, foster local
entrepreneurship in high-tech industries. More impor-
tantly, the article offers novel nuances to the knowl-
edge spillover theory of entrepreneurship by relating
the impact of the scientific specialization of universi-
ties on new firm creation to the specificities of the
innovation patterns in the eight industry categories of
the PMS taxonomy. Indeed, the positive impact of
university specialization in applied sciences and
engineering on local entrepreneurship in the PNS
and SDS industry categories suggests that universities
not only provide prospective entrepreneurs with
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innovative opportunities to be exploited commer-
cially, but also help them to solve the technical
problems they encounter while creating their ventures
out of entrepreneurial opportunities that are not
necessarily generated by universities (but, e.g., by
incumbent firms). These findings are consistent with
the view that innovation is not a linear process, in
which basic research directly leads to industrial R&D,
which, in turn, leads to development, production and
marketing. Prominent scholars (e.g., Kline and Rosen-
berg 1986; Von Hippel 1988; Nelson 1990; Rosenberg
1992) have suggested more complex models of
innovation, involving feedback, loops and non-
sequential interactions. As a further addition to the
knowledge spillover theory of entrepreneurship, it is
worth mentioning that we consider here a fine-grained
classification of the scientific specialization of univer-
sities. Recent works used instead a more general
aggregation of scientific fields, by grouping natural
and engineering sciences (e.g., Audretsch and Leh-
mann 2005; Baptista and Mendonga 2010. For an
exception, see Abramovsky et al. 2007). Our results
indicate that this distinction is important as the effect
of university specialization in basic and applied
sciences is quite diverse.

We are aware that the article has some limitations,
which leave room for further inquiry. First, although it
provides a comprehensive analysis of all industries in
the economy, it is limited to the Italian case. Extending
the analysis to other countries might help us under-
stand if results are driven by specificities of the Italian
productive and university system. In particular, we do
not detect any significant impact of universities
specialized in basic and applied sciences on new firm
creation in most manufacturing industries. This evi-
dence is rather puzzling and might be driven by the
low propensity to innovate across the Italian manu-
facturing system. Second, this study analyzes the
impact of university specialization on new firm
creation. It would be interesting to investigate whether
new firms benefit from specialized university knowl-
edge after foundation. For instance, do new firms
located in the neighborhood of universities specialized
in basic or applied sciences grow faster? Do they have
better chances of surviving? Third, our data refer to
2010, when Italy was still in the middle of a severe
recession initiated in 2008. Accordingly, the effect of

university specialization on new firm creation might
be weakened by the fact that, in that year, the global
crisis slowed down the entrepreneurial dynamics.
However, also an opposite effects might be at work as
during recession times high unemployment rates
reduce the opportunity costs of starting a new venture
(e.g., Thurik et al. 2008). Furthermore, while incum-
bent firms tend to reduce their R&D investments in a
crisis, and so knowledge spillovers from incumbent
firms are lower, university spillovers are less depen-
dent on economic cycles. Following this line of
reasoning, during recession times one may observe an
increase in the probability of starting a new venture
based on university spillovers. Hence, it would be
interesting to repeat this exercise in a booming period
in order to check how our results are affected by the
economic cycle. Finally, because of data availability,
the unit of analysis is the Italian province. A finer unit
of analysis would allow better evaluating the spatial
range of the effect of university specialization on local
entrepreneurship.

Despite the aforementioned limitations, our
results have interesting policy implications. First,
our findings reinforce the view that universities do
have an impact on new firm creation at the local
level. Specifically, the article shows that the impact
of university knowledge on local entrepreneurship is
not limited to high-tech industries and spans the
whole productive system. Therefore, our work offers
useful insights for the design of national and
regional policies to support local entrepreneurship
across industries, this being a major determinant of
growth for countries and regions (e.g., Fritsch 1997;
Audretsch and Keilbach 2004, 2005; Mueller 2006;
Carree and Thurik 2008; Carree et al. 2012). For
instance, policymakers who intend to foster science-
based entrepreneurship should provide support to
basic research. Indeed, confirming the earlier liter-
ature and in the spirit of the knowledge spillover
theory of entrepreneurship, we have found that basic
university research generates strong positive exter-
nalities for the SB industry category. Conversely,
support to applied science and engineering is likely
to be beneficial for local entrepreneurship in service
industries.

Second, our findings challenge the conventional
wisdom in public policies for innovation and innova-
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tive entrepreneurship (Larédo and Mustar 2001;
Llerena and Matt 2005; Nauwelaers and Wintjes
2008). These policies have by and large assumed
manufacturing industries, and notably SB industries,
as the conceptual reference point and the main target.
They have been aimed to foster the commercial
exploitation of scientific knowledge generated by
universities, e.g., through the support to the creation of
academic startups and incubators. Our findings are
thus somewhat puzzling for policymakers, since they
show that the most widespread effect of university
knowledge on new firm creation is to be found in
services, not in manufacturing. Service industries
account for about 80 % of the Italian economy. By
comparison, SB firms account for <1 % of the Italian
economy. Accordingly, our findings raise the question
of how new firm creation in services could be
facilitated and supported by strengthening the link

between the knowledge created by universities spe-
cialized in engineering and applied science and
prospective service entrepreneurs. Developing this
issue here is out of the scope of this article, but we
believe that it will be worth of further exploration if we
want public policies in support of entrepreneurship to
be really effective.
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Appendix
Industry categories

See Tables 6 and 7.

Table 6 Manufacturing industries according to the Pavitt (1984) taxonomy

Nace code Description Number of new firms
No. %

C21 Manufacture of basic pharmaceutical products and pharmaceutical preparations 3 2.61
C26 Manufacture of computer, electronic and optical products 112 97.39

Total science based 115 100.00
C13 Manufacture of textiles 147 12.01
Cl4 Manufacture of wearing apparel 291 23.717
C15 Manufacture of leather and related products 136 11.11
Cl16 Manufacture of wood and of products of wood and cork, except furniture manufacture 153 12.50
C17 Manufacture of paper and paper products 36 2.94
C18 Printing and reproduction of recorded media 129 10.54
C31 Manufacture of furniture 188 15.36
C32 Other manufacturing 144 11.76

Total supplier dominated 1,224 100.00
C10 Manufacture of food products 256 16.24
Cl11 Manufacture of beverages 0.51
Cl12 Manufacture of tobacco products 0 0.00
C19 Manufacture of coke and refined petroleum products 2 0.13
C20 Manufacture of chemicals and chemical products 60 3.81
C22 Manufacture of rubber and plastic products 117 7.42
C23 Manufacture of other non-metallic mineral products 186 11.80
C24 Manufacture of basic metals 31 1.97
C25 Manufacture of fabricated metal products, except machinery and equipment 793 50.32
C29 Manufacture of motor vehicles, trailers and semi-trailers 35 2.22
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Table 6 continued

Nace code Description Number of new firms
No. %

C30 Manufacture of other transport equipment 88 5.58
Total scale intensive 1,576 100.00

C27 Manufacture of electrical equipment 198 21.55

C28 Manufacture of machinery and equipment n.e.c. 368 40.04

C33 Repair and installation of machinery and equipment 353 38.41
Total specialized suppliers 919 100.00
Total all industries 22,761 -

Table 7 Services industries according to the Miozzo and Soete (2001) taxonomy

Nace Description Number of new
code firms
No. %
J62 Computer programming, consultancy and related activities 750  16.14
J63 Information service activities 492 10.59
M69 Legal and accounting activities 114 2.45
M70 Activities of head offices; management consultancy activities 1,263  27.18
M71 Architectural and engineering activities; technical testing and analysis 522 11.24
M72 Scientific research and development 92 1.98
M73 Advertising and market research 393 8.46
M74 Other professional, scientific and technical activities 889  19.13
R90 Creative, arts and entertainment activities 127 2.73
RO1 Libraries, archives, museums and other cultural activities 4 0.09
Total knowledge intensive business services 4,646 100.00
G47 Retail trade, except of motor vehicles and motorcycles 3,217  36.90
155 Accommodation 228 2.62
156 Food and beverage service activities 3,218  36.92
L68 Real estate activities 3,033 34.79
N77 Rental and leasing activities 238 2.73
N78 Employment activities 9 0.10
N79 Travel agency, tour operator reservation service and related activities 114 1.31
N80 Security and investigation activities 21 0.24
N81 Services to buildings and landscape activities 320 3.67
N82 Office administrative, office support and other business support activities 435 4.99
P85 Education 241 2.76
Q86 Human health activities 71 0.81
Q87 Residential care activities 13 0.15
Q88 Social work activities without accommodation 29 0.33
R92 Gambling and betting activities 37 0.42
R93 Sports activities and amusement and recreation activities 364 4.18
@ Springer
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Table 7 continued

Nace Description Number of new
code firms
No. %
594 Activities of membership organizations 1 0.01
S95 Repair of computers and personal and household goods 138 1.58
S96 Other personal service activities 642 7.36
Total supplier dominated services 8,717 100.00
D35 Electricity, gas, steam and air conditioning supply 307 6.25
E36 Water collection, treatment and supply 3 0.06
E37 Sewerage 4 0.08
E38 Waste collection, treatment and disposal activities; materials recovery 35 0.71
E39 Remediation activities and other waste management services 3 0.06
G45 Wholesale and retail trade and repair of motor vehicles and motorcycles 817  16.63
G46 Wholesale trade, except of motor vehicles and motorcycles 3,269  66.54
H49 Land transport and transport via pipelines 228 4.64
HS50 Water transport 8 0.16
H51 Air transport 4 0.08
H52 Warehousing and support activities for transportation 212 4.32
H53 Postal and courier activities 23 0.47
Total physical network services 4,913 100.00
J58 Publishing activities 100 15.36
J59 Motion picture, video and television programme production, sound recording and music publishing 95  14.59
activities
J60 Programming and broadcasting activities 6 0.92
Jol Telecommunications 49 7.53
K64 Financial service activities, except insurance and pension funding 264 40.55
K65 Insurance, reinsurance and pension funding, except compulsory social security 2 0.31
K66 Activities auxiliary to financial services and insurance activities 135  20.74
Total information network services 651 100.00
Total all industries 22,761 -

Correlation matrix

See Table
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Robustness checks

See Tables 9, 10 and 11.

Table 9 The impact of university presence and specialization on new firm creation in different industry categories with control for

university size

SB SD ST SS KIBS SDS PNS INS
Firms_pop; ; 5.407** 0.388*** 0.501%** 1.464%** 0.561*** 0.159%** 0.502%** 2.466%**
(2.326) (0.094) (0.101) (0.290) (0.095) (0.055) (0.087) (0.646)
HHI; —0.198 —10.305%%* 3.152 2.959 0.251 —2.407 0.696 —4.776
(12.779) (5.200) (4.400) (4.687) (3.379) (2.817) (3.304) (6.310)
Density; —0.064 0.526%* 0.595%** 0.263 0.239 0.485%** —0.330 0.448*
(0.685) (0.228) (0.194) (0.185) (0.202) (0.184) (0.208) (0.243)
Unemployment; 0.155* 0.034 0.004 0.018 0.000 0.031 0.044* 0.037
(0.091) (0.028) (0.028) (0.022) (0.026) (0.028) (0.025) (0.042)
Index_infra; —0.357 —0.200 0.068 0.394 0.291 0.089 1.077%%* 0.828
(1.205) (0.721) (0.408) (0.669) (0.636) (0.451) (0.403) (0.562)
Pop_20_39; 0.124%* 0.183%#** 0.1817%#** 0.167%** 0.207%** 0.2097%#* 0.269%** 0.396%**
(0.073) (0.070) (0.038) (0.046) (0.039) (0.052) (0.035) (0.049)
Pop_moun; 0.001 —0.003 —0.004* —0.004* —0.005%%%* —0.004%** —0.004* 0.002
(0.006) (0.003) (0.002) (0.002) (0.002) (0.002) (0.002) (0.004)
BI; 0.267 0.227 0.389%* 0.369%* 0.284%* 0.258 0.124 0.388*
(0.304) (0.175) (0.194) (0.181) (0.132) (0.179) (0.134) (0.211)
Dist_Capital; —0.002 —0.004* —0.004 —0.003* —0.002* —0.001 —0.003%*** —0.006*
(0.004) (0.002) (0.002) (0.002) (0.001) (0.001) (0.001) (0.003)
UNI_BAS} 0.495* 0.082 0.026 —0.075 0.001 —0.048 —0.166 —-0.010
(0.293) (0.240) (0.243) (0.175) (0.160) (0.173) (0.128) (0.250)
UNI_APP} 0.266 0.213 0.109 0.168 0.289* 0.223 0.254%* 0.378
(0.257) (0.182) (0.144) (0.174) (0.158) (0.148) (0.126) (0.268)
UNI_SSH}' —0.474 —0.072 —0.166 0.040 —0.063 —0.239 0.025 —0.140
(0.380) (0.208) (0.237) (0.173) (0.166) (0.163) (0.173) (0.271)
UNI_Staff}’ —0.062 0.008 —0.003 0.015 —0.017 0.016 0.031 —0.169
(0.063) (0.059) (0.058) (0.044) (0.059) (0.080) (0.054) (0.142)
UNI_Patents}’ 0.315%%* 0.109* 0.103 0.102 0.124%%:* 0.150%%* 0.146%** 0.099
(0.119) (0.060) (0.100) (0.064) (0.040) (0.042) (0.044) (0.069)
UNI_Third} —0.118 0.023 0.104** 0.106%* 0.028 0.044 0.029 —-0.117
(0.220) (0.053) (0.050) (0.048) (0.046) (0.055) (0.045) (0.074)
No. of 103 103 103 103 103 103 103 103
observations
Log likelihood —111.32 —289.92 —322.61 —262.25 —392.68 —478.24 —402.06 —214.11
McFadden 0.24 0.19 0.17 0.21 0.21 0.15 0.20 0.26
pseudo R?

Negative binomial regression estimates on the effect of university specialization on new firm creation in the different industry categories. The
endogenous variable is the number of new firms in the province i and in the industry category j. Standard errors are in brackets. The *, ** and ***
indicate significance at the 10, 5 and 1 % level, respectively. Constant and NUTS1 dummies are included in the regressions, but omitted from the table

for sake of synthesis
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Table 10 The impact of university presence and specialization on new firm creation in different industry categories with the sum of
new firms created in 2009, 2010 and 2011 as dependent variable

SB SD ST SS KIBS SDS PNS INS
Firms_pop; ; 5.476%** 0.400%** 0.573%** 1.482%%* 0.618*** 0.172%** 0.477%** 2.089%**
(1.211) (0.099) (0.099) (0.259) (0.057) (0.048) (0.086) (0.477)
HHI; 4.043 —10.295%%* 2.134 1.342 0.680 —2.778 —1.227 —1.006
(6.793) (4.147) (4.308) (4.193) (3.062) (3.041) (2.789) (4.764)
Density; 0.266 0.766%** 0.738%** 0.519%** 0.302 0.712%%** —0.045 0.597**
(0.264) (0.231) (0.144) (0.166) (0.208) (0.192) (0.198) (0.258)
Unemployment; —0.010 0.022 0.004 0.011 0.005 0.035 0.048** —0.001
(0.056) (0.028) (0.025) (0.025) (0.018) (0.024) (0.019) (0.036)
Index_infra; 0.690 —0.482 —0.087 0.141 0.368 0.082 0.755%* 0.488
(0.607) (0.720) (0.622) (0.528) (0.534) (0.480) (0.351) (0.608)
Pop_20_39; 0.222%% 0.184%% 0.160%** 0.147 %% 0.224 %33 0.210%%* 0.249%%* 0.357] %
(0.057) (0.071) (0.044) (0.052) (0.039) (0.056) (0.042) (0.042)
Pop_moun; —0.003 —0.004* —0.005%%*%* —0.004* —0.004** —0.004%** —0.005%%** —0.003
(0.003) (0.002) (0.002) (0.002) (0.002) (0.001) (0.002) (0.002)
BI; 0.370%* 0.271* 0.477%** 0.450%** 0.323 %% 0.336%* 0.192 0.318*
(0.182) (0.152) (0.179) (0.130) (0.110) (0.138) (0.126) (0.177)
Dist_Capital; —0.001 —0.002 —0.002 —0.002 —0.001 —0.000 —0.002 —0.003*
(0.003) (0.002) (0.001) (0.002) (0.001) (0.001) (0.001) (0.002)
UNI_BAS} 0.453** 0.218 0.109 —0.056 0.150 0.164 0.051 0.157
(0.229) (0.174) (0.165) (0.134) (0.101) (0.122) (0.103) (0.162)
UNI_APP} 0.328 0.222 0.177 0.298%* 0.271%* 0.219 0.322%%* 0.320*
(0.218) (0.161) (0.145) (0.147) (0.137) (0.143) (0.116) (0.188)
UNI_SSH} —0.110 0.029 —0.020 0.169 —0.023 —0.053 0.109 —0.153
(0.219) (0.207) (0.180) (0.164) (0.139) (0.157) (0.158) (0.220)
Constant —7.898%** —2.495 —3.243%%* —3.399%* —3.907%#%%* —2.678 —5.110%** —0.253%%%*
(2.356) (2.397) (1.278) (1.655) (1.394) (2.105) (1.399) (1.414)
NUTS1 dummies Yes Yes Yes Yes Yes Yes Yes Yes
No. of 103 103 103 103 103 103 103 103
observations
Log likelihood —185.89 —397.47 —422.78 —355.62 —494.40 —586.36 —514.03 —307.40
McFadden 0.24 0.17 0.16 0.19 0.18 0.13 0.17 0.24
pseudo R*

Negative binomial regression estimates on the effect of university specialization on new firm creation in the different industry categories. The
endogenous variable is the number of new firms in the province i and in the industry category j in the years 2009, 2010 and 2011. Standard errors are in
brackets. The *, ** and *** indicate significance at the 10, 5 and 1 % level, respectively
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Table 11 SAR models on the impact of university presence and specialization on new firm creation in different industry categories

SB SD SI SS KIBS SDS PNS INS
Firms_pop; ; 5.034 50 0.436%** 0.520%*:* 1.887%%* 0.672%%* 0.156%%* 0.608*** 1.869%#*
(1.394) (0.083) (0.144) (0.320) (0.111) (0.052) (0.079) (0.412)
HHI; —0.657 —13.655%** —5.223 0.047 —1.026 —7.071%* —5.128 —6.593
(3.558) (4.584) (4.958) (4.851) (3.953) (4.162) (3.128) (4.628)
Density; 0.166 0.726%#* 0.963 %3 0.519%* 0.143 0.685%#* —0.326 0.364
(0.216) (0.192) (0.184) (0.161) (0.227) (0.157) (0.216) (0.259)
Unemployment; 0.035 0.016 —0.024 —0.010 0.003 0.018 0.048* 0.021
(0.026) (0.038) (0.038) (0.036) (0.030) (0.040) (0.029) (0.036)
Index_infra; —0.211 —0.167 —0.184 0.085 0.347 —0.298 0.949* 1.069*
(0.604) (0.776) (0.622) (0.677) (0.626) (0.506) (0.488) (0.608)
Pop_20_39; 0.039 0.123 0.134 0.091 0.199%:#* 0.137%* 0.241 %% 0.324 %%
(0.053) (0.090) (0.069) (0.072) (0.056) (0.068) (0.054) (0.079)
Pop_moun; —0.001 —0.002 —0.003 —0.003 —0.005%:* —0.005%:* —0.006%** 0.002
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.003)
BI; 0.182 0.214 0.353%:* 0.451 %% 0.349%* 0.224 0.105 0.288*
(0.135) (0.187) (0.171) (0.153) (0.139) (0.159) (0.119) (0.156)
Dist_Capital; 0.001 —0.002 —0.003 —0.002 —0.001 —0.001 —0.003%* —0.004*
(0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.001) (0.002)
UNI_BAS} 0.346%* 0.253 0.095 0.082 0.045 0.001 —0.042 —0.005
(0.160) (0.191) (0.193) (0.179) (0.140) (0.145) (0.140) (0.165)
UNI_APP} 0.130 0.201 0.122 0.168 0.276%* 0.300%* 0.34 33 0.164
(0.164) (0.201) (0.173) (0.169) (0.122) (0.129) (0.133) (0.156)
UNI_SSH}' —0.156 0.126 —0.145 0.230 0.116 0.043 0.177 —0.050
(0.163) (0.196) (0.170) (0.187) (0.143) (0.154) (0.158) (0.156)
Spatial lag —1.106 —0.111 —0.652 —0.663 —0.005 —0.129 —0.520%* 0.129
(0.818) (0.474) (0.433) (0.467) (0.246) (0.217) (0.203) (0.455)
Constant —1.755 —0.802 —0.995 —1.487 —3.600%* —0.122 —4. 73] k% —8.102%%:#*
(1.616) (2.801) (2.173) (2.289) (1.828) (2.273) (1.729) (2.670)
NUTS1 dummies Yes Yes Yes Yes Yes Yes Yes Yes
No. of observations 103 103 103 103 103 103 103 103
Log likelihood —90.55 —113.29 —100.16 —99.49 —85.06 —89.97 —68.63 —105.71
Variance ratio 0.46 0.69 0.64 0.72 0.77 0.74 0.80 0.71

Spatial autoregressive model estimates on the effect of university specialization on new firm creation in the different industry categories. The
endogenous variable is the inverse hyperbolic sine transformation of the number of new firms in the province i and in the industry category j, defined as

log[Newfirm;; + (Newfirmz; + 1)'*
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