Please cite as: Caragliu, Andrea, and ChiaraF. Del Bo. " Smart innovative cities. The
impact of Smart City policieson urban innovation." Technological Forecasting and Social
Change 142 (2019): 373-383.

Andrea Caragliu’ Chiara F. Del Bb

Abstract

Smart City policies have attracted relevant attentind funding over the last few years. While the
time seems now ripe to conclude that such policéa® a positive impact on urban economic growth,
the picture is much less clear when looking attierofoundations of this effect.

In this paper we look at the urban innovation impdSmart City policies. In fact, typical Smartti
projects imply the involvement not only of major ltimational corporations, along with local public
authorities, but also of local companies, typicallith the aim to translate general technological
solutions to the local needs.

A new data set collected for these analyses copgpdata on Smart City features for 309 European
metropolitan areas, Smart City policy intensityd amban innovation outputs. The latter are proxied
by calculating total patent applications to thedp@an Patent Office between 2008 and 2013. Patent
counts also include technologically narrower classamely high-tech, ICT, and specific Smart City
technologies patent applications.

Propensity Score Matching estimates suggest ttias @ngaging in Smart City policies above the EU
average also tend to patent more intensively. Efffisct is stronger for high-tech patents, while

decreases for more narrowly defined technologidabses. This last result suggests possible
technological spillovers from technologies diredtlyolved in Smart City policies.
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1. Introduction
Smart City policies have attracted relevant attentind funding over the last few years. While iheet
seems now ripe to conclude that such policies lap®sitive impact on urban economic growth, the
picture is not as clear when looking at the micuofdations of this effect. In fact, while statistica
evidence does suggest the existence of a poses@cition between the implementation of Smart City
policies and urban economic performance (Caragldi2el Bo, 2018a), how this exactly comes about is
much less clear.

One possible channel for Smart City policies toresepositive impact on economic performance and
growth is through fostering urban innovation. Intfé&Smart City projects are often the result ofrategic
interaction between major multinational corporasioneavily investing in these technologies, and
municipal and regional authorities seeking to ewcbalocal performance by means of adapting such
technologies to the local need. While the lattesks®® maximize public value creation (Anthopoulds e
al., 2016), cities also resort to private investooth as additional means of financing as well asg to
enact public investment strategies (Galati, 2017).

The literature on Smart Cities stresses the neelbdal context conditions for fully reaping thendits
of large investments in high-tech solutions (Cdtaghd Del Bo, 2011). It therefore comes as norsep
if technologies that are conceived for a vast analieneed to be translated, with the involvemenbcdl
actors, to the specific context where they areajeyul.

In GSMA (2013), several examples of local-globattparships have been documented. For instance,
over the last few years the municipality of SannEirsco has started a pilot project called “SFpadk”
collect, with mobile sensors, information on pagkispace availability throughout the city to be
distributed to drivers by means of a dedicated dppeover, the app also prices available parkingssp
on the basis of present demand and supply conditigvhile sensors used for identifying parking
availability have been provided by Fybr, a Saintuisebased company with international clients
(https://fybr.com at the time the project begaBtreetSmart Technologleshree local public agencies,
viz. the City of San Francisco, San Francisco MipaicTransportation Agency (SFMTA) and the San
Francisco County Transportation Authority (SFCTApve been involved in the deployment of the
sensors and in monitoring the project’s performgttfeADE, 2014).

Another example also discussed in GSMA (2013) is thunicipality of Busan’'s (South Korea)
partnership with Cisco and KT to promote an App &epment Centre to co-create smart city services by
means of start-ups. A cloud-based mobile app dpwsdmit platform has helped establishing over the fir
year since inception 13 start-ups, which yieldeptamd total of 70 new apps, with total revenuesabtju

2.2 million USD and revenues from online sales &tué2,000 USD.

Other celebrated examples of effective public-gavpartnerships for delivering innovative SmartyCit
technologies are also discussed in the literatur&Earopean case studies. For instance, Amsterdam’s
Climate Streetinitiative has the aim to transform a traditiomatail street, Utrechtsestraat, into a
sustainable shopping area by optimizing the ssestires energy and logistics management, alorg wit
the related public services. Smart meters constambhitor the demand and supply of energy, andsgrid
also constantly measure how full public trashcams so that waste collection only takes place when
needed. These combined actions have allowed thefcAmsterdam reduce annual €@missions from
3,400 tons in 2010 to 1,276 tons in 2012 GSMA (2013

These examples provide a rich background again&thwdur empirical approach can be usefully tested.
Urban innovation, therefore, seems at first glaondee a potentially relevant channel of Smart @itlicy



impact, and this paper sheds light on its extere® data set collected for these analyses conspulisia

on Smart City features for 309 European metropoléaeas, Smart City policy intensity, and urban
innovation outputs. The latter are proxied by ciitng total patent applications to the Europeateifta
Office on the basis of the OECD RegPat data basenPcounts also include technologically narrower
classes, namely high-tech, ICT, and specific S@iyttechnologies patent applicatiohs.

Estimates are built on Propensity Score Matchiren¢eforth, PSM), in order to undercover causation
links. Results suggest that cities engaging in $@iy policies above the EU average also tendateqt
more intensively. This effect is stronger for higlth patents, while it decreases for more narrowly
defined technological classes.

In order to understand the impact of Smart Cityigie$ on urban innovation, we move as follows. In
Section 2 we critically summarize two main stramdditerature within which our empirical work is
framed. In Section 2.1 we briefly discuss the banieg literature on cities as innovation hubs. éttin
2.2, instead, we deal with the much less prominieat,growing, literature on Smart City policies. In
Section 3 we describe the identification stratedgpaed for testing the main assumption of the paper
Data and details on the Propensity Score proceahareliscussed in Section 4, while Section 5 present
the main empirical findings of the paper. Finabgction 6 concludes by drawing the main policydass

as well as by highlighting future developmentshiis promising line of research.

2. Literature review
In this section we critically summarize the two matrands of literature to which our empirical fimgs
are anchored. In Section 2.1 we review some hiptdigof the urban economics literature on
agglomeration economies, which stresses a setbahuyproductivity- enhancing externalities. In Sacti
2.2, instead, we discuss the (to date rather ti@rature on Smart City policies, in particulartarms of
their expected impact.

2.1 Innovation in cities
A crucial issue underlying the literature positiogiof the analyses discussed in this paper isdlee r
played by urban areas as innovation cradles. Theesastence of cities has been justified in teohthe
role they play in facilitating the production, diffion, and accumulation of knowledge (Duranton and
Puga, 2004). Easier face-to-face contacts allowswmers and firms to lower transaction costs in
transmitting, decoding, and exploiting new knowledglowever, it is important to dig deeper into thes
microfoundations to better link the rather genditierature on Smart Cities and the impact we expect
from the adoption of Smart City policies on urbanavation performance.

Theoretically, the key concept that links SmartigSitwith innovation is the notion of agglomeration
economies. Because of a denser and more concenstatesture of production and consumption, urban
areas lower production and consumption costs, tepsesenting potentially attractive locations for
consumers and producers. Such externalities aomzenient way to justify the very existence ofesti
that otherwise also cause non-negligible envirortedermd social costs.

Classical economists (Smith, 1776; Marshall, 1920)e stressed how these externalities can reprasent
additional competitive advantage for productionlldwaing the classification proposed in Hoover (1836
Marshallian scale economies can be decomposedran qmale economies (internal to the firm and the

% Section 5.2 (“Robustness checks”) also explolisomder definition of IPC classes aiming at capgi$mart-City
related fields, in particular encompassing IPC gitdclasses F (“Mechanical engineering; Lightingeating;
Weapons; Blasting”), G (“Physics”), and H (“Electty”).



industry); localization economies (accruing outsithe firm's perimeter, but well within a given
industry’'s boundaries); and pure urbanization enues, i.e. those due to the co-location of diverse
industries that learn from one another exactly beeahey are closely located.

Within this framework, many of the sources of aggiwation economies can be related to the first and
second type of externalities. Hoover's classifimatidentifies three main sources of productiontesla
localization economies, viz. the joint exploitatioh fixed social capital (transport and communizati
infrastructure, public utilities); indivisibilitieg1 the supply of goods and services; and the gyndue to

the existence of an industrial and managerial celtwithin the Smart City paradigm, all these fasto
can be enhanced by enacting efficient Smart Citigies.

However, the world depicted in classical econonfias changed. Manufacturing activities have been
relocating away from major urban areas for decat@s (Donogue, 2014), at least in advanced
economies. Traditional traded goods become inarghsstandardized, and can hence be produced more
conveniently in more peripheral locations, with &wents. However, cities still remain on the risew

can this trend be reconciled with the Marshallismnfework? Two possible candidates can be identified
in (i.) The nature of cities as large markets ,(itke increasing importance of cities as consumptio
centers: Glaeser et al., 2001), and (ii.) The mabfrcities as knowledge hubs, which is supported b
overwhelming empirical evidence (Rosenthal andrggea 2004; Moretti, 2004; Camagni et al., 2016;
Caragliu et al., 2016).

In both cases, Smart City policies can act asifaws for these effects. Smart City projectsestst
partially translate into more business opportusifie local companies joining public procurementisT

is expected to thicken local markets thus contiilguto the city’s performance. Moreover, becausea$m
City policies do tend to make cities more effici¢@aragliu and Del Bo, 2018a and 2018b), innovation
processes are also expected to be fostered, ntamdygh a general improvement of local knowledge
production functions, as well as through the pesitiallout from the generation of local solutiorts f
international Smart City projects.

2.2 Smart City policies
What is a “Smart City policy”? How does it diffeiofn other, more traditional urban policies? The afm
this Section is to provide a working definition $Mmart City policies, based on existing literaturg,
highlighting their main characteristics, links teetdefinition of Smart City, implementation and ding
strategies and peculiarities which allow to distiish them from other urban policy initiatives.

Within the EU, several policy projects revolvingpand the Smart City concept have been initiatesh al
thanks to community-wide initiatives and fundingpopunities, which are often made easier by crgatin
specific platforms such as the European CommissitiEtiropean Innovation Partnership on Smart Cities
and Communities (EIP-SCCJ"A recent report (Collins et al., 2017) providessynthesis of the
characteristics of 114 EU Smart City projects betw@005 and 2016. The median project lasts 4 years
and costs around mil. € 9.935, with a contributigrthe EU for the same median project of mil. €38.0
Countries implementing the highest number of irdiial initiatives are Spain, UK, Germany and Itddy.
terms of the projects’ targeted areas, environnamiz energy projects dominate between 2005 and 200
and after 2010, with more ICT related initiativestieeen 2008 and 2010. These trends are relatatieon

* http://ec.europa.eu/eip/smartcities/index_en.htm.

SCC is the innovation platform providing a markat@ and possible public—private partnership deveéoys for
both priorities and policies. We would like to thkaan anonymous reviewer for highlighting this réte SCC
initiatives.




one hand, to the policy goals set at the EU levbere smartness in terms of energy sustainabdignie

of the Horizon 2020 targets (EP, 2012); on the mtteethe evolution of the definition itself of Sma
Cities. In fact, initial analyses revolved aroutg tconcept of Sustainable citiés(Ahvenniemi et al.,
2017), with specific attention to environmentaluiss and on ICT as the main driver of smartness
(Caragliu and Del Bo, 2017).

Angelidou (2017) examines the Smart City plans®fvbrid-wide major cities and shows how the focus
is mainly on ICT as a factor that can improve urbgstems and ultimately foster urban innovation. A
critical review of the implemented project, howevhighlights a lack of bottom-up approaches and
stakeholder involvement and a general disregardooél conditions, in clear contrast with the

(theoretical) tenets of Smart City policies andcfices.

In order to gain further insight on the charactargsof actual implemented Smart City policiesgaent
document by the national association of Italian itipalities (ANCI, 2016) describes the charactértst

of Italian Smart City projects implemented in recggars. Of the 1300 projects as of 2015, coursitoe

in charge of the project in 61% of the cases, winild (large) municipalities out to 10 the respobilgy
rests with the mayor, suggesting the importancebated to these initiatives by the local public
authorities. Furthermore, 29% of cities involvedvénaestablished an ad hoc “Smart City” office,
reinforcing the prominence of this specific urbantiqy orientation. In terms of thematic orientati@9%

of projects are concentrated in the mobility sectdrile the remaining projects are more or lessaigu
distributed over the remaining topics consideredhsy report (environment, energy, economy, people,
living, government, planning). However, a commoattee is represented by a focus on participative
processes, an integrated approach to urban plaraingss municipal offices and a focus on ICT,
although not always seen explicitly as policy tools

These nation-specific findings can be framed in @emconceptual literature examining Smart City
policies from a planning and policy evaluation pextive. Nam and Pardo (2011), for example, analyze
Smart City policies within the broader group of ambdevelopment policies and stress the importafice o
policy integration, an explicit and focused bramgdgtrategy and a demand-driven perspective. Angelid
(2014) suggests the importance of building on dscixisting strengths focusing on a limited numbtkr
interventions, coordinating the policy definitiomda implementation within different municipal
departments, and involving the various stakeholders

On the basis of these two strands of literature félowing research question calls for specifigp@ioal
verification:

RQ. What is the impact of Smart City policies doamrinnovation?

Such question hides non-negligible identificatisauies. Reverse causality may be due to the fact tha
innovative cities also tend to engage more in SiI@éxt policies. In the next section, therefore, Gfie
attention is devoted to how such issues are taékledr analyses.

3. Identification strategy
In this section, the way to assess the directiaraoality in the empirical model of the paperigdssed
and statistically tested. In fact, along with theual means to empirically verify whether the chosen
Propensity Score methodology is a sound way to autereverse causality, it is important to underdta
the microfoundations of the expected impact.

In this sense, we summarize some relevant feaofrdge landscape of Smart City policy impact which
has been recently clarifying and cristallizing arda few stylized facts:



1. Some Smart Cities focus on hard infrastructureh siscthe deployment of optic fiber networks or
other types of fast internet connection, the itei@h of sensors in the built environment, the
exploitation of open data and Internet-of-Thingsndeforth 10T (Stratigea et al., 2015), while
others seem to hinge more on soft infrastructuol 1 human and social capital, or the quality
of governance (Ahvenniemi et al., 2017);

2. The interplay between policy interventions on handl soft infrastructure seems to characterize
the very concept of Smart City; in fact, infrasture without the local characteristics enhancing
its efficient exploitation implies serious riskspdlicy failure (Caragliu et al., 2011);

3. Quantitative evidence of a direct impact of urbamagness seems to be scant. Some (e.g.
Caragliu and Del Bo, 2016) find a positive assaoiatbetween urban smartness and the
probability to invest in smart policies, while iraagliu and Del Bo (2018) the latter are found to
improve urban economic performance.

Within this framework, insufficient attention hagsdm paid to the possible intermediate channels that
explain the positive impact of adopting Smart Qiblicies on urban performance. In fact, most presio
works leave the transmission mechanism betweeripsland growth in a black box, simply assuming
that policies with a Smart flavor will automatigatnhance urban economic performance.

It can be argued that urban administrations inmgsith Smart City policies trigger chain reactiohatt
ultimately do lead to faster growth, but how thisres about should be empirically verified on theidba
of sound microfoundations. In particular, to datsdifficient attention has been paid to the possible
innovative fallout of the local adoption of SmaiityCpolicies. The core investment in these caseas is
fact in the acquisition and deployment of Smary@chnologies — e.g., sensors for monitoring thiét b
environment, integrated platforms, management soétw which, while typically engineered in some
core multinational companies located far away, nedak translated and adapted to the local nedds. T
is expected to potentially engender several pasfieedbacks among local ICT firms, thereby stinindat
local innovation which represents one of the mastctlimpacts of adopting such policies. In thipga
we tackle this last impact by means of Propensity& Matching (henceforth, PSM).

PSM assumes that the units of observation, in theemt paper identified as EU cities, are subjeeint
exogenous shock that, all else being equal, sttemila differential change in an outcome variable of
interest. Given the literature previously discusgb paper deal in particular with the effectSrhart
City policies on innovation rates in cities engageduch policies.

Therefore, in this case, treatment is defined asrtensity of engagement in Smart City policiesilé/a
sound definition of such policies would entail aanwleeper discussion of how the definitions of $mar
Cities available in the literature are empiricalignslated into policy objectives, it is here cameat to
refer to Angelidou (2014) and Caragliu and Del B616) to briefly recap the main features of Smart
City policies:

» Policies are based on existing strengths and tipidacus on a subset of core areas of
intervention;

» Coordination takes place between different poliegattments;

» Stakeholders are involved in the design and impieation of the policies;

* Investment in ICTs is typically matched by physiaatl institutional changes;

® While the strict exogeneity of this instrument easo be verified from a statistical point of vieitvis important to
stress that Smart City policies are not directhanteat fostering urban innovation, but rather mhsltating a better
management of the city.



» The scale of interventions is usually relativelyadlinso that small-scale integrated projects are
more likely to succeed.

While advanced technologies are generically theathyf such interventions, a few technological stgs
typically draw the attention of companies and pgtiakers. Among those, a major, although not
exclusive, role is played by technologies relatethe IoT (Deakin, 2013), mostly because of theiatu
importance of sensors used in the built environmenmmonitor urban performance in some crucial
dimensions (traffic flows, air and water pollutiomaste management, etc.). The notion of 10T was fir
discussed in a presentation given by Kevin AshtoR&G in 1999 and literally took off at the end of
the 1990s with the pervasive diffusion of sensasnected by means of networks that allow inter-
operability, remote controlling, and sensing. Aemftclassification of IPC classgsresented in IPO
(2014) allows to more precisely pinpoint and ddsethe type of technological classes identifiechimit
this paradigm. (Table 1).

IPC code Description of technological class

Communication control; Communication processing rabi@rised by a
H04L029/08 protocol; Transmission control procedure, e.g. diéd level control
procedure

Data switching networks characterised by path goméition, e.g. LAN
(Local Area Networks) or WAN (Wide Area Networks)

Communication control; Communication processing ratierised by a
protocol

Digital computers in general; Data processing egeipt in general;
Combinations of two or more digital computers e&eaving at least an
arithmetic unit, a programme unit and a registeg, #r a simultaneous
processing of several programmes

HO04L012/28

HO04L029/06

GO6F015/16

Programme-control systems -> electric -> Total dact control, i.e.

centrally controlling a plurality of machines, e.direct or distributed
numerical control (DNC), flexible manufacturing syms (FMS), integrated
manufacturing systems (IMS), computer integratedufecturing (CIM)

Network topologies -> Self-organising networks,.ead hoc networks or
sensor networks

Services or facilities specially adapted for wisslecommunication
networks

Arrangements for transmitting signals charactertsgthe use of a wireless
electrical link -> using a radio link

Local resource management, e.g. selection or aibycaof wireless
resources or wireless traffic scheduling -> Wirslessource allocation
Radio transmission systems, i.e. using radiatiefid ffor communication
between two or more posts, at least one of whichabile

G05B019/418

H04W084/18

HO04W004/00

G08C017/02

H04W072/04

H04B007/26

Table 1. Smart City | PC codes and description of technological classes

Source: IPO (2014)

® Ashton (1999).

"“The International Patent Classification (IPC), esiiahed by the Strasbourg Agreement 1971, provides
hierarchical system of language independent symioolthe classification of patents and utility mtslaccording
to the different areas of technology to which thegtair’ (WIPO, 2017).



Given the relatively recent development of theshrelogies, it is reasonable to assume that patgnti
activities in the IPC classes defined above shbalk taken off around the second half of the 1980s.
valid treatment in our case would thus be assatittea differential impact of innovations in these
classes for cities engaging at different levelSinmart City policies. If cities enacting Smart Qitglicies
behave significantly differently from those that wiat, thereby presenting more patent applicatiaortbe
relevant classes, then this represents an ideatifidation strategy for an empirical setting aimatd
assessing whether such policies cause higher itinova cities.

We first provide statistical evidence that this nrageed be the case. We reach this goal by expipitie
RegPat data base (Maraut et al., 2008), which bieéssmation on all patent applications filed to the
European Patent Office since 1976. Patents aresifidms according to their main (i.e., prevailing)
technological class. They can be matched to tmeieritor and/or assignee (both associated to their
georeferentiation in terms of Territorial Level égions, corresponding to the EU’s NUTS3 level).cAls
each patent bears information about its prioritgry@iz. the year when the patent was first filether
dates depend on administrative procedures and mesylias the correct interpretation of technoldgica
change). Combining all this information for all eats filed in the technological classes shown ibl§ 4

for cities engaging in Smart City Policies (hencdfp SCPs) and for those that do not, we can first
statistically verify that the number of patent apgiions filed by cities active in SCPs is sigrafitly
higher than in less engaged cities. A classicakt-for mean differences suggests that cities exhay
SCPs tend to file 13.6 patent applications to tR®En the technological classes synthesized ineTapl
against a mean of 4.2 for cities less active on38®s front, on the whole analyzed time period. (viz
between 1976 and 2016). The difference is stadibficsignificant at all conventional levels, thus
suggesting a rather strong difference.

Next, we can exploit the same information to gragly represent the time evolution of the patenting
activity in SC-related technological classes fdiesi engaged, or non-engaged, in SCPs. Policidssn
sense act as a treatment proper: in the absemtbasfconfounding factors, we can use SCPs engageme
as a shock allowing to identify possible causdlitections in any impact. Figure 1 shows that, etail
positive trend in patenting activity for SC-relatEsthnological classes characterizes both treated a
untreated cities, the former show a remarkablecime at the end of the 1990s, when Smart Cityipslic
have been first enactgomninos and Mora, 2018)This evidence strengthens the case for using SC
policies as a treatment in assessing the impastiaf policies on urban innovation. The Propensity&
Matching procedure used to perform this impactysiglis described in the next section.

8 Details on the data set assembled for performaty this descriptive analysis as well as economestimates are
presented in Section 4.1 below.



Figure 1. Patent applications to the EPO in Smart City technologies for cities engaging or non-engaging in
Smart City policies
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Lastly, on the basis of this identification strategn estimable reduced form model for translathmg
research question discussed in Section 2 can nderipalized (Eq. 1):

inni't = Xi,t + Zi,t + Ei,t (1)

whereinn stands for urban innovation.jndexes cities antindexes time. In Eq. (1.), X is a matrix of
controls, including a proxy (population densityy figglomeration economies, that are typically aomaj
driver of urban innovation (Section 2.1), and twecdtional dummies, equal to one when the city is
located in Central and Eastern European countmesig a Country capital, respectively. The former
captures the convergence process that took plametis accession period to the EU; the latter a@ms
measuring the higher probability to enact SC peficin cities where control centers and high-rank
administrative and economic functions are typicliated. Matriz Z includes instead the full breakd

of the six Smart City axes identified in the Canagit al. (2011) definition, namely human and sbcia

capital, transport and ICT infrastructure, e-goveent and natural resources. Lasty, is the usuai.i.d.
disturbance.



4. Data and Propensity Score procedure

4.1 Data
Our empirical strategy requires different urbareledata. In this paper data are measured at the
metropolitan area level, following the EUROSTAT gddication (EUROSTAT, 2017a).
Specifically, we need information on Smart city ipigls implemented by the municipalities; a
measure of urban Smartness; a set of city-levebcheristics not summarized by the Smart City
indicator and, finally, information on patentingiaty. In what follows we provide a description
of the strategies to obtain the different inforraatheeded for the empirical analyses.

Smart city policies are measured following the apph proposed in Caragliu and Del Bo
(2016), to which the interested reader is diredh®d a more in depth description of the
methodology. Intensity of smart urban policies suged by summarizing the information
gathered from four data sources:

1. A list of cities engaged in smart city policies yded in European Parliament (2014).
Cities within this list are considered successfulmplementing smart urban policies in
the sense of presenting an alignment between abgctives and those encompassed by
the EU2020 strategy. We thus used this informatiiocreate a dummy variable, equal to
1 if cities are included in this study and O othisey

2. Members of the Eurocities netwothe Eurocities network dates back to 1986 and was
created by a small group of European cities wishingreate a formal relationship of
non-capital cities. The members have now grown @8 and are active in forums,
working groups and projects with the major focus @mart city projects, seen as
conducive to the EU goal of smart and sustainahsevin'® Based on this network, an
indicator variable was created, taking on valué dities belong to this network and O
otherwise;

3. Cities actively involved in Framework Programme er{ceforth, FP7) smart city
initiatives. Information on urban involvement andndling from FP7 projects was
gathered from the factsheets on Smart City Prdjeatsl the European Commission’s
SCC web pagé? An indicator variable was creating merging infotima on both
already-funded projects and commitments, in ordehave the most comprehensive
possible picture of a city’s involvement of smarban projects. This indicator assigns
value 1 if a city is engaged in a FP7 project (katkady funded and as a commitment)
and 0 otherwise. However, since cities can beqdartore than one EU-funded project or
commitment, we considered a count measure of pgaation. Variables were then
standardized on a 0-1 scale, with 1 indicatingigigdtion in various activities and 0
assigned to cities that are not participating in activity;

4. Cities cooperating with a private actor providir@gTl solutions for Smart City projects.
Since policy initiatives on smart city issues oftefy on solutions provided by private
businesses, the involvement of private players,ngdme public actors, in the

® http://www.eurocities.eu/

10 http://www.eurocities.eu/eurocities/activities/\kimg_groups/Smart-Cities&tpl=home.
™ http://ec.europa.eu/digital-agenda/en/node/72869.

12 http://ec.europa.eu/eip/smartcities/index_en.htm.

10



development of smart city policies is consideredhiléd/several private firms are involved
in these activities, IBM is the only one which ntains an official website listing the
partnership with individual cities, and for thissen is the basis for the indicator variable
“private” which takes on value 1 if the municipglihas partnered with IBM to develop
smart city policies and 0 otherwie.

The indicator thus obtained is used as a treatrdisctiminant as suggested in Section 3. In
particular, the overall count of the four dummy/stardized variables just discussed is ranked in
decreasing order of intensity, and cities are @efias treated if this last indicator is above the
sample median. In other words, we define citiesested when their Smart City Policy intensity

is above the EU median policy engagement.

Urban smartness is measured by operationalizingdéfmition of Caragliu et al. (2011) and
following the methodology proposed in Caragliu &l Bo (2015). Proxies for the six axes of
the definition (human capital; social capital; sport infrastructure; ICTs; natural resources; e-
government) are collected. Table 2 summarizes #i@ables used and their sources in detail.
Smart City indicators are constructed for a sanpl@09 EU cities with data between 2008 and
2012. Specifically, for each axis of the definitidaur individual indicators have been used and
then reduced through PCA techniques. To increase alailability, mean values for the Urban
Audit data for the period 2008-2012 have been clamed. Missing data has been dealt with
linear interpolation and mean values of previowsy®r similar cities.

13 Additional list of cities engaged in quasi-SmaityGnitiatives are next exploited in Section 5Ropustness
checks). The interests reader is referred to tiisection for further details on this data source.
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Urban smartnessaxis Raw data
Proportion of population aged 15-64 qualified atigey level (ISCED 5-6) living in
Urban Audit cities - %
Students in tertiary education (ISCED 5-6) livimgUrban Audit cities - number of
1. Human capital students per ,1000 inhabitants

Proportion of employment in financial intermediatidusiness activities
Proportion of employment public administration Itteaeducation
Number of companies with headquarters in the aiiytgd on the national stock market

Car thefts per 1,000 pop.

Burglaries per 1,000 pop.

Crimes per 1,000 pop.

Number of elected city representatives

2. Social capital

Length of public transport network per inhabitant
3. Transport infrastructursehare of restricted bus lanes _from public tran_spe.mvork.
Number of buses (or bus equivalents) operatingenpublic transport per 1,000 pop

Number of stops of public transport per 1,000 pop.

Percentage of families with internet access at home
Number of local units producing ICT products
Number of local units producing ICT-related sersice
Number of local units producing web content

4. ICT infrastructure

Proportion of solid waste arising within the bounydarocessed by recycling
Proportion of the area in green space

5. Natural resources  Green space (in m2) to which the public has acgess;apita
Annual average concentration of pM

Annual average concentration of NO

% of internet users who interacted via internehwlite public authorities in the last 12
months (Country data)

% of internet users who sent filled forms to pullighorities in the last 12 months
(Country data)

Number of administrative forms available for dowaddrrom official web site

Number of administrative forms which can be subaxittlectronically

6. E-government

Table 2. Indicatorsfor the 6 axes of the Smart City definition
Source: Caragliu and Del Bo (2015)

Lastly, urban innovation is measured by countintepiaapplications to the European Patent
Office in various classes. The RegPat data basea{Mat al., 2008) classifies information on all
patent applications filed to the European Patefit©&ince 1976 on the basis of their inventor,
applying institution, and IPC technological clasd®g counting the number of patents filed by
inventors located in each NUTS3 region over theeples] time frame in each classification of
technological classes relevant for measuring Sbn@ogies, we obtain a picture of the intensity
of the outcome of innovative activity. In particylave use four patent counts, with a general-to-
particular approach: total patents, high-tech patefincluding all IPC classes listed in
EUROSTAT, 2016), ICT patents (EUROSTAT, 2017b), &wdart City patents (following the
classification shown in Table 1j.

14 Other IPC classes are exploited in Section 5.%vags to further assess the robustness of our fisdiSuch
definitions are described in more detail in theusthess checks subsection.
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4.2  Propensity Score procedure
The indicator built on the basis of the intensitysmart City policies is classified in two classes,
viz. cities above and below the mean of Smart @dlicy intensity. The two types of cities
identified on the basis of the sample of cities idrich data have been collected is shown in
Figure 2, with black areas representing cities witBmart City policy intensity above the EU
mean, and light grey shapes indicating cities witBmart City policy intensity below the EU
mean.

Figure2. Treated and untreated cities

Treated and untrated cities

|:| No data

Smart City policy intensity

|:| Below the mean
- Above the mean

¥

Source: Authors’ elaboration

Matching of the treated and untreated cities i$opered on the basis of the Kernel procedure.
Kernel matching typically yields lower variancethalugh it may possibly lead to including
observations that are bad matches (Caliendo aneiKigp 2008). Results of the pre-and post-
matching procedure balancing of the sample suggestarkable overlapping of the treated and
untreated cities’ density functions (Figure 3). Hwer, it must be noted that some positive bias
characterizes the distribution of the cities withie treated and untreated samples, in particular
for what concerns intangible growth assets (moghbblp human and social capital, and
population density; Figure 4 plots the relativeesxttof the variable-specific bias).
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Figure 3. Balancing before and after the matching procedure
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Figure 4. Standardized per centage bias across covariates
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Lastly, the quality of the matching procedure c#so &e evidenced by ranking treated and
untreated units (in this case, cities with a SGgydhtensity above or below the mean EU value)
according to their propensity score (Dehejia anchiida 2002). Figure 5 shows untreated cities
with a dashed line and treated cities with a caraus line; the two lines largely overlap.

Figureb. Treated and untreated citiesin increasing order of propensity score

.6
1

szore untreated
.I

pensity
Propensity score treated

Pro
2
|

0 20 40 ” 60 80
|

———— Propensity score untreated Propensity score treated

Source: Authors’ elaboration

In conclusion, the matching procedure seems teel@bie and to offer a good means by which
to assess the causal link between engagement poBfizs and urban innovation.

5. Do Smart City policies make cities more innovative? Results of
Propensity Score Matching estimates

5.1 Baseline estimates
This section discusses the results of empiricekying the relation between Smart City policies arizhn
innovation. The impact of SC policies on innovaticen be manifold; consequently, we verify such
impact on four different patent counts indicataliscussed in Section 3.

Results are presented as follows. Table 3 showsitRestimates of the determinants of adopting smart
city policies (Eq. 1). This represents the firsiget of the PSM procedure. Table 4 shows instead the
outcome of the PSM procedure proper. We estimadntipact of SC policies on urban innovation by
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looking at the average treatment effects on thatdrk for different urban innovation measures, viz.
average treatment effects on the treated for diffeurban innovation measures (total patents, tagh-
patents, ICT patents, and Smart City patents).

Results shown in Table 3 provide a few hints onrda determinants of SC policy adoption within the
black box of urban smartness. In Caragliu and De(Z)16), an aggregate indicator of urban smartness
is found to be positively associated with the philitg to invest in SC policies. Table 3 hints gpasitive

role of intangible features (human and social edpih increasing the likelihood that cities engage
Smart City policies. The infrastructure and e-gaveent/natural resources components provide instead
more blurred picture. Taken together, these twalt®@suggest that context conditions within eadtaar
area still crucially matter in driving cities tovasrengaging in challenging policy programs.

Dep. variable: probability to enact Smart City pds
Model (1) (2) (3) 4.

-0.65 -053 -0.65 -0.55
(0.62) (0.63) (0.62) (0.61)
0.09 0.07 0.09 0.06
(0.12) (0.12) (0.12) (0.11)
0.66* 0.67* 0.66* 0.82**
(0.38) (0.38) (0.38) (0.40)
Dummy Eastern 0.78**  0.77**  0.78**  0.74*
countries (0.35) (0.35) (0.35) (0.35)
0.39***  (0.39*** (0.39*** (0.36***
(0.13) (0.13) (0.13) (0.13)
0.19* 0.19** 0.19* 0.19*
(0.10) (0.10) (0.10) (0.10)
-0.13 -0.13 -0.13 -0.13
(0.10) (0.10) (0.10) (0.10)
0.17* 0.16* 0.17* 0.11
(0.09) (0.09) (0.09) (0.07)
0.01 -0.01 0.01 0.01
(0.10) (0.10) (0.10) (0.10)
0.01 0.02 0.01 0.05
(0.10) (0.09) (0.10) (0.09)

Constant term
Population density

Dummy capital

Human capital
Social capital
Transport infrastructure
ICT infrastructure
e-government

Natural resources

Number of obs. 173 173 173 176
2 Hekok dokeok Hokok

LR 4%(8) 4 pgee 40207 4128 38.95
Pseudo R 0.17 0.17 0.17 0.16

Table 3. Probit regressions: determinants of adopting smart city policies
Notes: *= significant at 90% level; **= significarat 95% level; ***= significant at 99% level.

As for control variables, while the impact of urbdensity, as a proxy for agglomeration economies, i
found to be insignificantly associated with thelgbility to adopt SC policies, a positive and dligaint
coefficient is estimated for both locational dumsigities located in Central and Eastern European
countries, and capital cities), confirming the rofethe convergence process taking place withinBbe
and the importance for cities of being central @otienters.

Table 4 shows instead average treatment effectieated units (ATT); in other words, controlling the
determinants of propensity scores, ATT shows tharmealue of total patent, high-tech patent, ICT
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patent, and Smart City patent applications to tR©Ever the 2008-2013 period. Results suggest that
across different measures of innovation outputigscthat do enact Smart City policies tend toveelia
significantly higher innovation output. Mean diffgices are statistically significant at least at3eper
cent level for all innovation output measures. @leaas the definition of the technological clase w
measure narrows down, average patent applicatiensifban area decrease in number, the minimum
being reached at the Smart City level, i.e. witthia narrowly defined IoT class including IPC classe
listed in Table 1. Interestingly, while mean diffaces are rather substantial for both treated atrdated
units across different innovation output measuveith a higher difference for unmatched units, the
contrary happens for more narrowly defined Smamt chnologies. In this last case the differemcthée
impact estimated for matched and unmatched citigsigher for the latter, thus further hinting at an
effective choice of the matching strategy.

Variable Sample Treated Controls Difference SE. T-stat
L Unmatched 219.89 77.97 141.92 41.47 3.42
Total patent applications to the EPO ", - 180.16  70.11 110.05 3930 2.8
High-tech patent applications to the Unmatched 48.70 9.72 38.98 10.79 3.61
EPO ATT 40.70 8.71 31.99 8.89 3.6
S Unmatched 66.41 16.43 49.98 14.63 3.42
ICT patent applications to the EPO . 56.69 14.31 42.38 12.92  3.28
Smart City patent applications to the Unmatched 5.47 4.56 0.91 0.38 241
EPO ATT 5.37 4.45 0.92 0.49 1.88

Table 4. Averagetreatment effects on the treated for different urban innovation measures

The intensity of the impact varies across differemasures. Figure 6 shows the percentage mean
difference between treated and control cities fue four innovation output measures. In Figure 6,

percentage impacts are calculated as the ratiheofdifference of mean patent applications between
treated and control cities and the number of patpplications in treated units.
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Figure 6. Percentage Average Treatment on the Treated cities effect

T T T
Total patent applications to the EPO ICT patent applications to the EPO
High-tech patent applicaitons to the EPO Smart City patent applications to the EPO
Innovation output

Source: Authors’ elaboration

Figure 6 suggests that the maximum impact is fowhdn measuring innovation output through high-
tech patent applications, while the measured inspedetreases as we narrow down the scope to more
detailed technological classifications (i.e. ICTslé&mart City applications proper). While beingeiyr
suggestive, this result may hint at possible teldgical spillovers across technological fields, @i
implies that investing in Smart City policies maigger innovative processes well beyond the reddyiv
limited scope of the technologies directly invohirdhose policies.

In fact, Figure 6 suggests that the differentiabawt of adopting Smart City policies is larger when
measured at an intermediate level of technologletdil. Some of the patent applications stimuldted
adopting SC policies may not be limited to the VvER?¢Z classes that are more directly related to such
policies (i.e. those listed in Table 1), but rattiedirectly induced by the need to translate gdnera
technologies into the local needs — for instange,ctinceiving innovative electrical equipment that
cooperates with the sensors installed by a majdtimational corporation and as such does not fab i
the narrowly defined SC technological field.

5.2 Robustness checks
In this section we provide a number of robustnémxks to verify the resilience of our empirical icles
to several alternative specifications.

The first robustness check involves the selectibaities engaged in Smart City policies. While we a
aware of the relatively narrow scope of selectiBlyl las the only private corporation included in data
set, we still found it impossible to retrieve arggdasly large data bases for other major playeithis
segment of the market. However, we did run a nundferobustness checks on the public side. The
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original Smart City policy indicator has been breaed to encompass three additional vectors witbscit
members respectively of the Lightouse, ERRIN, a@idBI networks:>

Lighthouse cities are classified as cities joinitideast one of the projects funded by the Smai¢<Cand
Communities lighthouse projects. The aim of thesgepts is to bring togethercities, industry and
citizens to demonstrate solutions and business Istiolet can be scaled up and replicated, and thatll
to measurable benefits in energy and resourceiefiiy, new markets and new jblI6EC, 2018, p. 2).

ERRIN is instead a Brussels-based platform commgismore than 120 regional stakeholders
organization, largely represented by their Brussdfices. ERRIN is meant to enhancknbwledge
exchange between its members, focusing on joiftrecand project partnerships to strengthen regiona
research and innovation capacities. Through thes#ioas ERRIN seeks to contribute to the
implementation of the Europe 2020 Strategy, theovwation Union flagship initiative and Smart
Specialisation strategies” (ERRIN, 2018)

Lastly, ICLEI is a global network of city comprigimore than 1,500 members, whose main focus lies in
the sustainable development of urban ared€LEl provides technical consulting, training and
information services to build capacity, share kremige and support local government in the
implementation of sustainable development at thall@vel. Our basic premise is that locally design
and driven initiatives can provide an effective aogt-efficient way to achieve local, national agidbal
sustainability objectiveéqICLEI, 2018).

These three networks thus provide a more compreleframework to assess the multifaceted nature of
Smart City policies. Lighthouse cities are a spedifpe of city engaged in EU-funded SCC projects;
ERRIN is expected to cover the diplomatic relatibesween EU cities and European institutions; and,
finally, ICLEI is best suited to capture sustaitipissues.

Results of these first round of robustness cheokgeesented in Table 5 below. When compared to the
baseline estimates discussed in Section 5.1, sesldarly show minor differences, with a qualitativ
identical result in terms of impact of Smart Citylipies on urban innovation.

Variable Sample Treated Controls Difference SE. T-stat

Unmatched 219.52 81.65 137.87 41.533.32
ATT 187.52 83.08 104.44  43.432.40

Bnmatched 46.86 12.51 34.35 10.87 3.16
ATT 40.53 14.91 25.62 9.80 2.61

Unmatched 64.19 19.85 44.34 14.733.01
ATT 56.18 21.42 34.77 14.13 2.46

. — nmatched 5.40 4.65 0.75 0.38 1.98
Smart City patent applications to the EP% ATT 5 49 518 031 063 050

Total patent applications to the EPO
High-tech patent applications to the EP

ICT patent applications to the EPO

Tableb5. Average treatment effectson the treated for different urban innovation measures
Note: Smart City Policy Intensity now comprisesthadditional city networks w.r.t. Table 4.

Another potential issue with our findings is retht the relatively narrow definition of Smart City
technologies provided in Table 1. In fact, the Sradty paradigm extends beyond the IoT and some may
argue it also cuts across other broader fields siscknergy. While this aspect is partially taketo in
account in Section 5.1 by narrowing the scope efithpact analyses from assessing the increase in
generic patent applications due to adopting Sn@itiBs through High-tech and ICTs, which are alsea

15 We would like to thank an anonymous reviewer fi@veing our attention on these three city networks.
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relatively broad paradigms, cutting across sevi®@ classes, Table 6 provides a further robustness
check as follows. We calculated a gross count tdmqapplications in IPC 1 digit classes Mchanical
engineering; Lighting; Heating; Weapons; Blastihgs (“Physics$), and H (‘Electricity’).

Variable Sample Treated Controls Difference SE. T-stat
Patent applications to the EPO in IPC 1Jnmatched 6.53 5.92 0.61 0.23 2.60
digit classes F, G, and H. ATT 6.57 5.45 1.12 0.37 3.00

Table 6. Averagetreatment effects on the treated for different urban innovation measures

Note: F class: Mechanical engineering; Lighting; &lieg; Weapons; Blasting. G class: Physics. H class
Electricity

Results show a remarkable consistency of the pusvémnpirical framework, which strengthens the case
made by our estimates. As expected, the estimateinpact is somewhat larger in absolute termsrgive
the broader definition of technological classespaeid for this exercise. In relative terms, instethe,
impact of engaging in SC policies seems companahtn adopting either definition of what makes for a
SC technology. Baseline estimates suggest a 20Béase in patent applications to the EPO in the loT
classes summarized in Table 1, which is very dogke relative impact of SC policy adoption estietha

on the basis of the broader classification of SfBrielogies shown in Table 8.

6. Conclusions
Are Smart City policies the new direction for urbimitiatives? Are they conducive to sustainability,
livability and economic growth? While these quessiare still unanswered (and will probably be so fo
quite a while), in this paper we have added tounderstanding of the mechanisms through which Smart
City policies foster urban economic performancenwestigating their impact through urban innovation
Our empirical findings, based on PSM, allow us ¢aaude that SC policies do have a non-negligible
positive impact on urban innovation measured thingpatenting activity, especially in high-tech ckss
Results are robust to a number of consistency ehdakh in terms of the way Smart City policies are
identified, as well as the way Smart City-relatedhnologies are measured (i.e., which IPC classes a
used to calculate Smart City technology intensity).

Results also suggest that SC policies indeed sibmuinnovation that increases a city’'s stock of
knowledge, one of the main recognized drivers afnemic growth. Our findings are based on the
analysis of 309 EU cities and exploit the differemndn the intensity of SC policy adoption. Citibsitt
engage in SC policy above the EU average tendhimvete more. The propensity to innovate is measured
by the number of patents filed in four alternatieehnology class definitions (total patent applag,
high tech patent applications, ICT patent applicatiand SC patent application). A relevant commitme
to SC policy initiatives is in particular positiyedssociated to higher overall innovation ratesyel as
innovation rates in high tech, ICT, and SC patefte use of a PSM procedure also allows to safddy i
that reverse causality is not an issue and thapibsitive association can be interpreted in aatasense.

Moreover, the fact that investing in SC policiegslmot translate simply to the narrowly definedslaf
SC patents but seems to impact high tech pateatsitdst suggests that there might be a spilloveceff

1% This back of the envelop calculation is obtaingddoking at the figures in the last rows of Tabfeand 6, and
dividing the difference between treated and ungckaities in the ATT by the patent application e tuntreated
cities. For 10T technologies (Table 4), this impli@92/4.45=20.67%; for the broader definition &f t8chnologies
(Table 6), this ratio is equal to 1.12/5.45=20.55%.
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in place. While SC policies tend to be focused omagow set of projects and areas of intervention,
mostly related to ICT applications, the positivéeef on innovative activity trickles down to othmiore
broadly defined technological classes.

These results can be seen as a first step inyitagithe channels through which investing in policy
initiatives based on the SC model can have a peditipact on urban level performance, defined imge

of economic growth, quality of life, sustainabilignd overall well-being. More research is needed to
understand the overall effect of SC policies and ttos translates into long-term objectives, alevith a
more precise definition of what SC policies actualle.

This last issue is also related to the need fochieg a consensus over a working definition of &
model, which is an important step for defining #u®pe and evaluating the effects of SC policies. Ou
analysis is based on a model that considers the®Cept as an urban production function, where
economic performance is the result of the interfgd@yween urban inputs organized around six axes
(human and social capital, transport and ICT infresure, e-government and natural resources).Base
on this common conceptual model, SC policies care lema common blueprint which has to then be
declined based on local economic, social, institél and territorial characteristics.

While the fortune of the SC concept is apparentaasbe inferred by the sheer number of projeats an
initiatives in several cities around the world, th®lications of this policy model have attracted/eral
criticisms. Critics of this concept have expressedcerns related to privacy issues that can adgsa a
consequence of the collection of Big Data from 8ftastructures; the risk of a hegemony of a limited
number of private ICT multinationals in definingettrajectory of urban policies worldwide; exclusioin

the fragile and less technological members of them society thus increasing social and economic
inequality; to a leveling of the differences of ipgl models and goals leading to a single and
fundamentally top down approach to urban policyéss More nuanced views of these challenges are
discussed in Schaffers (2018), who proposes tosftleer present and close future developments of the
Smart City concept towards the need to set up ipslibridging technological change and bottom-up
governance of such evolution.

While most of these points are relevant and wedea we believe that the risks associated with a
universal model proposed and promoted by the misattor can be balanced by involving local actors
(in order to translate the general one-size-fitsemhplate to the local conditions) at differentdés. The
decision to implement SC policy initiatives andithmolicy goals should be firmly kept in the harafs
local public authorities, based on the involvenmdrdtakeholders, including citizens and local besges,

in partnership with ICT companies providing teclahisolutions. SC policies should have a bottom-up,
demand-driven component and should be closely m@utby municipalities and local governments, and
many more efforts in evaluating the impacts of ¢hpograms should be undertaken. Further resesrch i
finally needed to understand how to aid local gomeents in designing urban policies that can reap th
benefits of the SC model while at the same timedang its pitfalls.

References

ANCI (2016). Le Smart City in ltalia viste dal'Omwatorio Nazionale dellANCI. Downloaded at
http://www.fupress.net/index.php/techne/articleide/18399/1710606/12/2017)

Ahvenniemi, H., Huovila, A., Pinto-Seppé&, |., andraksinen, M. (2017). What are the differences leet
sustainable and smart citieGRies, 60 (A): 234-245.

21



Angelidou, M. (2017). “The Role of Smart City Cheteristics in the Plans of Fifteen Citiedgurnal of Urban
Technology24 (4): 2-28.

Angelidou, M. (2014). “Smatrt city policies: A spatapproach”Cities 41: S3-S11.

Anthopoulos L, Fitsilis P, and Ziozias C (2016). H&! is the source of smart city value? A businessleh
analysis” International Journal of Electronic Government Reses 12 (2):56—76.

Ashton, K. (1999). “That 'Internet of Things' ThindRFID Journal 22 June 2009. Retrieved online on Nov. 21,
2017 at the URIhttp://www.rfidjournal.com/articles/view?4986

Caliendo, M., and Kopeinig, S. (2008). “Some pieaitiguidance for the implementation of propensitpre
matching”,Journal of Economic Survey®2 (1): 31-72.

Camagni, R., Capello, R., and Caragliu, A: (2016}atic vs. dynamic agglomeration economies. Sphabatext
and structural evolution behind urban growthgpers in Regional Sciencé5 (1): 133-158.

Caragliu A., Del Bo C. (2015), Smart specializat®mategies and Smart Cities: An Evidence-Base@gsaent of
EU Policies. In: Kourtit K., Nijkamp P., Stough {&ds.),The Rise of the CityCheltenham, UK: Edward Elgar,
55-82. DOI: 10.4337/9781783475360.

Caragliu, A., and Del Bo, C. (2016). “Do smart e#tiinvest in smarter policies? Learning from thst,palanning
for the future”,Social Science Computer Revje&4 (6), 657-672.

Caragliu, A., and Del Bo, C. (2017). “Much Ado AlidBomething? An Appraisal of the Relationship Betwe
Smart City and Smart Specialisation Policiegjdschrift voor Economische en Sociale Geogradidine first.
DOI: 10.1111/tesg.12272.

Caragliu, A., and Del Bo, C. (2018a). “The econmsnaf Smart City policies”Scienze Regionali-The lItalian
Journal of Regional Scienc&7 (1): 8+104.

Caragliu, A., and Del Bo, C. (2018b). “Smart Citiés it just a fad?”,Scienze Regionali-The Italian Journal of
Regional Sciencel7 (1), 7-14

Caragliu A., Del Bo C., Nijkamp P. (2011), Smarti€3 in EuropeJournal of Urban Technology8, 2: 65-82.

Caragliu, A., de Dominicis, L., and de Groot, H.L(2016). “Both Marshall and Jacobs were righEtonomic
Geography92 (1): 87-111.

Caragliu, A., Del Bo, C., and Nijkamp, P. (2011%mart cities in Europe’Journal of Urban Technolog$8 (2),
65-82.

Collins, A., Leonard, A., Cox, A., Greco, S., andriisi, G. (2017)Report on Urban policies for building smart
cities DOI 10.6092/unibo/amsacta/5518.

Deakin, M. (ed) (2013). Smart Cities: Governing, Modelling and Analysing tiiransitiori, London (UK):
Routledge.

Dehejia, R. H., and Wahba, S. (2002). “Propensityres-matching methods for nonexperimental causalies”,
The Review of Economics and Statist&6(1): 151-161.

Donoghue, D. P. (ed). (2014Jtban transformations: centres, peripheries andeys, London (UK): Ashgate.

Duranton, G., and Puga, D. (2004). “Micro-Foundagicof Urban Agglomeration Economies”, in J. Vernon
Henderson and Jacques-Francois Thisse (eHg)ndbook of Regional and Urban Econorjcgol. 4: pp.
2063-2117. Amsterdam (NL): Elsevier.

22



European Commission (2018)ffe Lighthouse projects cooperation Maniféstetrieved online on Apr. 27, 2018
at the URL https://eu-smartcities.eu/sites/default/files/2018-
02/LighthouseProjectsCooperationManifestoSigned. pdf

European Parliament (2012Diftective 2012/27/EU of the European Parliament aridhe council of 25 October
2012 on energy efficiency, amending directives 2BEC and 2010/30/EU and repealing Directives
2004/8/EC and 2006/32/ECretrieved online on Dec. 11, 2017 at the URItp://eur-lex.europa.eu/legal-
content/EN/TXT/PDF/?uri=CELEX:320121L.0027&from=EN

European Parliament (2014). “Mapping Smart Citieshie EU”, Directorate General for Internal Polgi@olicy
Department A: Economic and Scientific Policy, Rexved on line from
http://www.europarl.europa.eu/RegData/etudes/etjale2014/507480/IPOLTRE_ET(2014)507480_EN.pdf.

European Regions Research and Innovation Netwd@k8R2 “About ug, retrieved online on Apr. 27, 2018 at the
URL https://www.errin.eu/content/about-us

EUROSTAT (2016). Eurostat indicators on High-tech industry and Knedde — intensive services. Annex 6 —
High-tech aggregation by patefits retrieved online on Dec. 14, 2017 at the URL
http://ec.europa.eu/eurostat/cache/metadata/Anfiggesesms_an6.pdf

EUROSTAT (2017a). Metropolitan region§ retrieved online on Dec. 17, 2017 at the URL
http://ec.europa.eu/eurostat/web/metropolitan-msgjio

EUROSTAT (2017b). Patent Reference Metadata in Euro SDMX MetadatacBire (ESMS) retrieved online on
Dec. 14, 2017 at the URtitp://ec.europa.eu/eurostat/cache/metadata/eefras.htm

Galati, S. R. (2017). “Funding a Smart City: frooncept to actuality”, in S. McClellan, J. Jimenaad G. Koutitas
(eds), ‘Smart Cities: Applications, Technologies, Standarmisd Driving Factory Berlin (DE): Springer
Verlag, pp. 1#39.

Glaeser, E. L., Kolko, J. and Saiz, A. (2001). “€@amer city”,Journal of Economic Geograph¥ (1): 27-50.

Grimaldi, D., and Fernandez, V. (2015). “The aligsmhof University curricula with the building of@mart City: A
case study from Barcelonal'echnological Forecasting and Social ChangePress.

GSMA (2013). ‘Guide to Smart Cities: The Opportunity for Mobilpddators, retrieved online on Dec. 15, 2017
at the URLhttps://www.gsma.com/iot/wp-content/uploads/2018tD2&c_gquide_wp 02_131.pdf

Hoover, E. M. Jr. (1936). “The measurement of indalslocalization”, Review of Economics and Statistit8 (4):
162-171.

ICLEI — Local Governments for Sustainability (2018frequently Asked Questidnsetrieved online on Apr. 27,
2018 at the URIhttp://www.iclei.org/about/who-is-iclei/fag.html

Intellectual Property Office (2014).Efght Great Technologies. The Internet of Thingsp#tent overviely
retrieved online on Nov. 21, 2017 at the URIitps://www.gov.uk/government/publications/new-gigheat-
technologies-internet-of-things

Komninos, N., and Mora, L. (2018). “Exploring thegBPicture of Smart City ResearchBcienze Regionali-The
Italian Journal of Regional Scienc&7 (1): 33-56.

Kraus, S., Richter, C., Papagiannidis, S., and Duss (2015). Innovating and exploiting entrepraiau
opportunities in smart cities: evidence from Genn&reativity and Innovation Managemeg#(4): 601-616.

Maraut, S., Dernis, H., Webb, C., Spiezia, V., @dellec, D. (2008). “The OECD REGPAT Database: a
presentation”OECD Science, Technology and Industry Working Pap2008/02 Paris (FR): OECD. DOI:
http://dx.doi.org/10.1787/241437144144

23



Marshall, A. (1920). “Principles of Economics”, Laon (UK): Macmillan.

Moretti, E. (2004). “Workers' education, spilloverand productivity: evidence from plant-level protan
functions”, American Economic Revie@4 (3): 656690.

Nam, T., & Pardo, T. A. (2011). Smart city as urlramovation: Focusing on management, policy, anded.
In Proceedings of the 5th International Conferencébrory and Practice of Electronic Governance
(pp. 185-194). New York, NY: ACM.

Rosenthal, S. S., and Strange, W. C. (2004). “Exddeon the nature and sources of agglomerationoeties”, in
V. Henderson and J.F. Thisse (eds), “Handbook gibreal and urban economics”, Vol. 4, Amsterdam (Nor
Holland): Elsevier, pp. 2119-2171.

Schaffers, H. (2018). “The future of Smart Citiegien issues and research challeng8sgienze Regionali-The
Italian Journal of Regional Scienc&7 (1), 123-128.

Smith, A. (1776). An inquiry into the nature and causes of the weafthation$, London (UK): Cannan.

Stratigea, A., Papadopoulou, C.-A., and Panagiatiope M. (2015). Tools and technologies for plamgnitne
development of smart citie3ournal of Urban Technologp2(2): 43-62.

Urban Partnership Agreement Demonstration EvaloagD14). ‘San Francisco Urban Partnership Agreement:
National  Evaluation Repott retrieved online on Dec. 15, 2017 at the URL
https://ntl.bts.gov/lib/54000/54900/54928/03251% an_fran 508 final FHWA-JPO-14-128.pdf

World Intellectual Property Organisation (2017hternational Patent Classification (IPG)retrieved online on
Nov. 21, 2017 at the URLttp://www.wipo.int/classifications/ipc/en/

24



