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Abstract 

This paper looks at the link between inter-regional mobility, innovation and firms’ 

behavioural heterogeneity in their reliance on localised external sources of knowledge. 

By linking patent data (capturing inventors’ inter-regional mobility) with firm-level data 

(providing information on firms’ innovation inputs and behaviour) a robust identification 

strategy makes it possible to shed new light on the geographical mobility-innovation 

nexus. The analysis of English firms suggests that firm-level heterogeneity – largely 

overlooked in previous studies - is the key to explain the innovation impact of inter-

regional mobility over and above learning-by-hiring mechanisms. A causal link between 

inflows of new inventors into the local labour market and innovation emerges only for 

firms that make the use of external knowledge sources an integral part of their 

innovation strategies.  
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1. Introduction  

 

Technology and innovation shape economic growth and development trajectories 

(Schumpeter, 1934; Abramovitz, 1956; Solow, 1957; Romer, 1986 and 1990): access to 

new technologies and innovation constitutes a key determinant of both national and 

regional competitiveness (Storper, 1997; Archibugi and Lundvall, 2001; Simmie, 2004; 

Crescenzi and Rodriguez-Pose, 2011). However, a large body of empirical evidence 

suggests that this access is far from ‘universal’: knowledge generation and absorption 

are highly localized and diffusion follows very complex (and ever changing) patterns 

(Döring and Schnellenbach, 2006; Carlino and Kerr, 2014).  

In both developed and emerging countries, a small number of ‘hotspots’ are pushing the 

technological frontier forward, followed by a set of second-tier emerging ‘imitative 

systems’ and a large number of territories that show little or no innovative dynamism 

(Sun, 2003; Usai, 2008).  In this context, new windows of opportunity are opening for a 

set of new suitable ‘locations’ both in Europe and in the United States where patent 

intensity shows signs of spatial de-concentration  (Crescenzi et al., 2007; Charlot et al., 

2014). In the United Kingdom the long-term innovation strength of the South-East has 

been accompanied by the emergence of new innovative hotspots some in already 

dynamic areas other outside the ‘core’. Over the past fifteen years more than 1,500 

information and communication technology (ICT) firms have clustered around 

Shoreditch in East London forming a new ‘Silicon Roundabout’ around Old Street 

(Nathan and Overman, 2013). The recent launch of three Local Digital Catapult Centres 

in Sunderland, Brighton and Bradford is an example of active policy attempts to nurture 

new digital tech clusters in the UK
1
 outside the traditional ‘core’. 

The consolidation and expansion of existing innovation centres, as well as the 

emergence of new dynamic areas (and their sustainability) are the result of the 

interaction between localised ‘indigenous’ factors (at the micro-firm and territorial-

systemic levels) as well as ‘external’ conditions - i.e. the position of local firms and other 

                                                 
1 http://www.digitalcatapultcentre.org.uk/three-local-catapult-centres-are-launched/  
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innovative actors within knowledge networks (Santangelo, 2002; Simmie, 2003; 

Saxenian 2006; Mare’ et al. 2011) - generated in various ways by inward and outward 

flows of both capital and skilled labour. 

The economic geography and urban economics literature has devoted substantial 

attention to the role of labour mobility in shaping the diffusion of knowledge and 

innovation in space (Carlino and Kerr, 2014). Some existing studies have adopted a 

meso-level perspective, taking regions as their unit of analysis in order to capture the 

systemic interactions between skill inflows and the recipient regional economy (e.g. 

Faggian and McCann 2006 and 2009). Other studies have taken a micro-level 

perspective looking at the impact of mobility on the individual performance of skilled 

individuals/graduates (e.g. Abreu et al. 2011) or inventors (e.g. Lenzi 2009). This paper 

aims to complement these separated approaches by bridging the micro and meso-level 

perspectives: firms are the unit of analysis (micro-level) and their performance is linked 

to the spatial mobility of highly-skilled highly-innovative individuals – multi-patent 

inventors
2
 - while explicitly capturing how firms’ linkages with the external environment 

(meso-level) shape their capacity to benefit from these inflows. This approach makes it 

possible to shed new light on the territorial interactions between firms and innovative 

individuals and it provides new evidence on the role of firm-level heterogeneity in terms 

of knowledge-acquisition behavior in shaping these interactions. The analysis 

disentangles the spatially-mediated/agglomeration impact of inventors mobility from 

the traditional learning-by-hiring mechanism by focusing on mobility into self-contained 

local labour markets (the geographical contexts in which formal and informal knowledge 

exchange takes place) while controlling for the direct influence of newly hired skilled 

personnel at the firm-level, thus isolating the impact of inventors’ mobility that passes 

through ‘external’ mechanisms
3
.   

In addition the paper makes original contributions to the existing literature on three 

further fronts. First, it focuses on inter-regional domestic mobility. Internal ‘movers’ are 

                                                 
 
3 Existing available data for the United Kingdom do not allow a direct association of CIS firms with their corresponding 

patents. Therefore it is impossible to directly associate inventors to individual firms. 
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more ‘homogenous‘ to the local environment (when compared for example to 

international migrants), making it easier to disentangle the impact of mobility from their 

contribution to local ‘diversity’/’variety’ (Maré et al. 2010). However, at the same time, 

the internal mobility of individuals by skill intensity is very hard to capture with standard 

data sources. This has forced the existing innovation literature – when trying to capture 

internal mobility - to focus almost exclusively on the mobility of recent graduates whose 

contribution to innovation processes is only ‘potential’ and possibly delayed in time. 

Conversely, by looking at inventors this paper can capture the internal-regional mobility 

of individuals who directly contribute to the innovation process. Second, this paper 

relies on firm-level data from the UK Community Innovation Survey (UK-CIS) that make 

it possible to capture both product and process innovation while, at the same time, 

avoiding the mechanical correlation that inevitably affects existing works that capture 

both mobility and innovation output by means of patent data. Third, the empirical 

analysis relies on a robust estimation strategy. The panel structure of the dataset makes 

it possible to fully control for firm-specific characteristics, accounting for both 

observable (such as for example intramural R&D, skilled employees
4
 and market 

strategies) and unobservable time-invariant firm-level characteristics.  In addition 

reverse causality – a key issue in large part of the existing literature – is dealt with by 

means of an Instrumental Variable (IV) strategy: we use peaks (if any) in the citations 

received by inventors in the twelve months immediately following the publication of 

their patents as a signal for inventors’ quality. The immediate payoff of a highly 

successful (and highly cited) invention may, in fact, be associated with greater visibility 

and greater opportunities for mobility. In other words a highly successful invention is 

interpreted as an individual push factor increasing the probability of mobility 

(Trajtenberg et al., 2006) independently of the attractiveness and the innovative 

performance of any firms in any possible destination region.  

 

                                                 
4 The possibility to account for the number of skilled employees in each firm, in particular, is a key advantage in CIS 

data since it allows identifying the overall impact of mobility on local innovation while factoring out the amount of 

new skills that each firm can internalize by hiring new employees. 
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The empirical analysis of English firms shows that the mobility of highly skilled and 

innovative individuals – proxied by multi-patent inventors - does not affect firms’ 

innovative performance in recipient areas after controlling for firms’ specific 

characteristics. Conversely, the positive impact of inward mobility identified in previous 

studies only emerges when accounting for the role of firms’ interactions with their 

external environment. When the sample is restricted to firms complementing internal 

with external sources of knowledge this heterogeneous effect becomes apparent. Only 

if firms have the capability to complement internal and external sources of knowledge 

they can benefit from the positive spatial externalities generated by the inflow of highly 

innovative individuals in their functional neighborhood. This suggests that innovative 

performance can be fully explained neither by firms’ internal inputs (Loof and Heshmati, 

2006, Van Leeuwen and Klomp, 2006) nor by their external environment in isolation but 

it is rather the result of the interaction between the latter and firms’ heterogeneous 

internal assets, technological capabilities and knowledge management strategies 

(Alcacer and Delgado, 2013; Mare’ et al, 2014; Gagliardi, 2014).   

 

The paper is organized as follows. The next section shortly reviews the existing literature 

in order to frame the research questions addressed in the paper. Section 3 discusses the 

data focusing in particular on how mobility patterns are traced using patents and how 

different data sources are innovatively combined for the construction of the key 

variables. Section 4 presents the model of empirical analysis and discusses the key 

identification challenges. Section 5 illustrates the main results while Section 6 concludes 

with some policy considerations. 

 

2. Geographical mobility of knowledgeable individuals and innovation: a non-obvious 

link 

 

Individuals are the repositories of both skills and ideas and their location and mobility 

are key to knowledge accumulation and circulation (Leamer and Storper, 2001; Herrera 
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et al., 2010). Since knowledge tends to travel along with people who master it (Breschi 

and Lissoni, 2001), the mobility of knowledgeable individuals leads to the circulation of 

knowledge across locations, shaping the structure of the networks between innovative 

agents (Agrawal et al., 2006) and ultimately the geography of innovation (Feldman 1994 

and 2003).  Following this line of reasoning, the existing literature has suggested that 

inflows of highly skilled individuals enrich the local knowledge base, increasing 

productivity and creativity of local firms (Marè et al, 2011). The expected positive effect 

of the inflow of skilled individuals on firms located in recipient labour markets goes 

beyond the local availability of new skills accessible through learning-by-hiring 

mechanisms (Song et al, 2003; Lewis and Yao, 2006) but it also contributes to the 

creation of a contextually enabling environment for innovation (Carlino et al. 2007; 

Glaeser et al., 2010; Kerr 2010). 

 

Despite the increasing attention on the impact of mobility patterns on innovation 

performance a number of relevant questions still remain unanswered on the key 

mechanisms underlying this link. In particular the existing literature has taken two 

different – and somewhat separated – approaches to the study of the mobility-

innovation nexus: a meso-level/regional approach focused on the innovative 

performance of recipient regions and a micro-level approach looking at the innovative 

performance of movers.  

 

Meso-level analyses are based on different formulations of the regional knowledge 

production function (R-KPF) augmented in order to account for either the 

cultural/ethnic diversity of the local environment (as a result of the stratification of 

international migration flows) or the in-flows of highly skilled individuals. Studies 

focused on the impact of local diversity (e.g. Maré et al., 2010; Niebuhr, 2010; Ozgen et 

al., 2011) converge on the identification of a positive impact of diversity on regional 

innovation performance. However, often due to data limitations, these studies are 

unable to explore the skill composition of mobility flows (and their local stratifications) 
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and their focus remains inherently on international (rather than inter-regional) mobility.  

Conversely, research aiming at identifying the direct impact of highly skilled individuals 

has focused on specific categories of movers: either graduates (Faggian and McCann, 

2006 and 2009 in the UK; Chellaraj et al., 2008 and Hunt and Gauthier-Loiselle, 2010 in 

the USA) or inventors (Kerr and Lincoln 2010; Carlino et al. 2012 in the USA; Peri, 2005 

and 2007; Miguelez and Moreno, 2010 in Europe). These studies all converge in 

suggesting a positive state/regional/city-level effect of mobility on innovation: 

composition effects taking place within recipient spatial units result in an innovation-

enhancing effect. More recent contributions have tried to further investigate the 

localized conditions that shape these impacts. Conditioning factors are linked, for 

example, to the technological trajectory of the local economy or to local firms’ 

heterogeneity. Kerr (2010) provides evidence on the former effect by looking at how 

breakthrough inventions might attract immigrant scientists and engineers leading to the 

emergence of urban environments able to support new innovation clusters. Conversely, 

Mare’ et al. (2014) and Gagliardi (2014) by combining firm-level micro data with 

information on the skill structure of the local workforce (for New Zealand and the UK 

respectively) suggest that when the characteristics of local firms are fully accounted for 

there is no evidence of an independent link between mobility and innovation. 

 

Given their direct relevance to the innovation process the more micro-level literature 

has focused on the mobility of inventors exploring two key aspects: the impact of 

mobility on either the performance of individual inventors or on that of the firms hiring 

them. The first group of studies focuses its attention on the performance of inventors 

following their mobility decision (Hoils 2007 and 2009 for the case of German inventors; 

Lenzi 2009 for Italy) and finds a positive link between mobility and subsequent patenting 

productivity. However these same studies also highlight the importance of personal 

characteristics in shaping this outcome.  The second group of studies looks into learning-

by-hiring mechanisms (Song et al., 2003; Kim et al., 2006; Crespi et al., 2007; Corredoira 

and Rosenkopf, 2010; Singh and Agrawal, 2011) and identifies the benefits of movers’ 
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knowledge for hiring firms. However, the benefits to the hiring firms are enhanced by 

the complementarity between inventors’ and firms’ pre-existing stock of knowledge 

(Singh and Agrawal, 2011) and by the links established with the knowledge base of 

previous employers (Corredoira and Rosenkopf, 2010).   

 

To sum up, the review of the existing literature shows that different streams of research 

converge on three fundamental points. First, the mobility/innovation nexus is highly 

heterogeneous depending on the characteristics of individual movers, of the recipient 

firms and of the local environment/labour markets. Second, the learning-by-hiring 

mechanism is only part of the explanation of the transmission of knowledge enabled by 

spatial mobility: there is something more that cannot be fully captured by individual 

micro-level outcomes and that, at the same time, remains hidden in the composition 

effect of R-KPF studies.  

The ‘enabling’ environment supporting the localized diffusion of knowledge following 

the inflow of highly skilled/innovative individuals has been often evoked by both urban 

economists (Glaeser et al.2010; Kerr 2010) as well as by the more institutional 

approaches in the regional systems of innovation (RSI) tradition (Freeman, 1987; 

Lundvall, 1992; Nelson, 1993; Edquist, 1997; Cooke et al., 1997). The latter emphasised 

the importance of “regionally embedded, institutionally supported, networks of actors” 

(Uyarra, 2010 p. 125), implying that the impact of the inflows of knowledgeable (as well 

as any other increase in locally available knowledge inputs) is highly dependent upon 

the ways in which firms (and other innovative actors) search for their knowledge inputs, 

by building (or not) connections with their local environment.  For example – as shown 

by Agrawal et al. 2010 – large vertically integrated firms might be less prone to access 

locally available knowledge assets: dominant firms in ‘company towns’ tend to be more 

inward looking than other firms, while smaller firms in the same areas do not show the 

same myopic behaviour.  This behaviour reflects the different ways in which firms 

balance their ‘internal’ (i.e. intra-firm linkages) and ‘external’ (geographically bounded 

linkages) agglomerations (Alcacer and Delgado, 2013). 
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As a consequence, the way in which firms search for knowledge outside their 

organisational boundaries seems to be the result of the combination of firm-level and 

local-level characteristics. However, while different streams of literature agree on the 

relevance of these behavioural traits of local firms for their innovation performance, 

there is no empirical evidence on their role as key factor conditioning the innovation 

impact of mobility flows.  

 

3.  Combination of data sources and measurement problems 

 

3.1 Tracing inventors’ mobility using patent data 

Patent data have been extensively used in the literature in order to analyze the mobility 

of star scientists and its impacts (Zucker, Darby and Armstrong, 1998a; Zucker, Darby 

and Brewer, 1998b; Almeida and Kogut, 1999; Stolpe, 2001; Singh, 2003; Song et al, 

2003; Zucker and Darby, 2006, 2007; Hoisl, 2007; Breschi and Lissoni, 2009; Miguelez 

and Moreno, 2010; Miguelez et al., 2010). They make it possible to exploit information 

at the level of the individual inventors and to trace their mobility at a very detailed 

geographical level. This makes patent data particularly suitable for the analysis of inter-

regional mobility given that “micro-data on interregional labour mobility is [otherwise] 

very difficult to find” (Faggian and McCann 2009, p. 320), in particular for specific 

segments of the skill distribution.  

 

The analysis of mobility patterns by means of patent data exploits information on multi-

patent inventors (i.e. inventors of more than one patent) by comparing their residential 

addresses in each patent record: where a change is detected over time the inventor 

moved from one location to another. If the old and the new addresses are sufficiently 

distant in geographical space (or they belong to different regions or countries) the 

inventor is classified as a ‘mover’. 

This procedure, while customary in the literature, calls for a special attention in the 

exact identification of each inventor in the patent database (‘Who’s who problem’). 
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Inventors’ names are sometimes misspelled or misreported in patent documents, 

making it difficult to associate different patents to the same individual in the case of 

multi-patent inventors (Trajtenberg et al., 2006). In order to deal with this potential 

problem we rely on the KEINS database (Lissoni et al., 2006) that includes all 

applications to the European Patent Office (EPO) after – among other procedures - a 

careful and systematic treatment of misreporting/misspelling of inventors’ names
5
.   

 

Once multi-patent inventors are clearly and univocally identified the precise 

identification of movers is also non-straightforward. Patent records report detailed 

geographical information (at the postcode level) on patenting inventors, making it 

possible to identify their exact spatial location. Postcode information can be re-

aggregated at the Travel to Work Area (TTWA) level, in order to capture mobility across 

functional local labour markets in Britain
6
. Patent records make it also possible to 

identify the time-frame for the mobility event by looking at the priority date of the 

invention associated to the new inventor’s address
7
:  if inventor Alpha patented 

invention 1 at time t in Cambridge and invention 2 at time t+T in London we can 

conclude that (s)he moved from Cambridge to London in the time-window (t,t+T).  In 

order to develop the most accurate mobility measure possible – for the purposes of this 

paper it is best to under-estimate mobility rather than to over-estimate it – we restrict 

the time window associated to the mobility event by focusing exclusively on recent 

movers: we consider as ‘movers’ inventors changing their residential address in a three-

year time window between two inventions at different addresses, minimising any 

influence due to alternative confounding factors that can affect the relation between 

mobility and innovation over a longer time interval and capture the ‘novelty’ of the 

knowledge ‘imported’ by the newcomer into the destination TTWA. The focus on multi-

patent inventors and the ‘conservative’ rule adopted in order to identify ‘recent’ movers 

                                                 
5
 see Lissoni et al, 2006 for further information on the cleaning procedure 

6
 TTWAs are constructed as self-containing labour markets based on commuting flows with at least 75% of people 

living and working in the same area. 
7
 Information on the time of the invention refers to the priority data, which is considered by OECD the closest to the 

invention process. 



 
 

10 
 

reduces significantly the number of available observations making it impossible to 

develop a measure of actual flows. Flows measures are likely to be affected by 

significant measurement issues that may generate a severe attenuation bias in our 

estimates. For this reason our preferred measure of mobility has been constructed as a 

dummy variable taking value 1 in case of positive inflows of inventors in a certain 

locations and zero otherwise. Our key regressor is thus aimed at providing a 

representative proxy for the spatial patterns of inventors’ mobility across England as a 

‘shock’ indicator for the local knowledge stock (rather than a measure of actual inflows).  

The descriptive analysis of inter-regional mobility patterns in England shows that among 

the total sample of ‘recent’ movers changing TTWA of residence between 2000 and 

2005 (the lagged time window used in our estimations), 54.2% moved in a different 

NUTS3 region, 47.9% in a different NUTS2 region and 31.3% changed NUTS1 region of 

residence. Although some traditionally successful areas, such as for example London or 

Oxford, experienced inflows of inventors over the entire time span, some variation in 

the destinations of movers emerges when splitting our time window in the sub-periods 

2000-2002 and 2003-2005. Inter-regional mobility patterns have been more relevant in 

the first rather than the second period with some differences also in their geographical 

distribution.  

 

3.2 Firm-level data 

Data on inventors’ mobility are complemented by information on firms’ innovative 

performance from the UK Community Innovation Survey (UK-CIS)
8
. 

The UK-CIS is a firm-level survey providing information on firms’ innovative performance 

with respect to different types of innovation outcomes (product, process and 

organizational innovation). The survey offers detailed data also on the internal inputs 

devoted to the innovative process (financial investments and employees) and a large 

range of other firm-level characteristics (such as size, sector of activity, market of 

reference, etc.). 

                                                 
8 Department for Business, Innovation and Skills and Office for National Statistics, UK Innovation Survey, 2001– 2009: 

Secure Data Service Access [computer file]. Colchester, Essex: UK Data Archive [distributor], June 2011. SN: 6699. 
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The CIS is the best possible data source for this analysis for several reasons. First, it is 

constructed in order to build a balanced sample among all sectors of activity reducing 

the traditional bias of patent data toward high-tech sectors. Second, the sample is 

characterised by a significant share of small and medium sized enterprises
9
 thus 

capturing a typology of innovation that is substantially different from that captured by 

patents. Finally, it provides detailed information on skilled employees in each firm, 

allowing us to disentangle the impact of mobility into local labour markets from 

learning-by-hiring mechanisms (i.e. the new knowledge that firms can access by hiring 

new personnel). 

Two consecutive waves of the UK-CIS have been merged to build our database: CIS4 

(covering the 2002-2004 period) and CIS2007 (covering the 2005-2007 period). Previous 

research using CIS data focused on a single wave thus limiting the possibility to fully 

control for firms’ specific characteristics: given the importance of firm-level 

heterogeneity for our analysis the possibility to control for firm-level fixed effects is of 

paramount importance for the robustness of our results. In order to recover detailed 

information on the geographical location of each firm, the final merged CIS4 – CIS2007 

sample has been, in its turn, merged with the Business Structural Database (BSD 2004) 

database
10

. This has allowed the retrieval of the 7-digits postcode of each firm and, as 

result, their attribution to the corresponding TTWAs. Data from the UK-CIS have been 

used to construct the dependent variable (dummy variable taking value 1 if the firm is 

performing any product or process innovation and 0 otherwise) and all other firm-level 

regressors. 

 

CIS data have been matched with our measure of inventors’ mobility based on the 

combination of both space and time criteria. Inventors who moved within the time span 

                                                 
9
 Almost the 70% of our total sample of firms is classified as small or medium enterprise. 

10
 The Business Structure Database (BSD), derived from the Inter-Governmental Department Business Register (IDBR), 

covers the 99% of economic activity in UK and provides geo- referenced firm- based data with 7 digits postcode. 

Department for Business, Innovation and Skills and Office for National Statistics, Business Structure Database, 1997-

2013: Secure Data Service Access [computer file]. Colchester, Essex: UK Data Archive [distributor], June 2011. SN: 

6697. 
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2000-2002 have been linked to the UK-CIS4 (2002-2004) while inventors moving 

between 2003 and 2005 have been associated to the subsequent CIS2007 wave (2005-

2007).  The geographical criterion matches firms and inventors via their TTWA of 

operation and destination respectively. Table 1 shows the number of firms in our 

sample by innovation status and whether they are located in an area experiencing 

investors’ inflows. 

 

[Insert Table 1 here] 

 

Interestingly, firms located in areas experiencing inventors’ inflows show consistently 

better innovative performance. This preliminary evidence correlates with early studies 

in the field that attributed a positive innovation impact to the mobility of 

knowledgeable individuals. The full list of variables used in the empirical analysis and 

standard descriptive statistics are reported in table 2. 

 

[Insert Table 2 here] 

 

 

 

4. Estimation strategy  

 

The analysis of the effect of mobility on firms’ innovation is based on the Knowledge 

Production Function (KPF) approach popularized by Griliches (1979, 1986) and Jaffe 

(1986) where firms’ innovative performance can be explained by the amount of internal 

inputs (mainly capital and labour) devoted to the innovative process. 

The standard specification is augmented by our regressor of interest in order to account 

for the role of geographical mobility as additional determinant of innovation. From the 

methodological point of view this implies adopting a spatial correlation approach 

(Borjas, 1999) assuming that firms located in areas ‘shocked’ by a recent inflow of 
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knowledgeable individuals/multi-patent inventors will benefit from an additional extra-

firm source of (novel, non-redundant) knowledge.  By focusing on self-contained local 

labour market areas (TTWAs) and factoring out the direct impact of mobility on firms’ 

innovation by controlling for the share of skilled employees in each firm (which includes 

the possible hiring of new inventors), our specification captures the contribution of 

mobility  to the creation of a contextually enabling environment for firm-level 

innovation.  By looking at how mobility impacts upon the level of creativity and 

productivity of local interactions, over and beyond those explicitly mediated by the 

labour market, the analysis provides fresh evidence on the role of human capital 

externalities in the emergence of innovative outcomes. 

 

The estimation equation takes the following form:                                                                     

���������	��
,� � =                                                                                           

�� + ���
,� + ���
,� + �����������′�������
,�� + ! + !� + "
,�   

(1) 

Where: 

� )( ,
i

tcInnovationP is the probability of performing any product or process 

innovation for firm i located in TTWA c at time t; 

� i
tcK , is the amount of intramural R&D expenditure that each firm i located in 

TTWA c within the period t devoted to the innovative process; 

� i
tcL , is the share of high skilled workers

11
 employed by  firm i located in TTWA c 

within the period t  

� TtcflowsInventors −,_  , the regressor of interest, is a dummy that takes value 1 if 

TTWA c experience inventors inflows at time t-T and 0 otherwise; 

� ! , tδ and are firm and time fixed effect respectively; 

                                                 
11

 Data on skilled employees come from the section ‘General Economic Information’ of the CIS questionnaire. It refers 

to the share of employees that hold a degree (BA/BSc, or higher degree, e.g. MA/Phd, PGCE) in science and 

engineering or in other fields. 
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� i
tc,ε is the error term. 

 

The above specification benefits from the panel dimension of our data, accounting for 

firm and time-specific characteristics. This is a highly valuable feature since the majority 

of previous contributions, notwithstanding the increasing evidence on the relevance of 

firms’ heterogeneity in mediating the impact between mobility and innovation, cannot 

fully account for firm fixed effects. The relation of interest is estimated by means of a 

Linear Probability Model (LPM). Several considerations justify this methodological 

choice. First, estimating equation (1) through a binary response models - such as probit 

models - is subject to separation problems (Zorn, 2005), which arise when one or more 

covariates perfectly predict the outcome of interest and is intuitive when both 

dependent and independent variables of interest are binary
12

. The conventional 

response to separation problems is to drop from the analysis the observations that 

generate the problem (Long and Freese, 2006). However, this is a highly problematic 

choice when the separation may reflect a genuine causal process - as potentially in our 

case - and the problem is further worsened by the fact that we are looking at the impact 

of a rare event (recent mobility) upon a specific sub-group of firms (e.g. those 

performing product or process innovation).  

Second, while unobserved firm-level fixed effects can be efficiently controlled for by 

means of a within transformation in a linear context (see for example Miguel et al., 

2004) the same approach is not applicable to non-linear estimation techniques. The 

inclusion of firm level dummies when the time dimension is small – as in the case of this 

analysis – would result in the incidental parameters problem leading to inconsistent 

estimates.  

                                                 
12 In our case the dependent variable  )( ,

i
tcInnovationP  is perfectly predicted by TtcflowsInventors −,_  for the cases in which 

both variables are equal to 0 (when firm i, which does not perform any innovation activity, is located in a TTWA c that 

does not experience inventors inflows) or both are equal to 1 (when firm i, which does perform any innovation 

activity, is located in a TTWA c that experiences inventors inflows). Together with cases in which our dependent 

variable is equal to 1 and the regressor of interest is equal to 0 (firm i, which performs some innovation activity, is 

located in a TTWA c that does not experience inventors inflows) the three occurrences cover 90% of our sample giving 

rise to a quasi-separation problem when estimating equation (1) using probit/logit techniques. 
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Finally, endogeneity concerns dealt with by means of two-stage techniques – as in the 

case of this analysis – cannot be applied in a straightforward manner in the context of 

Maximum Likelihood (ML) or Control Function (CF) approaches. In the case of any 

misspecification of the first stage, in fact, the 2SLS approach would lose efficiency while 

the ML or control function estimators would become inconsistent (Lewbel et al., 2012).  

While the first concern discussed above could be potentially addressed by means of a 

Penalized Maximum Likelihood estimation approach, the second and third 

considerations represent a key feature of this empirical framework which aims at 

recovering causal predictions for the impact of inter-regional mobility on innovation. 

The concurrence of all the above-mentioned features of the empirical framework under 

analysis has driven our choice in favour of the LPM as the most suitable estimation 

strategy. The choice of the LPM under similar conditions is now customary in the 

empirical literature, delivering (where direct comparisons are made possible by the 

data) qualitatively similar results (Miguel et al., 2004; Gagliardi, 2014; Crescenzi et al, 

2015) 

 

4.1 Identification strategy 

The model specified above aims to test the hypothesis that inflows of knowledgeable 

individuals in a specific geographical context may affect the innovative performance of 

local firms through their influence on the degree of creativity and productivity of local 

interactions (Mare’ et al, 2010).  

Causality may, however, also run in the opposite direction. Spatial contexts in which 

highly innovative firms are located may be able to attract a larger number of 

knowledgeable individuals due, for example, to better job opportunities. 

The possibility to control for firm and time specific characteristics and the adoption of a 

‘lagged’ measure of mobility limit substantially this concern. Moreover, apart from the 

cases where a few very large firms dominate their respective local markets, individual 

firms can rarely act as a primary pull factor for labour inflows into their entire labour 

market area. However, in order to minimise any potential reverse causality bias, we 
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adopt a novel instrumental variables (IV) approach. Previous studies have accounted for 

endogeneity by means of a number of different instruments. Hoisl (2007) looked at 

whether the invention was made in a large city or in a rural area assuming that 

inventions made in large urban areas have a greater signalling effect, leading to a higher 

probability for their inventor(s) to receive a job offer by a competitor of their current 

employer. Miguelez and Moreno (2010) adopted spatial econometrics techniques, using 

the spatial lag of the additional regressors to instrument mobility. Gagliardi (2014) 

employed a shift-share approach to attribute actual flows on the basis of patterns of 

historical settlements. 

Conversely, the IV adopted in this paper assumes that inflows in each TTWA c may be 

instrumented by push factors operating in all other TTWAs j≠c. As push factors we 

exploit the signalling effect linked to the quality of a highly successful invention that 

increases inventors’ visibility making them more attractive for potential employers 

located in other labour markets different from c. 

For each TTWA j we calculate the index #	��� ,�� $�%
 as the number of citations received 

by all patents published the year before our mobility time window
13

 (t-T) over the 12 

months following their publication (t-T+1) as a share of the total number of patents 

published in that same period in each TTWA. 

 

#	��� ,�� $�% = &'()��	��	#	���	����� ,�� $�%

&'()��	��	��������� ,�� $�% 																																																																		(2) 

            

The IV is then constructed comparing for each TTWA j the  #	��� ,�� $�%
 index with the 

average number of citations per patent in the 12 months after publication at the 

national level during the time span 1995-2007. 

 

Computationally the instrument takes the following form: 

 

                                                 
13

 1999 and 2002 respectively 
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���.#	���	����� 
 =/
0#	��� ,�� $�% −&��	����&'()��	��	#	���	����223,���4&��	����&'()��	��	��������223,���4 5

&��	����&'()��	��	#	���	����223,���4&��	����&'()��	��	��������223,���4
∗ 7
%

8

%9

		 

(3) 

Where 7
,% is an inverse linear distance matrix between each TTWA c and all the other 

TTWAs  j. 

 

In other words, the in-flows of inventors in each TTWAs c is instrumented by the 

spatially weighted average of the peaks in citations of inventions patented in all other 

TTWAs j.  

 

A disproportionate increase in the number of recent citations with respect to the 

national average is interpreted as a signal for the recent development of a highly 

successful invention. The immediate payoff of a highly successful invention may be 

associated with greater visibility and opportunities of mobility and job offers. In this 

view a highly successful invention may be interpreted as an individual push factor 

increasing the probability of mobility independently of the degree of attractiveness of 

the potential areas of destination. As a consequence we expect our instrument to be 

positively correlated to the instrumented (inter-regional mobility) variable. This 

rationale is supported by previous related research showing that inventors 

characterized by more valuable patents (i.e. most cited patents) are those with the 

highest probability of mobility (Trajtenberg et al., 2006). 

 

From the methodological point of view the focus on the forward citations received in 

the 12 months after patent publication is consistent with our interest in the potential 

signalling effect associated to the recent development of a valuable invention. The 

choice of the national level as a benchmark, apart from being justified by its exogenous 

nature with respect to any local path-dependency pattern, makes it possible to focus on 

inventions receiving relevant attention outside each individual local area (‘national 

champions’). Finally the selection of a time interval spanning from 1995 to 2007 to 
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construct the national average supports our claim that the peak in the number of 

citations experienced by a certain area represents a unique phenomenon in time 

(reasonably connected to the development of a highly successful invention) rather than 

a consolidated local trend.  

 

 

5. Empirical Results and robustness checks 

 

Results for the estimation of the effect of inventors' mobility on the innovative 

performance of English firms are reported in Table 4. In column 1 we estimate the 

standard firm-level KPF (adopted as the baseline model) where innovation is a function 

of intramural investment in R&D and the proportion of employment with tertiary 

degrees or above. Our baseline specification also controls for firm and time fixed effects. 

The estimates confirm the relevance of R&D investment, which turns out to be a 

positive and significant determinant of innovation as expected. The regressor for human 

capital input into the KPF shows the expected sign and is significant at 10%. In the 

interpretation of this coefficient it is important to consider the specific features of the 

CIS sample, which is skewed towards small and medium enterprises with a relatively 

limited variation in their hiring capacity over time (UK Data Archive Studies, 2008). 

Column 2 introduces our key variable of interest (Inventors’ inflows) constructed in 

order to take value 1 if the firm is located in a TTWA that experienced inflows of 

inventors before the time span under analysis. The positive sign of the estimated 

coefficient confirms the preliminary insights from the descriptive statistics suggesting a 

positive association between inflows of inventors in the local labour market and the 

innovative performance of the corresponding firms. The regressor is, however, not 

statistically significant. This evidence is also confirmed after controlling for differences in 

market strategies by including a regressor for firms’ export orientation. This additional 

control is customary in the literature based on the CIS and makes it possible to control 
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for changes in firms’ growth and/or general performance in a time-varying fashion (size, 

structure etc.  are all captured by the FE already)  (Column 3).  

 

[Include Table 3 here] 

 

Our results seem to be in line with other recent studies recommending greater caution 

in the analysis of the impact of mobility on firms’ innovation. When firms’ specific 

characteristics are fully accounted for there is no evidence of an independent link 

between mobility and innovation, implying that firms’ heterogeneity is the key missing 

link in previous studies (in particular in ‘aggregate’ studies based on regional knowledge 

production functions). 

This conclusion is reinforced when the baseline specification is re-estimated by 

neglecting the panel structure of the data and employing a pooled OLS approach. When 

we fail to fully control for firms’ time invariant (observable and unobservable) 

characteristics the regressor of interest turns positive and statistically significant at 5% 

(Table 4, Panel I, Column 1). This result holds also when area-specific characteristics are 

fully controlled for by means of TTWA dummies (Panel I, Column 2), suggesting that it is 

firm-level heterogeneity that drives the positive impact of mobility flows rather than 

local/geographical heterogeneity.  

 

Besides the role played in explaining the heterogeneity in the degree of attractiveness 

across geographical areas, locational attributes do not fully account for the 

heterogeneity across firms in their capability to benefit from new available sources of 

localized knowledge. This further suggests that the effect of mobility on firms’ 

innovation is primarily mediated by firm-specific characteristics in terms of absorptive 

capacity, learning behavior (inward looking/myopic) and/or capabilities to form 

‘systemic’ bridges with other local actors. 
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Our baseline specification is re-run also on product and process innovation separately 

(Table 4, Panel II, Columns 3 and 4). The intrinsic nature of the knowledge flows 

associate to our mobility measure – that is focused on the ‘producers’ of patentable 

innovations - is more directly linked with product rather than process innovation. 

Despite some evidence of variation in the magnitude of the coefficient in the expected 

direction (larger coefficient for product innovation), no evidence of systematic changes 

in the statistical significance is found. 

 

[Include Table 4 here] 

 

Overall, the results discussed so far – in line with part of the existing micro-level 

literature - do not find empirical support for a link between inflows of inter-regionally 

mobile inventors and firms’ innovative performance in recipient areas. This lack of 

statistical significance seems to be mainly explained by firm-level heterogeneity. These 

results remain consistent also when further endogeneity concerns are accounted for by 

means of the instrumental variable approach presented in section 4.1. Inventors’ 

inflows remain positively associated to innovation but not statistically significant (Table 

5, Panel I, Column 1). As expected our instrument is positively correlated with the 

instrumented variable: indeed the immediate payoff of the development of a highly 

successful invention is reflected in a higher probability of inventors moving out of their 

current region of residence. 

The first stage supports the validity of our IV approach (Panel I, Column 2) showing a F-

statistics that is well above the value of ten from the ‘rule of thumb’ proposed Staiger 

and Stock (1997) and the thresholds values developed by Stock and Yogo (2005). 

The IV framework makes it also possible to further investigate the role played by firms’ 

heterogeneity in accounting for the emergence of heterogeneous effects associated to 

the attitude of firms towards the exploitation of external sources of information. 

Both urban economists and the regional systems of innovation literature suggest that 

mobility is a powerful channel of knowledge diffusion potentially generating valuable 
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positive externalities in recipient locations (over and above the learning-by-hiring 

mechanisms taking place within the organizational boundaries of individual firms). 

However, as discussed in the literature review, the existing literature has often 

overlooked the bidirectional nature of knowledge flows, paying limited attention to 

firms’ learning behavior as a key building block of localized systemic interactions 

(Crescenzi et al., 2015). Although knowledge originates elsewhere or is carried by 

external actors, the receiving node has to play an active role to decode, animate and 

recreate that knowledge in the new context (Barnard and Cantwell, 2006; Storper and 

Venables, 2004). This implies that deliberate strategies pursued by local firms may 

substantially shape their capability to absorb and exploit the external knowledge 

injected by the ‘newcomer’ inventors in an effective way.  

 

The UK-CIS survey makes it possible to test these mechanisms by means of information 

on firms’ heterogeneity in learning behaviour: the CIS questionnaire devotes an entire 

section to the nature of knowledge sources used by each firm to develop innovation. 

The questionnaire distinguishes between knowledge coming from external sources 

covering a wide range of economic actors (suppliers, clients, customers, competitors, 

other businesses in the industry, consultants, commercial labs, universities and private 

R&D institutes) and sources that are internal to the firm itself.  

 

In order to identify this heterogeneous effect we restrict the analysis to those firms 

declaring that they significantly exploit ‘external sources
14

 of knowledge’ in their 

innovation process. This same sub-sample has been used in related studies addressing 

the role of external sources of information for firm’s economic performance (Criscuolo 

et al, 2005, Loof and Heshmati, 2006, Van Leeuwen and Klomp, 2006, Crespi et al., 

2007). 

                                                 
14 With reference to the question regarding the importance of different sources of information in the development of 

innovation we selected those firms rating 2 or 3 in a scale from 0 to 3 the category ‘market sources of information’ 

and ‘institutional sources of information’ that include suppliers, clients, customers, competitors, other businesses in 

the industry, consultants, commercial labs, universities and public and private R&D institutes. 
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Interestingly when we focus on those firms that are more likely to consider external 

knowledge as an innovation input the effect of mobility on innovation becomes positive 

and significant at 5% level (Table 5, Panel II, Column 1). The estimated coefficient 

suggests that firms located in areas experiencing inventors’ inflows are on average 20% 

more likely to develop process or product innovation. Interestingly the coefficient for 

other traditional internal inputs - such as R&D investments - is sensibly lower than in the 

full sample, supporting the view that external sources of knowledge can partially 

substitute for internal resources in outward oriented firms.  

The magnitude of the effect, despite being not directly comparable with other studies, is 

generally in line with previous findings. In particular Hunt and Gauthier-Loiselle (2010) 

find that immigrants generate positive spillovers in the USA, resulting in a 15%  increase 

in patents per capita in response to a one percentage point increase in immigrant 

college graduates. Gagliardi (2015) – using CIS data for the Britain - suggests that a 1% 

increase in skilled immigrant generates a 19% increase in the probability of firms’ 

performing any product or process innovation at the regional level.  

It is important to highlight that our IV strategy is highly robust also on the restricted 

sample. First stage results reported in Column 2 (Panel II, Table 5) confirm that the 

instrument remains significantly correlated with our regressor of interest and highly 

significant. Also in this case the F-statistics suggest that the IV does not suffer from weak 

instrument bias. 

 

[Include Table 5 here] 

 

These results suggest that firms’ heterogeneity plays a key role in explaining the 

mobility-innovation nexus. The reasons behind the emergence of a positive and 

significant impact when the analysis is restricted to firms more prone to the exploitation 

of external sources of knowledge may refer to both quantitative and qualitative factors. 

The benefits from inflows of knowledgeable (highly skilled, highly creative) individuals, 

such as multi-patent inventors, are difficult to be fully internalized by the firms hiring 
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them. Especially small and medium enterprises (largely represented in the CIS sample 

and systematically under-represented in studies based exclusively on patent data) are 

likely to find learning-by-hiring mechanism is too costly (due to sunk costs and lack of 

scale), making external search relatively more convenient. External search makes the 

scanning of available sources more flexible, facilitating the acquisition of 

complementary non-redundant knowledge and/or the innovative re-combination of 

otherwise dispersed knowledge bits. Conversely, inward-looking firms - focused mainly 

or exclusively on internal sources of knowledge - might miss relevant innovation 

opportunities, suffering from the cognitive myopia discussed by Agrawal et al. (2010). If 

inward-looking firms cannot access sufficiently diversified sources of knowledge within 

their organisational boundaries – this is the case of Multinational Firms for example 

(Crescenzi et al. 2015) – the risk of cognitive lock-in is higher (Kerr et al. 2014) and the 

inflow of knowledgeable individuals into the local economy of no help to avoid this. 

 

 

6. Conclusions 

 

The way in which knowledge is organised in space is crucially important for innovation 

and, ultimately, economic growth. The inter-regional mobility of highly skilled, highly 

creative individuals – such as multi-patent inventors – is key to knowledge circulation 

and to the geographical adjustment of innovation drivers in response to technological 

change and new market opportunities. Knowledgeable individuals make the circulation 

of valuable, individual embodied, tacit knowledge possible. However, mobility does not 

happen in a vacuum and the way in which movers match, connect to and interact with 

firms in their host environment is an important, although significantly under-explored, 

part of this picture. 

 

This paper has looked at the link between inter-regional mobility, innovation and firms’ 

behavioural heterogeneity in their reliance on localised external sources of knowledge. 

By linking patent data – that offer a unique measure of inventors’ inter-regional mobility 
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– with firm-level data – providing unique information on firms’ innovation inputs and 

behaviour – a robust and innovative identification has made it possible to shed new light 

on the mobility-innovation nexus. Firms located in local labour markets that receive 

inflows of inventors tend to be more innovative. However, this effect identified in 

previous regional-level analyses, is not robust after controlling for firm-level observable 

and unobservable time-invariant characteristics. Firm-level heterogeneity – largely 

overlooked in previous studies - is the key to explain the innovation impact of mobility 

over and above learning-by-hiring mechanisms. A causal link between inflows of 

inventors and innovation clearly emerges for firms that make the exploitation of 

external knowledge sources an integral part of their innovation strategies. Conversely, 

the mobility of knowledgeable individuals is of limited or no benefit to cognitively 

inward looking firms. Firms not benefiting from inter-regional mobility belong to two 

categories. The first category is likely to include large multi-establishment (often multi-

national) firms that can rely on a sufficiently diversified internal knowledge-base that 

can be accessed with relatively low transaction costs thanks to the organisational 

proximity between various knowledge-holders. Conversely, the second category 

includes firms, for which the costs of accessing external knowledge remain – 

notwithstanding geographical proximity - prohibitively high due to internal routines or 

knowledge-management failures, leading to a higher chance of cognitive lock-in with 

limited benefits from the external environment. 

 

What can we learn from these results? The empirical analysis presented in the paper 

should be interpreted bearing in mind some key limitations. First we focused our 

attention on the mobility of inventors, a very specific typology of skilled and innovative 

individuals. Second, our analysis shares the strengths as well as the limitations of other 

studies based on CIS data: the sample might systematically under-estimate certain 

forms of innovation (e.g. innovation in services). Third, we cannot directly identify the 

firms actually hiring the inventors: data limitations make this impossible, preventing us 

from exploring the concurrent effect of job-to-job mobility.  
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Having acknowledged these limitations, some tentative policy considerations are 

certainly justified by our results. The mobility of knowledgeable individuals occurs 

naturally due to the push factors generated by technological change and market forces. 

The knowledge made possible by this mobility supports innovation performance (at 

least in some firms). Active policies should be designed in order to remove existing 

barriers to internal labour mobility: from restrictions to the development of the housing 

market that reduce housing affordability to obstacles to spatial wage flexibility and 

institutional/regulatory barriers.   

 

As discussed above mobility is not equally important for all firms. Firms with more 

limited access to an internally diversified knowledge-base are those with the highest 

potential to benefit from the inflows of knowledge-carriers in their local labour markets. 

A careful diagnosis of the knowledge-seeking behaviour of firms in different locations 

should be a pre-requisite for innovation policies targeting the mobility of high-skilled 

individuals (for example in disadvantaged areas or in emerging innovation clusters).  The 

attraction of highly skilled knowledgeable individuals can boost local innovation (or 

support the emergence of a new innovation cluster) only where this is part of a systemic 

approach to regional innovation that facilitate the inclusion of these inflows into the 

network structure of the local economy supporting – where necessary – the correction 

of myopic knowledge search patterns of local firms. 
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Tables 

 
 

Table 1: Firms’ Innovative performance and Inventors’ Inflows 

 

Period Innovative Performance Inventors Inflows 

NO YES 

Obs. Share Obs. Share 

TOTAL 

Product Innovation 4868 0.29 1004 0.31 

Process Innovation 4868 0.20 1004 0.20 

Product or Process Innovation 4868 0.35 1004 0.37 

2002-2004 

Product Innovation 2284 0.30 652 0.32 

Process Innovation 2284 0.23 652 0.21 

Product or Process Innovation 2284 0.37 652 0.39 

2005-2007 

Product Innovation 2584 0.27 352 0.30 

Process Innovation 2584 0.17 352 0.18 

Product or Process Innovation 2584 0.32 352 0.34 
Source: UK-CIS; EPO-KITES 

Note: Product Innovation refers to “activities bringing to the market or into use by business, 

new and improved products, including both tangible goods and the provision of services”. 

Process innovation is defined as “significant changes in the way that goods or services are 

produced or provided”. Both variables can refer to both products and processes new to the 

business only or also new to the industry. 
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Table 2: Variables List 

 

Variable Description Source Obs. TOTAL 2002-2004 2005-2007 

    Mean Std. Mean Std. Mean Std. 

Product or 

Process 

Innovation 

Dummy variable taking 

value 1 if the firm 

developed any product or 

process innovation 

CIS 5872 0.35 0.48 0.38 0.49 0.32 0.47 

Product 

Innovation 

Dummy variable taking 

value 1 if the firm 

developed any product 

innovation 

CIS 5872 0.29 0.45 0.31 0.46 0.28 0.45 

Process 

Innovation 

Dummy variable taking 

value 1 if the firm 

developed any process 

innovation 

CIS 5872 0.20 0.40 0.22 0.42 0.17 0.37 

R&D 

Dummy variable taking 

value 1 if the firm is 

performing any 

intramural investment in 

R&D 

CIS 5872 0.33 0.47 0.32 0.47 0.33 0.47 

Employment 

with degree 

Proportion of employees 

holding  a degree in 

Science and Engineering 

or other subjects 

CIS 5872 0.10 0.19 0.09 0.18 0.11 0.20 

Export 

Orientation 

Dummy variables taking 

value 1 if the firm has the 

European or international 

arena as main market of 

reference (local and 

national market as 

baseline) 

CIS 5872 0.37 0.48 0.36 0.48 0.37 0.48 

External 

sources of 

information 

Dummy variable taking 

value 1 if the firm 

declares to exploit 

external sources of 

information 

CIS 5872 0.67 0.47 0.68 0.46 0.66 0.47 

Inventors' 

inflows 

Dummy variable taking 

value 1 if the firm is 

located in a TTWA that 

experienced inflows of 

inventors. 

KITES- 

EPO 
5872 0.17 0.38 0.22 0.42 0.12 0.32 

Source: UK-CIS; EPO-KITES 
Note: ‘Product Innovation’ refers to activities bringing to the market new and improved products, including both tangible goods and 

the provision of services. ‘Process innovation’ is defined as “significant changes in the way that goods or services are produced or 

provided”. Both variables can refer to both products and processes new to the business only or to the market and industry as well. 

‘R&D investments’ are defined as “Creative work undertaken within your enterprise on an occasional or regular basis to increase the 

stock of knowledge and its use to devise new and improved goods, services and processes”. ‘Employment with degree’ is measured 

with respect to people holding a degree (BA/BSc, or higher degree, e.g. MA/PhD, PGCE) in Science and Engineering or other subjects. 

The variable ‘External sources of information’ refers to firms rating 2 or 3 in a scale from 0 to 3 the importance of the following 

knowledge sources: "market sources of information” and “institutional sources of information”. These categories include suppliers, 

clients, customers, competitors, other businesses in the industry, consultants, commercial labs, universities and public and private 

R&D institutes. 
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Table 3: Firms’ Innovation and the Mobility of Knowledgeable Individuals 

 

(1) (2) (3) 

Dep.Var. Product or Process Innovation FE FE FE 

R&D 0.2544*** 0.2543*** 0.2541*** 

(0.0232) (0.0233) (0.0233) 

Employment with degree 0.0855* 0.0866* 0.0864* 

(0.0459) (0.0462) (0.0462) 

Inventors’ Inflows 0.0228 0.0226 

(0.0190) (0.0190) 

Export Orientation 0.0075 

(0.0267) 

Observations 5872 5872 5872 

R2 0.0683 0.0688 0.0688 
Clustered robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 

Note: Firm and time fixed effects included in all specifications 
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Table 4: Robustness Checks 

 

(1) (2) (3) (4) 

Dep.Var. 

Product or 

Process 

Innovation 

Product or 

Process 

Innovation 

Product 

Innovation 

Process 

Innovation 

OLS OLS FE FE 

 Panel I Panel II 

R&D 0.4085*** 0.4006*** 0.1986*** 0.1714*** 

(0.0136) (0.0138) (0.0222) (0.0203) 

Employment with degree 0.1478*** 0.1430*** 0.1636*** -0.0259 

(0.0299) (0.0300) (0.0460) (0.0428) 

Inventors’ Inflows 0.0309** 0.0452** 0.0251 -0.0120 

(0.0150) (0.0228) (0.0174) (0.0172) 

Export Orientation 0.1234*** 0.1168*** 0.0158 0.0151 

(0.0128) (0.0130) (0.0260) (0.0242) 

TTWA Dummies NO YES - - 

Observations 5872 5872 5872 5872 

R2 0.2170 0.2455 0.0495 0.0449 
Clustered robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

Note: Firm and time fixed effects included in the specification reported in column 3 and 4 (Panel II). 

Pooled OLS results reported in column 1 and 2 (Panel I). 
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Table 5: Instrumental Variables Estimation 

 

(1) (2) 

Dep.Var.  

Product or Process 

Innovation 

Inventors’ Inflows 

 Panel I 

Inventors’ Inflows 0.0752  

(0.0605)  

R&D 0.2537*** 0.0077 

(0.0233) (0.0173) 

Employment with degree 0.0889* -0.0475 

(0.0469) (0.0455) 

Export Orientation 0.0058 0.031 

(0.0268) (0.0215) 

Peak Citations  0.3381*** 

  (0.0585) 

Observations 5872 5872 

R2 0.0664 0.1581 

F 33.45 

 Panel II 

Inventors’ Inflows 0.2055**  

 (0.1002)  

R&D 0.1609*** 0.0108 

 (0.0302) (0.0231) 

Employment with degree 0.0836 -0.0627 

 (0.0717) (0.0689) 

Export Orientation -0.0044 0.0406 

 (0.0382) (0.0299) 

Peak Citations  0.3457*** 

  (0.083) 

Observations 3084 3084 

R2 0.0166 0.1518 

F  17.36 
Clustered robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

Note: Firm and time fixed effects included in all specifications. Column 2 and 4 refer to the sub-

sample of firms exploiting external sources of information to develop their innovative activities. 

The subsample is constructed drawing from the section “Context for Innovation” restricting the 

analysis to firms rating 2 or 3 in a scale from 0 to 3  the category "market sources of 

information” and “institutional sources of information” that includes suppliers, clients, 

customers, competitors, other businesses in the industry, consultants, commercial labs, 

universities and public and private R&D institutes. 
 


