SIS 12022

91st Scientific Meeting
of the Italian Statistical Society

Caserta, 22-24 June
° Universita
degli Studi Societa
@ della Campania Italiana di
Liigi Vawitli 4P Stetstica

Ok vm Www.unicampania.it

sy 000

Book of the Short Papers

Editors: Antonio Balzanella, Matilde Bini,
Carlo Cavicchia, Rosanna Verde

I.L,.

A 4
&
SIN

Citta di Caserta

UNIVERSITA
DEG : IISTUDI
)
Osas

L Pearson



Matilde Bini (Chair of the Program Commiittee) - Universita Europea di Roma
Rosanna Verde (Chair of the Local Organizing Committee) - Universita della Campania “Luigi Vanvitelli”

PROGRAM COMMITTEE

Matilde Bini (Chair), Giovanna Boccuzzo, Antonio Canale, Maurizio Carpita, Carlo Cavicchia, Claudio Con-
versano, Fabio Crescenzi, Domenico De Stefano, Lara Fontanella, Ornella Giambalvo, Gabriella Grassia - Uni-
versita degli Studi di Napoli Federico II, Tiziana Laureti, Caterina Liberati, Lucio Masserini, Cira Perna, Pier
Francesco Perri, Elena Pirani, Gennaro Punzo, Emanuele Raffinetti, Matteo Ruggiero, Salvatore Strozza, Ro-
sanna Verde, Donatella Vicari.

LOCAL ORGANIZING COMMITTEE

Rosanna Verde (Chair), Antonio Balzanella, Ida Camminatiello, Lelio Campanile, Stefania Capecchi, Andrea
Diana, Michele Gallo, Giuseppe Giordano, Ferdinando Grillo, Mauro lacono, Antonio Irpino, Rosaria Lom-
bardo, Michele Mastroianni, Fabrizio Maturo, Fiammetta Marulli, Paolo Mazzocchi, Marco Menale, Giuseppe
Pandolfi, Antonella Rocca, Elvira Romano, Biagio Simonetti.

ORGANIZERS OF SPECIALIZED, SOLICITED, AND GUEST SESSIONS

Arianna Agosto, Raffaele Argiento, Massimo Aria, Rossella Berni, Rosalia Castellano, Marta Catalano, Paola
Cerchiello, Francesco Maria Chelli, Enrico Ciavolino, Pier Luigi Conti, Lisa Crosato, Marusca De Castris, Gio-
vanni De Luca, Enrico Di Bella, Daniele Durante, Maria Rosaria Ferrante, Francesca Fortuna, Giuseppe Ga-
brielli, Stefania Galimberti, Francesca Giambona, Francesca Greselin, Elena Grimaccia, Raffacle Guetto,
Rosalba Ignaccolo, Giovanna Jona Lasinio, Eugenio Lippiello, Rosaria Lombardo, Marica Manisera, Daniela
Marella, Michelangelo Misuraca, Alessia Naccarato, Alessio Pollice, Giancarlo Ragozini, Giuseppe Luca Ro-
magnoli, Alessandra Righi, Cecilia Tomassini, Arjuna Tuzzi, Simone Vantini, Agnese Vitali, Giorgia Zaccaria.

ADDITIONAL COLLABORATORS TO THE REVIEWING ACTIVITIES

Ilaria Lucrezia Amerise, Ilaria Benedetti, Andrea Bucci, Annalisa Busetta, Francesca Condino, Anthony Cos-
sari, Paolo Carmelo Cozzucoli, Simone Di Zio, Paolo Giudici, Antonio Irpino, Fabrizio Maturo, Elvira Romano,
Annalina Sarra, Alessandro Spelta, Manuela Stranges, Pasquale Valentini, Giorgia Zaccaria.

Copyright © 2022
PUBLISHED BY PEARSON
WWW.PEARSON.COM

ISBN 9788891932310



Statistical methods and models for Sports Analytics

The 'hot shoe' in soccer penalty shootouts
Andreas Groll and Marius Otting

G-RAPM: revisiting player contributions in regularized adjusted

plus-minus Mmodels forbasketball analytics
Luca Grassetti

Formative vs Reflective constructs: a CTA-PLS approach on a

goalkeepers’ performance model
Mattia Cefis and Eugenio Brentari

Integrating available Data Sources for Official Statistics

The Use of Administrative Data for the Estimation of Italian Usually

Resident Population
Marco Caputi, Giampaolo De Matteis, Gerardo Gallo and Donatella Zindato

New frontiers for the analysis of the territorial economic
phenomena

An empirical tool to classify industries by regional concentration and

spatial polarization
Diego Giuliani, Maria Michela Dickson, Flavio Santi and Giuseppe Espa

Comparing non-compensatory composite indicators: a case study

based on SDG for Mediterranean countries
Francesca Mariani, Mariateresa Ciommi, Maria Cristina Recchioni, Giuseppe Ricciardo Lamonica and Francesco Maria Chell

Evaluating the determinants of innovation from a spatio-temporal
perspective. The GWPR approach

Gaetano Musella, Giorgia Rivieccio and Emma Bruno

Dimension Reduction for complex data

Discrimination and clustering via principal components
Nikolay Trendafilov and Violetta Simonacci

Exploratory graph analysis for configural invariance assessment
Sara Fontanella, Alex Cucco and Nicola Pronello

Penalized likelihood factor analysis
Kei Hirose

VI

312
313

319

323

329

330

339

340

346

354

366
367

373

379



Evaluating the determinants of innovation from a
spatio-temporal  perspective. The GWPR
approach

Una prospettiva spazio-temporale per lo studio delle
determinanti dell’innovazione. L’approccio GWPR

Gactano Musella, Giorgia Rivieccio, Emma Bruno

Abstract Innovation is one of the main leverages of regional economic
development. It has been previously studied through classical methods (e.g., OLS)
without considering the potential spatial heterogeneity influence. Local regression
methods, such as geographically weighted regression (GWR), might describe the
phenomenon more appropriately. The geographically weighted panel regression
(GWPR) combines GWR with panel estimation controlling for spatial and individual
heterogeneity as a methodological enhancement. This paper compares the estimates
of GWPR, GWR and global models using data on 287 NUTS-2 European regions in
2014-2021. The results confirm that GWPR estimations significantly differ from
GWR and global models, potentially producing new patterns and findings.

Abstract L’innovazione ¢ una delle principali leve dello sviluppo economico
regionale. Gli studi precedenti hanno analizzato il fenomeno utilizzando modelli
classici (ad esempio, OLS) senza considerare la potenziale influenza
dell'eterogeneita spaziale. Il fenomeno potrebbe essere descritto in modo piu
appropriato dai metodi di regressione locale, come la geographically weighted
regression (GWR). La geographically weighted panel regression (GWPR)
rappresenta un avanzamento metodologico combinando la GWR con i modelli
panel. Il presente lavoro confronta la GWPR con i modelli classici e con la GWR
utilizzando dati su 287 regioni europee nel 2014-2021. L’analisi evidenzia come la
GWPR produca risultati significativamente diversi dalla GWR e dai modelli globali.
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1 Introduction

During the last years, innovation has claimed the interest of scholars around the
world. Ahmad and Zheng (2022) highlighted the leading role played by innovation
as an engine driver for economic growth, dynamism, and competitiveness. This
interest has led to several European policies aimed to foster the innovation
performance of firms and territories. For example, the European Union established
in early 2002s the 'Lisbon Strategy' proposing a multitude of guidelines to improve
the Member States' economic development. Enhancing the knowledge-based
economy, a pillar of good innovation performance, was considered a cornerstone of
the EU strategy to make the Union most competitive and dynamic over a decade
(European Communities, 2009).

It is not surprising that many researchers have aimed to identify the factors that
encourage or hinder companies or territories in developing and adopting
innovations. One of the starting points of previous research was investigating the
relationship between the output side of innovation — which can be proxied by several
variables such as patents or designs — and the more intuitive input side, namely
research and development (R&D) expenditure. The R&D has empirically proved its
fostering action in different periods and territories (Park, (2005); Kim et al., (2012)).
However, Shefer and Frenkel (2005) highlighted that the innovation-R&D
relationship is related, albeit with different degrees, to firm size, organisational
structure, ownership type, industrial branch, and location. What emerged from their
study is that large firms tend to invest more in R&D than the small ones, and the
pivotal role of urban areas composition since R&D tends to be concentrated in large
urban areas. In other words, there is a spatially varying impact of R&D since it plays
a more significant role in creating innovation in central than peripheral areas. Many
other drivers of innovation exist, with the empirical and theoretical literature that has
ranged its interest from human capital (Rodriguez-Pose and Wilkie, (2019)), to the
composition of the workforce (Lopes et al., (2021)), to scientific collaborations
(Ganau and Grandinetti, (2021)). A spatially varying relationship with innovation
might be present for each of them.

Studies considering the territorial distribution of innovation determinants are still
scarce despite many contributions. The expected relationship might differ in
different territories since regions' development is uneven, and within the same
territory, the time dimension deserves the proper attention. In other words, the
relationship between innovation and its drivers presented in the most existing
literature is essentially a global estimate, as the relationship applies invariantly over
space. Such estimates might be informative at a large spatial scale but might be
misleading for regional development programmes. Promoting regional development
requires analysing the regional disparities. Studies considering the spatial dimension
in the innovation generating process exist. However, they lack an empirical
framework to explore the hypothesis that driving factors have a different impact on
innovation performance in different territories. For example, Moreno et al. (2005)
examined the spatial distribution of innovative activity in European regions. They
pointed out the relevance of R&D and agglomeration economies for local
development. Ganau and Grandinetti (2021) tested the role of innovation inputs in a
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Evaluating the determinants of innovation from a spatio-temporal perspective...
regional heterogeneity perspective. The authors find that public and business R&D
expenditure factors do not work unconditionally and everywhere. While the scholars
aimed to analyse the spatial heterogeneity of innovation enhancing factors, their
work was based on an average relationship estimated through a Probit model.

To overcome this lack in spatial econometrics models, geographically weighted
regression (GWR) was proposed (Brundson et al., (1996); Fotheringam et al.,
(1997)). This local spatial approach allows constructing local models and estimating
local regression coefficients. As the main advantage, GWR coefficients vary across
the space, allowing to explore spatial heterogeneity explicitly. While GWR is a
useful exploratory technique for studying phenomena where spatial non-stationarity
is suspected, it suffers drawbacks, such as potential coefficients' multicollinearity
(Bruna and Yu, (2013)). Moreover, in the GWR, local models capture the
geographic space information through cross-sectional data, not exploring the
possibility that relationships are potentially varying also in temporal space. A first
attempt to combine geographic space with temporal space was by Yu (2010), who
proposed geographically weighted panel regression (GWPR) by combining GWR
with the panel data model. As the main methodological advancement, GWPR allows
studying local responses and detecting the presence of specific space-time patterns
in the data.

This paper presents GWPR in the context of innovation studies seeking to
contribute to the literature in two ways. First, to our best knowledge, this is the first
research to examine how the relationships between innovation and its determinants
vary locally. Second, we evaluate whether new previously hidden insights in the
dataset arise by considering the temporal space in local models. For this purpose, by
resorting to an innovation panel data from 2014 to 2021 for European regions
(NUTS-2 of Eurostat classification), we compare the GWR results (estimated on
2014 and 2021 data) and GWPR estimations (on the whole period).

This article is structured as follows. In Section 2, we present the local models'
framework. Section 3 offers the methodological details, while Section 4 presents the
dataset used. In Section 5, the results for different models are compared and
analysed. Section 6 concludes.

2 The path of spatio-temporal analysis

The ordinary least square (OLS) regression has always been one of the most useful
methods to investigate the relationships among variables. It can, however, easily
produce biased or inefficient estimations when the assumptions necessary for its
implementation are no longer valid. Specifically, when dealing with spatial data, the
dependency between nearby observations could break the assumption of
uncorrelated residuals. The spatial proximity influences the relationships between
phenomena or objects: observations are related to one another, but closest
observations are more related than those further away. Moreover, empirical evidence
shows that the assumption of stationarity over space may be unrealistic since non-
stationarity often concerns spatial data (Fotheringham et al., (1997); Leung et al.,
(2000)). So, the occurrence of spatial non-stationarity, i.e., the influence of
explanatory variables on the dependent variable varies with the location of the
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observations, needs modelling strategies that take it into account (Fotheringham et
al., (2003)).

Geographically Weighted Regression (GWR) is a local exploratory technique
investigating heterogeneity in data relationships across space. It suits situations
when the global (stationary) model does not properly describe spatial relationships
and a localised fit is needed. The model, pioneered by Brunsdon et al. (1996),
extends the OLS regression framework by allowing local rather than global
parameters to be estimated for each relationship in the model. By repeating the
estimation procedure at each point in space, GWR estimates as many coefficients as
local areas, thereby better reflecting the spatially varying relationships between
dependent and explanatory variables.

Yu (2010) took another step forward in exploring spatial heterogeneity by
combining GWR and panel data analysis. Geographically Weighted Panel
Regression (GWRP) involves the time dimension in the GWR model assessing the
time series of observations at a specific area as a realisation of a smooth spatio-
temporal process (Bruna and Yu, (2013)). Such a spatiotemporal process is based on
the idea that closer observations, either in space or time, are more related than
distant ones. This approach addresses two issues: i) it takes the spatial structure of
the data and non-stationary variables into account, extending the classical linear
regression to local spatial models providing specific parameters for each local area;
ii) it also considers the time dimension, allowing for more accurate results than the
pooled models. The enlarged sample size gives more degrees of freedom and
reduces the collinearity among explanatory variables, thus improving the efficiency
of econometric estimates (Wooldridge, (2002)).

3 Methodology

This paper investigates the determinants of innovation and the spatial non-
stationarity of relationships across European regions. Following the procedure
suggested by Yu (2010), we perform the analysis by using the GWPR. A fixed or
random effects model can be applied to obtain the spatially varying parameters.
Since we resorted to the fixed effects model, we present this specification. For a set
of locations indexed by i = 1, 2, ..., N observed throughout the study period t = 1, 2,
..., T, the GWPR with fixed effects can be written as (Yu, (2010)):

P

Yie = Boic, vie) + Z B i, vie )Xige + €5 =12, ,N;t=12,..,T (1)

=1

where u;, vi are the geographical coordinates for the i-th location at time t; yi, Xin,
and g; are, respectively, the dependent variable, the k-th explanatory variable, and
the error term at the i-#4 location; p is the number of explanatory variables. Si(ui, vi)
is the coefficient of the k-t variable for the i-¢h unit, while So(ui, vi) is the intercept
that denotes the time-invariant fixed effects. The Weighted Least Squares approach
estimates the parameters in the GWPR model. Based on the assumption that for each
regression point (i), closer observations have more influence in estimating
parameters than more remote observations, the weight system (W) is defined as a
function of the distance. More specifically, W is calculated with the bi-square kernel
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Evaluating the determinants of innovation from a spatio-temporal perspective...
function, which assigns the observations a decreasing weight with distance, and this
weight is zero above a specific distance (bandwidth) (Bruna and Yu, (2013)):

2
d.\?
Wy = (1 - (h_lj> ) ifd;; < h;, 0 otherwise (2)

where dj; is the Euclidean distance between observations at locations i and j, while 4;
is the adaptive bandwidth for the i-th location: each unit has its proper bandwidth
selected so that the same number of neighbours is considered for all the regression
points. The optimum bandwidth is defined by calibrating the GWPR model through
the Cross-Validation (CV) criterion, which accounts for model prediction accuracy,
defined as follows (Yu, (2010)):

v =Y G - Fulh))’ ©)
i=1

where Vi is the average over time of the dependent variable at the location i,
¥#i(hy) is the fitted value of y; with bandwidth h; when calibrating the model with all
the observations except y:.

3 Data

The GWPR and GWR models are estimated on official data covering 2014-2021.
The units of analysis are 287 regions of Europe. We have excluded the regions
presenting missing data from the analysis. The European regions (NUTS-2 of
Eurostat classification) as the units of analysis represent the finest territorial level for
data availability. The regional data are drawn from the 2021 edition of the Regional
Innovation Scoreboard (RIS) by the European Commission (Directorate-General for
Internal Market, Industry, Entrepreneurship and SMEs).

Moreover, The European Commission proposes the Regional Innovation Index
(RII). The RII is a composite indicator calculated as the unweighted average of the
scores of RIS variables. It combines the output side of innovation (e.g., the number
of patent applications per billion GDP) and input variables (e.g., the R&D
expenditure). Since the RII is a mixture of innovation's input and output side, it is
not suitable for regression analysis (Edquist et al., (2018)). In this light, we split the
RII's information into a composite indicator (the dependent variable) to capture the
innovation capabilities of European regions and into a set of innovation drivers used
as regressors. Notably, all RIS variables are normalised, ranging from 0 to 1.

Based on the above, the dependent variable is a composite indicator obtained as
the average of five elementary variables (Hollanders et al., (2019)). The elementary
variables are listed in Table 1 (section 'Innovation Output'). The patent, trademark,
and design variables measure the final or intermediate step of the innovation process
due to large firms and/or service sectors (Edquist et al., (2018)). The SMEs'
innovation and Sales of new-to-market and new-to-firm innovations variables
capture the innovation due to small and medium firms (Edquist et al., (2018)). As
well as the elementary variables, the dependent variable is normalised, and it ranges
0-1. We have controlled for a set of explanatory variables as suggested by the
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innovation-related empirical literature. The explanatory variables are listed in Table
1 (section 'Innovation Input'). Finally, Figure 1 shows the territorial distribution of

variables.
Table 1: Definition of variables
Variable Definition References
Innovation Output
Number of patents applied for at the EPO (by year of .
Paten.t . filing and inventor's address) per billion regional GDP Braunerhjelm
Applications . et al., (2020))
in PPS
Trademark Number of trademarks applied for at the EUIPO per Ganau and
. billion regional GDP in PPS Grandinetti,
Applications
(2021)
Design Number of designs applied for at the EUIPO per billion  Hollanders et
Applications regional GDP in PPS al,, (2019)
Number of SMEs introducing a product, process,
SMEs' innovation marketing or organisational innovation as a percentage Lopes et al,
of total SMEs (2021)

Sales of new-to-
market and new-
to-firm innovations

Sum of the total turnover of new or significantly
improved products for SMEs as a percentage of SMEs'
total turnover

Hollanders et
al., (2019)

Innovation Input

Public R&D

Business R&D

Non-R&D innov.
expenditure

SME collab. innov.

Education

Lifelong learning

Public  expenditure  dedicated to  developing
technological innovations and new products as a share
of GDP

Expenditure in the business sector dedicated to
developing technological innovations and new products
as a share of GDP

Total innovation expenditure for SMEs as a percentage
of SMEs' total turnover (excluding intramural and
extramural R&D expenditures)

Number of SMEs with innovation co-operation activities
(co-operation agreements on innovation activities with
other enterprises or institutions) as a percentage of total
SMEs

Persons aged 30-34 years with some form of post-
secondary education as a percentage of the total
population aged 30-34 years

Persons in private households aged 25-64 years who
have participated in the four weeks preceding the
interview in any education or training as a percentage of
the total population aged 25—-64 years

Moreno et al.,
(2005)

Moreno et al.,
(2005)

Hollanders et
al. (2019),

Lopes et al.,
(2021)

Rodriguez-
Pose and
Wilkie, (2019)

Ganau and
Grandinetti,
(2021)

Employment Employed persons in knowledge-intensive services  Hollanders et

knowledge sectors as a percentage of the total workforce al. (2019),
Number of scientific publications among the top-10% Ganau and

Scientific research ~ most cited publications worldwide as a percentage of  Grandinetti,
total scientific publications in the region (2021)
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Figure 1: Quantile maps of variables, 2014 and 2021
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Note: a) Public R&D; b) Business R&D; ¢) Non-R&D innovation expenditure; d) SME collaborating for
innovation; e) Education; f) Lifelong learning; g) Employment knowledge; /) Scientific research; i)
Innovation output

4 Empirical results

The paper focuses on the GWR extension to panel data and its differences with in-
average models and cross-sectional GWR. To emphasise the differences between
global regressions (cross-section and panel) and local regressions, we present the
results of several models, namely cross-section in 2014 and 2021, panel data with
fixed effects, GWR in 2014 and 2021, and GWPR with fixed effects in 2014-2021.
Table 2 shows the global models' estimations. Regarding cross-sectional
estimates, a relatively higher innovation outcome is mainly associated with a higher
endowment of business R&D expenditure, non-R&D expenditure for innovation,
scientific research, and employee in knowledge-related sectors. In particular, the
results confirm the pivotal role of investment in research and development. On the
one side, the business R&D might be related to large firms' activities leading their
innovation activities (Moreno et al., (2005)); on the other side, non-R&D
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investments — such as the acquisition of machinery, market research, or feasibility
studies — are suitable in explaining innovation in smaller entrepreneurship where in-
house R&D activities are lacking (Thomd and Zimmermann, (2020); Baumol,
(2005)). Notably, public R&D is statistically significant only in the 2021 model.
Scientific research is another main innovation driving factor. According to De
Rassenfosse and de la Potterie (2009), an explanation might be that academic
contributions could incorporate market-oriented initiatives overcoming the
boundaries of classic scientific research. More surprising are the results of the
education variable since the coefficients show a negative impact on innovation.
Although the result might sound strange, other evidence exists on the negative
effects of human capital on innovation. For example, Roper and Hewitt-Dundas
(2015) found this relationship relatively to process innovation activities. Ganau and
Grandinetti (2021) used a composite indicator (similar to that used in this analysis)
to measure the innovation activities finding a negative value for the human capital's
coefficient.

Regarding the panel data global model, we resort to a fixed-effects model
following the result of the Hausmann test (see Table 2). Some interesting insights
emerge since the estimation differs from the cross-sectional ones. First, only
business R&D and scientific research remain statistically significant. The relevant
role of the collaboration between SMEs and lifelong training programs emerges
from introducing time dimensions. In particular, SMEs can use collaborative
agreements to share know-how and exploit opportunities by interacting with similar
agents (Hervas-Oliver et al., (2021)). However, knowledge sharing is time-
consuming; this could explain why this variable becomes significant in the panel
model. Similarly, lifelong learning programs need time to recalibrate and reskill the
workforce to provide the technical competence and mastery of analytic tools that
could stimulate creative thinking and facilitate its utilisation (Baumol, (2005)).

Table 2: Global regression and Monte Carlo test (2014; 2021), global panel regression (2014-2021)

Fixed
2014 2021 effects
. Monte Monte
Variable Cocff. Carlo test Cocff. Carlo test Cocff.
0.162*** -259*** 0'286***
Intercept (0.023) 0.00 (0.028) 0.00 (0.021)
. -0.003 0.187"*" 0.012
Public R&D (0.028) 0.38 (0.034) 0.00 (0.020)
. 0.183™" 0.253™* 0.041"
Business R&D (0.029) 0.47 (0.039) 0.90 (0.021)
Non-R&D innov. 0.121™" 097 0.079" 031 0.010
expenditure (0.037) ’ (0.046) ’ (0.009)
. 0.001 0.044 0.184™
SME collab. innov. (0.029) 0.00 (0.037) 0.00 (0.008)
. -0.091"™ -0.168™ 0.029
Education 0.028) 0.00 0.033) 0.03 (0.018)
. . -0.004 0.052 0.063"
Lifelong learning (0.030) 0.00 (0.034) 0.00 (0.029)
Employment 0.187"" 0.10 0.069" 0.02 0.027
knowledge (0.029) ’ (0.038) ’ 0.017)
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L 0.301™" 0.087" 0.054™"
Scientific research (0.029) 0.00 (0.044) 0.00 (0.013)
R? Adjusted 0.701 0.528 0.121
N 287 287 2,296
Breusch-Pagan - - 4,348.8
LM test (p-value:0.00)
- - 145.2
Hausman test (p-value:0.00)
Note: ™™;™; ": Significance level at 1 %, 5 %, 10 %. Standard errors in brackets. Values for Monte Carlo

test columns are p-values.

To explore the coefficients' spatial heterogeneity, we estimate GWR (for 2014
and 2021) and GWPR with fixed effects models. As a first step, we define the
optimal kernel bandwidth by minimising the cross-validation (CV) criterion. The
procedure suggests using the adaptative bi-square kernel with 93 nearest
neighbours'. Once the optimal kernel bandwidth is defined, we test the spatial non-
stationarity of parameters through the Monte Carlo significance test?. The results of
the Monte Carlo test (Table 2) show that the associations between innovation and its
determinants are deemed mostly non-stationary in European regions. Notably,
exceptions exist. In particular, for 2014, the coefficients of the following variables
are stationary: public and business R&D, non-R&D innovation expenditure, and
employment in knowledge sectors. In 2021 the scenario changed significantly since
only Business R&D and non-R&D innovation expenditure failed the non-stationary
test. On the one hand, this emphasises the need for local fitting techniques to
improve estimates' accuracy and provide more suitable analysis; on the other hand, a
remarkable change in regional innovation determinants over time emerges. On this
basis, it is clear how conducting a cross-sectional study would lead to a partial
representation of the driving forces of innovation in European regions. Finally, we
perform the Hausmann local tests to evaluate which panel estimation is more
appropriate (random vs fixed effects) for GWPR. The results favour GWPR with
fixed effects since we reject the null hypothesis in 245 out of 287 regions.

Figure 2(a-h) shows quantile maps of local cross-sectional coefficients and local
fixed effects panel estimates. The coefficients not statistically significant are
shadowed. Figure 2(i) shows the local adjusted R?. Some interesting observations
emerge. First, comparing GWPR and cross-sectional GWR models appears a general

! Notably, for the three models (GWR 2014 and 2021, and GWPR) the optimal bandwidth procedure
converges towards adaptative bi-square kernel but it highlights three different nearest neighbours: 85
(GWR 2014), 62 (GWR 2021), and 93 (GWPR). This is not surprising since CV procedure is based on
the value of dependent and independent variables. We adopt the larger bandwidth for sake of
comparability between models. However, the estimations with different adaptative bi-square kernels
show very similar patterns (respect to those reported in the paper). We do not report here for conciseness
but are available upon request.

2 We estimate the GWR and GWPR models through R software. Unfortunately, the Monte Carlo test has
not implemented in GWPR routine yet. For this test, we only refer to GWR. The spatial variability of
GWPR local parameters can be evaluated only through the F test (at least one coefficient is spatially
varying) and the local t tests.
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change in coefficients' quantile distribution and statistical significance. For example,
the public R&D is the only investment-related variable spatially varying (just in
2021), highlighting that regional-specific relationships do not exist with innovation
activities. This consideration seems to change in the panel analysis since clear
clusters of regions emerge. The regions of northern Europe (almost all of the UK
and Ireland, many areas of France, Belgium, the Netherlands, Sweden and Norway)
are characterised by a high impact of public R&D on innovation. The same occurs
for Grecian regions. In east Europe and some Italian regions, the relationship is very
weak. In all other regions, there is no effect. This result is in contrast with previous
works that pointed out the leading role of public R&D not only in average-based
studies on the whole sample but also in research based on a regional split of
European territory (Ganau and Grandinetti, (2021); Lopes et al., (2021)). This might
be because the previous empirical analyses were conducted through average
estimation methods within the sub-sample identified.

Local regressions show even more noticeable improvement in estimates for
collaborating SMEs for the innovation variable. While the coefficients are not
significant in the global models, the local regression analyses prove the pivotal role
of the SMEs' collaborating activities in enhancing the innovation performance of
some regions. However, the full impact of collaboration emerges only in the GWPR
model since the spatio-temporal patterns suggest the existence of relevant
information hidden in local cross-sectional estimations. First, the GWPR leads to a
considerable improvement in coefficients' significativity with respect to GWR.
Second, GWPR highlights how it is a crucial driver in Mediterranean countries, east
Europe, and the Scandinavian peninsula. This pattern does not arise in the GWR
models (for example, the estimates fail to capture the role of the variable in Italy and
Greece (2014) and Spain (2021)). However, this shall not come as a surprise
considering that the flow of knowledge between enterprises requires time, and this
feature is rather obscured in local cross-sectional analysis. Moreover, regional
specific characteristics emerge. For example, the Scandinavian and Greek regions
feature a significantly higher SME collaboration performance than the whole EU,
i.e., their regions dominate the list of the top 40 European best-performing regions
(Hollanders et al., (2019)). Finally, the local estimations significantly improve the
goodness of fit, especially in the GWPR case. Indeed, in GWPR, the values of local
R2,gjusted ranging 0.007-0.461 (average=0.181; median=0.164; third quartile= 0.272),
increasing respect to the 0.121 of the global model.

Figure 2: Coefficients generated with GWR (2014 and 2021) and GWPR by quantiles.
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5 Conclusions

This work presents the GWPR method as a procedure able to fill the gap between
GWR literature and panel data literature. The main originality of GWPR is that it
allows studying potential spatial heterogeneity in models controlling for individual
heterogeneity. We compared the GWPR with global regressions (2014, 2021, and
2014-2021) and cross-sectional GWR (2014, and 2021). Some interesting results
emerge. First, the local estimations accurately describe the relationship between
innovation and its determinants regarding the global average models. Second, the
local estimates are somewhat different when introducing the time dimension. Third,
GWPR leads to an improvement in coefficients' statistical significance.

From an empirical point of view, future research developments might include the
introduction of other potentially relevant regressors and finer spatial data (e.g.,
provincial level). Moreover, introducing a new option in the software routine may
also allow evaluating the spatial variability in GWPR (i.e., Monte Carlo simulation)
and the local multicollinearity (i.e., local VIF).
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