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The geography of Industry 4.0 technologies across European regions  

This paper investigates the spatial distribution of Industry 4.0 (I4.0) 

considering both region-specific and technology-specific factors. Focusing 

on patent data for four technologies at the core of I4.0 between 2000 and 

2014, we provide evidence of their uneven distribution across NUTS2 

European regions. Our analysis confirms the role of regional absorptive 

capacity, cognitive and spatial proximity as drivers of I4.0 knowledge flows, 

but also indicates important variations among these technologies. 

Cumulated technological capabilities and spatial proximity exert a stronger 

effect on the diffusion of Robot and 3D Printing, whereas Big Data and 

Internet of Things tend to be more spatially distributed. 

 

Keywords: Industry 4.0; knowledge spillovers; absorptive capacity; technology 

diffusion; relatedness. 

JEL classifications: O14; O33; R11; R58. 

 

Introduction 

Regions are going through a time of unprecedented technological change, which 

is causing profound transformations of industries, labour markets and society (OECD, 

2016; Allen, 2017; Mitchell and Brynjolfsson, 2017). Reflecting this, the last decade has 

seen increasing policy attention towards the opportunities offered by the application of 

disruptive enabling technologies into industrial activities (European Commission, 2010; 

2017). In this context, the concept of Industry 4.0 (I4.0) has been put forward1 to reflect 
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a radical change in manufacturing processes defined by the integration of automation and 

digitalisation into existing industries. There is a broad consensus around the potential of 

I4.0 to boost competitiveness and innovation across regions through the integration of 

new value-adding technologies into extant manufacturing activities, contributing to a 

significant renewal of localised industries (Bailey and De Propris, 2019; EC, 2017; 

Lafuente et al., 2019). In particular, the transformational processes of I4.0 have been 

associated with a group of interrelated technologies such as Robots and 3D Printing, Big 

Data and Internet of Things, which are driving the “Fourth Industrial Revolution” 

(Schwab, 2016; Kagermann et al., 2013; Martinelli et al., 2019). 

At the same time, growing research has also underlined potential challenges, 

pointing out the uneven geographical distribution of I4.0 research initiatives across 

European regions (Muscio and Ciffolilli, 2020). In this context, the spatial dynamics of 

I4.0 have become a key concern for economic geography and innovation scholars, as they 

connect to the ability of regions to reboot economic growth through embarking on a 

trajectory of radical technological change (Evangelista et al., 2018; Hervas-Oliver et al., 

2019). However, there is still limited evidence on the geography of I4.0 and the factors 

defining the readiness of a region to embed I4.0 technologies, as well as possible 

differences across various I4.0 technologies (Santini and Bellandi, 2017; De Propris and 

Bailey, 2020). These are important research questions for understanding whether I4.0 may 

create diffused technological opportunities among regions, as opposed to a persistent gap 

between technology leaders and laggards (Barzotto et al., 2019a; De Propris and Bailey, 

2020).  

This paper aims to contribute to this nascent literature analysing the diverse 

geographical distribution of I4.0 technologies and the drivers behind their diffusion across 

European regions. Conceptually, we follow the literature on formal knowledge production 
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by focusing on technological invention as a specific subset of broader processes of 

regional innovation (Breschi, 2000; Acs et al., 2002; Capello and Lenzi, 2014). Within 

this framework, we build on cumulative perspectives in the geography of innovation 

(Martin and Sunley, 2006; Rigby, 2015; Kogler et al., 2017) to posit knowledge flows of 

I4.0 technologies are strongly defined by the heterogeneity of regional absorptive 

capacities as well as relatedness and spatial dynamics of knowledge spillovers. 

Furthermore, we argue differences in the underlying characteristics of I4.0 technologies 

exert a crucial effect on both their spatial patterns and diffusion process. We provide 

evidence for these insights exploring all EPO patent applications across NUTS2 regions 

in Europe between 2000 and 2014. Applying a classification of I4.0 technologies 

consistent with previous research (UK IP Office, 2013; 2014; Martinelli et al., 2019), we 

analyse four key I4.0 technologies separately: Robots and 3D Printing, Big Data and 

Internet of Things (IofT). First, we map the heterogeneous patterns of I4.0 technological 

invention in European regions. Then, in line with the literature on knowledge diffusion 

(Jaffe and Trajtenberg, 2002; Peri, 2005), we use patent citations to explore the 

determinants behind knowledge flows of I4.0 technologies. 

Results point to diverse patterns of I4.0 technological capabilities and confirm the 

presence of important effects defined by regional absorptive capacity, cognitive as well 

as spatial proximity for their diffusion across EU regions. At the same time, we observe 

the relative impact of these factors to differ across the various I4.0 technologies. Overall, 

our findings show the diffusion of I4.0 as being defined by an heterogenous set of 

technologies, pointing to their different role in enabling a smart manufacturing 

transformation within regions. The novelty of these results contributes to the emerging 

literature exploring the ability of regions to unlock the innovative potential of I4.0 across 

sectors (Barzotto et al., 2019a; Muscio and Ciffolilli, 2020), as well as discussing new 
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industrial policies for enabling wider access to the transformative effects of I4.0 (Bianchi 

et al., 2019; Hervas-Oliver et al., 2019). 

In the rest of the paper, we first present a conceptual framework focusing on the 

role of region-specific and technology-specific factors in explaining the geography of I4.0 

patenting activities. In the following Section, we introduce the data and the methodology. 

Then, empirical findings are presented and discussed. The final section concludes with a 

review of the findings before discussing some policy implications from the study. 

 

Literature review and conceptual framework  

Regional drivers of technological activity 

Regional scholars have long debated about the geographically and cognitively 

bounded nature of technological change (Malecki, 1991; Jaffe et al., 1993; Asheim and 

Gertler, 2005). In this literature, it is widely acknowledged that innovation is spatially 

embedded and that it is the result of recurring interactions and exchange of knowledge 

between different economic agents across the relational infrastructure of regions 

(Freeman, 1987; Lundvall, 1992; Capello, 2002; Storper, 2018). In particular, a large body 

of research has explored the production of technological invention as a function of 

localised knowledge endowments, corresponding to the stock of technological resources 

and capabilities within the region (Jaffe et al., 1993; Moreno et al., 2005; Capello and 

Lenzi, 2014; Barzotto et al., 2019b). Similarly, evolutionary perspectives have long 

posited that the innovative output of a region depends on exchanges and recombination 

among local pre-existing knowledge bases, defining a path-dependent as well as a place-

dependent trajectory of cumulated technological change (Dosi, 1982; Martin and Sunley, 

2006; Bellandi et al., 2018b). In the context of technological transformation, the 



6 
 

cumulated technological capabilities of a region can be seen as a predictor of the region’s 

ability to integrate new technologies (Cohen and Levinthal, 1990; Giuliani, 2005). This 

cumulative nature of learning processes and technological upgrading at a regional level 

may lead to uneven distribution of new technology, being particularly marked in those 

regions that have integrated a larger stock of technology-specific knowledge into their 

pre-existing knowledge bases (Castellacci, 2008). Indeed, as each new technology entails 

a specific set of know-how and information, regions are expected to absorb and exploit 

new opportunities depending on previous technological capabilities accumulated within 

their knowledge bases (Boschma, 2017; Corradini, 2019). Accordingly, initial evidence 

indicates the distribution of I4.0 technologies is not homogenous across countries, regions 

and sectors (Ciffolilli and Muscio, 2018; Martinelli et al., 2019). Recent studies show that 

I4.0 technologies are most likely to diffuse within advanced manufacturing regions where 

there is greater availability of technological capabilities related to previous technological 

waves (World Bank, 2017).  

The extent of knowledge cumulated within the region is not the only parameter to 

define its knowledge production function. In this regard, diversified regions that are 

characterised by a multiplicity of knowledge bases might show a higher capability to 

relate with new technological knowledge (Frenken et al., 2007; Castaldi et al., 2015). 

Diversified knowledge bases at a regional level might enable the exploration of 

cognitively and geographically scattered pipelines (Asheim et al., 2011; Martin et al., 

2018; Bellandi et al., 2018b). These insights have been further explored within the 

evolutionary economic geography literature, suggesting knowledge recombination is not 

simply a function of variety in the technological space; rather, it is shaped by the similarity 

between pre-existing capabilities and the new technological knowledge (Boschma, 2017). 

Regions can be expected to have a higher capacity to integrate new technological 
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knowledge into their innovative activities, when this is related to the local knowledge 

bases (Asheim et al., 2011; Boschma, 2017; Isaksen and Trippl, 2016). Here, the concept 

of relatedness has been defined to mainly reflect a cognitive dimension (Whittle and 

Kogler, 2019). Following this perspective, the assimilation of new technological 

knowledge strongly relies on optimal levels of cognitive proximity allowing both 

exploratory and exploitative learning processes (Nooteboom et al., 2007). High levels of 

cognitive proximity between the regional knowledge bases and the new technological 

knowledge may define a more effective absorptive capacity within regions (Martin and 

Sunley, 2006; Menzel and Fornhal, 2010; Isaksen, 2016). This suggests significant 

heterogeneity in the diffusion of I4.0 in favour of those regions whose knowledge bases 

are related to the new technology (Castellacci, 2008). In the same vein, Götz and 

Jankowska (2017) indicate only regions characterised by an adequate set of knowledge 

bases related to the field of IT solutions, robotics, and so on, may be able to absorb and 

recombine the set of knowledge embodied in these technologies inside the region. At the 

same time, an upper bound to cognitive proximity may be important to ensure regions do 

not fall into lock-in effects (Boschma, 2005; Boschma, 2017). In this sense, the positive 

effects of relatedness may be defined by an inverted U-shaped function, as excessive 

cognitive proximity implies a lower level of novelty, and so it reduces the effect of 

technological knowledge on knowledge recombination (Nooteboom et al., 2007; 

Corradini, 2019).  

Building on the concept of knowledge recombination, a complementary 

perspective could be defined based not on localised technologies, but the breadth of 

technological search from a region. In line with seminal studies at the firm level (March, 

1991; Laursen and Salter, 2006), the breadth of technological search at the regional level 

defines the ability of the region to combine extensive exploration processes across a 



8 
 

variety of knowledge bases, potentially leading to new technological trajectories (Isaksen 

and Trippl, 2016; Boschma et al., 2017). As regions scan broader sections of the 

technological landscape in their search processes, they could increase their ability to 

effectively leverage a wider set of technological knowledge, including opportunities 

offered by I4.0 technologies. 

Underpinning these dynamics, the propensity of innovative activities to cluster 

spatially brings out the important role of places (Audretsch and Feldman, 2004). As 

indeed stressed by Audretsch and Feldman (2004), “the marginal cost of transmitting 

information across geographic space has been rendered invariant by the revolution in 

telecommunications while the marginal cost of transmitting knowledge, especially tacit 

knowledge, is lowest with frequent social interaction, observation and communication”. 

Technology diffusion can be expected to occur depending on the proximity to other 

innovators and the access to new technological knowledge being created (Breschi and 

Lissoni, 2009). Thus, the distance from other regions developing I4.0 technologies might 

influence the ability to take advantage of knowledge spillovers (Jaffe et al., 1993; Almeida 

and Kogut, 1999), highlighting the importance of a context-specific nature in knowledge 

flows of I4.0 technologies.  

 

The role of technology-specific characteristics 

In the analysis of regional technological change, scholars have long focused on 

the localised nature of innovative activities and the role of regional innovative capabilities 

to catch up with new technological opportunities (Bellandi et al., 2018a; Hassink et al., 

2019). While regional learning processes and knowledge bases certainly inform about the 

ability of regions to seize opportunities for innovation, technology-specific factors may 

play an important role as well. However, the heterogeneity across technologies and their 
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underlying characteristics has received limited attention in policy debates on I4.0, where 

diverse technologies tend to be discussed as a homogenous set (Ciffolilli and Muscio, 

2018; Bailey and De Propris, 2019).  

Technology studies have long discussed how some inventions, usually more 

original and connected to basic science (Trajtenberg et al., 1997; Corradini and De 

Propris, 2017), have a wider applicability and stronger penetration across a broader set of 

technological domains. Notably, general-purpose technologies (GPTs) are characterised 

by their broad applicability across the economy and their ability to establish new 

complementarities among sectors (Bresnahan and Trajtenberg, 1995). GPTs have an 

extraordinary potential to connect with a larger set of sector-specific knowledge bases, 

expanding the scope for knowledge search. These effects have been found to increase the 

likelihood of whole new technological trajectories entering a region (Montresor and 

Quatraro, 2017; Evangelista et al., 2018). Similarly, technologies enabling new 

complementarities among sectors and bringing closer previously unrelated sectors have 

been associated with more novel recombination and radical innovation (Corradini and De 

Propris, 2017). In line with this approach, the adoption of system-wide “key enabling 

technologies” (KETs) has been presented as a major source of economic benefits by the 

European Commission (EC, 2011) and also by a number of scholars (Evangelista et al., 

2018; Muscio and Ciffolilli, 2020). Many scholars have highlighted the enabling role of 

I4.0 technologies and the characteristics making them comparable to GPTs (Goldfarb et 

al., 2019; Simon, 2019; Martinelli et al., 2019). Yet, a key consideration is that not all 

enabling technologies share the same transformative potential (Teece, 2018). For 

example, a recent study by Martinelli et al. (2019) analyses differences among six 

enabling technologies based on several dimensions, including their original 

recombination of pre-existing industrial knowledge bases and their application in 
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downstream sectors.  

The discussion above suggests technology-specific and region-specific factors 

should be jointly considered to explain the ability of regions to generate innovations from 

the absorption and recombination of new technological knowledge (Diodato and 

Morrison, 2019). Reflecting the insights on technological regimes and widening as 

opposed to deepening patterns of innovation (Breschi, 2000), the potential for I4.0 to 

trigger new innovative activities may be defined by the degree to which these 

technologies rely on the region’s pre-existing knowledge bases. Accordingly, recent 

evidence shows that some of these technologies, such as Robots and 3D Printing, are 

characterised by high levels of cumulativeness, suggesting their creation is largely 

concentrated in specific industrial contexts (Lechevalier et al., 2014). The stronger 

association with industrial knowledge bases also reveals that the knowledge embodied in 

these technologies is highly specialised and “sticky”, which makes opportunities for 

knowledge flows more difficult to occur (Malerba and Orsenigo, 1996; Breschi, 2000; 

Diodato and Morrison, 2019). On the other hand, Rong et al. (2015) recognise the 

potential of IofT to enable cross-industry, cross-discipline knowledge recombination 

opportunities through complex interactions among an array of different contexts (e.g. 

Private and Domestic, Industrial, Service-related). Furthermore, IofT technologies open 

up to the generation and collection of growing volumes of data at unprecedented rates, 

and they tend to be associated with advanced capabilities to leverage Big Data analytics 

as a key source of information (Mourtzis et al., 2016). Differently from Robots and 3D 

Printing, this suggests that the technological knowledge of IofT and Big Data is less 

specific and can more easily flow across space and sectors generating more distributed 

innovative activities (Malerba and Orsenigo, 1996).  

Following these insights, we argue regional absorptive capacity defined by higher 



11 
 

cumulated technological capabilities and relatedness between a specific I4.0 technology 

and the regional knowledge base may be expected to play a less important role for the 

diffusion of I4.0 technologies characterised by wider applicability and lower barriers to 

entry, in line with a widening pattern of innovation (Breschi, 2000). This may be the case 

for digital technologies such as Big Data and IofT (Teece, 2018). Conversely, the 

recombination of technological knowledge from Robot and 3D Printing, more strongly 

associated with a specific set of advanced manufacturing, may be more likely in the 

presence of higher relatedness with the regional technological structure and stronger 

cumulativeness with respect to previous technological activity. Reflecting a deepening 

pattern of innovation due to lower pervasiveness across various industries and spatially 

concentrated competencies (Breschi, 2000), geographical proximity may also be more 

important for these technologies.  

 

Data and Methodology 

In order to investigate the spatial patterns of I4.0 creation and diffusion across 

European regions, we make use of patent data from the PATSTAT-CRIOS database2. 

Patent data have long been used in the literature to explore technological change as well 

as knowledge spillovers across regions (Maurseth and Verspagen, 2002; Moreno et al., 

2005; Barzotto et al., 2019a). This is due to the granular information they offer on the 

location, time and specific technological classification of the invention, whilst marking 

the presence of a significant inventive step. Patent data also present some well-known 

limitations for empirical analysis. While they offer an effective proxy for technological 

invention, they may not fully capture the broader set of innovation activities resulting, for 

example, from learning by doing, by using and by interacting processes (Jensen et al., 

2007), or the application of the underlying technologies within production activities 
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(Griliches, 1998). However, previous literature indicates that by providing a view on 

processes of technological knowledge creation, patents offer important insights on 

regional innovation activities (Acs et al., 2002). In particular, patents have been found to 

offer important insights for the study of technological knowledge flows and their 

diffusion3 (Jaffe and Trajtenberg, 2002; Peri, 2005). 

In the paper, we use patent data covering all applications at the European Patent 

Office (EPO) across 283 NUTS2 regions in Europe for the period 2000-20144. Patents 

are allocated to NUTS2 regions based on fractional count of inventors’ location and 

technological class of the patent. To identify I4.0 technologies on Robots, 3D Printing, 

Big Data and Internet of Things (IofT), we make use of the technological classification 

provided within patent applications. We use combined technological classes at the 8-digit 

level from both the International Patent Classification (IPC) and the Cooperative Patent 

Classification (CPC) following research conducted by the UK Patent Office and recent 

studies on I4.0 technologies (Ardito et al. 2018; Martinelli et al., 2019). The full list of 

IPC and CPC classes for each group are reported in the Appendix (Table A1). 

The analysis consists of two steps. In the first one, this dataset is used to provide 

some stylised facts on the geography of I4.0, offering descriptive information on the 

location of invention of the four I4.0 technology groups identified and their spatial 

autocorrelation. In the second part of our analysis, we present an exploratory model5 for 

estimating the likelihood of I4.0 patents to contribute to new technological inventions 

within the region. The model is defined as follows: 

𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽0 +  𝛽𝛽1𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝑖𝑖𝑖𝑖 + 𝛽𝛽2𝐼𝐼40𝑃𝑃𝑃𝑃𝐾𝐾𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝑅𝑅𝑅𝑅𝑅𝑅𝑃𝑃𝐾𝐾𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽4𝑅𝑅𝑅𝑅𝑅𝑅𝑃𝑃𝐾𝐾𝑅𝑅𝑅𝑅 ∗ 𝑅𝑅𝑅𝑅𝑅𝑅𝑃𝑃𝐾𝐾𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖𝑖𝑖 +
 𝛽𝛽5𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 + 𝛽𝛽6𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑃𝑃𝑅𝑅𝐾𝐾ℎ𝑖𝑖𝑖𝑖 + 𝛽𝛽7𝐼𝐼40𝑃𝑃𝑃𝑃𝐾𝐾100𝑘𝑘𝑘𝑘𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽8𝑋𝑋𝑖𝑖𝑖𝑖 + 𝛿𝛿𝑖𝑖 + 𝛿𝛿𝑖𝑖 + 𝜖𝜖𝑖𝑖𝑖𝑖                                                                            
(1) 
 

Considering the limited number of I4.0 related patents, we define our dependent 

variable Y for each I4.0 patent group i in region r in time t as a dichotomous variable 
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equal to 1 if any patent within the region presents a forward citation to any EPO patent in 

the specific I4.0 group6 i, and 0 otherwise. In other words, this variable captures the 

presence of knowledge flows from any existing EPO I4.0 patent to patenting activities 

within the region, indicating whether regions were able to identify and use I4.0 

technological knowledge in developing their patents. This is applied to the four selected 

i categories: Robots, 3D Printing, Big Data and IofT. In line with the binary nature of this 

variable, we estimate equation 1 using a probit model with cluster robust standard errors 

at the NUTS2 level7.  

The right-end side of the model contains variables defining the probability of 

citing a I4.0 patent across technological activities in region r. In particular, we have the 

regional knowledge stock (K_STOCK) as a proxy of the region’s absorptive capacity, 

defined as the cumulated number of patents weighted by total population with an annual 

depreciation rate set, as customary, at 15%8. We also include a specific measure of 

absorptive capacity for I4.0 technologies (I40_PAT), defined as the number of patents in 

each of the four I4.0 groups, also weighted by total population. 

To capture the importance of cognitive proximity between knowledge bases for new 

knowledge creation, we use a measure of relatedness between the specific I4.0 technology 

and the broader set of patents in a region. In line with Kogler et al. (2017), we first develop 

a standardised co-occurrence matrix Sij as follows: 

𝑆𝑆𝑖𝑖𝑖𝑖 = 𝑁𝑁𝑖𝑖𝑖𝑖
�𝑁𝑁𝑖𝑖 ∗ 𝑁𝑁𝑖𝑖
�                                                                                                           (2) 

where Nij represents co-class counts among all pairs of IPC technological classes. Our 

measure RELATED is then defined as the average standardised proximity between the 

specific I4.0 technology and all other classes in the region weighted by the respective 

number of patents. A quadratic term for RELATED is also added to control for 
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diminishing returns reflecting possible lock-in effects in the presence of excessive 

relatedness (Corradini, 2019). We then add a measure of regional technological 

diversification (REG_DIV) to proxy the role of different sector-specific knowledge bases 

within regions, calculated as a normalised Shannon entropy index: 

REG_DIV = −∑ 𝑠𝑠𝑖𝑖 ln 𝑠𝑠𝑖𝑖
ln𝑛𝑛

𝑛𝑛
𝑖𝑖                                                                      (3) 

where s is the share of patents in class i and n is the total number of patent classes in the 

region.  

To include the role of technological search breath borrowed from firm level studies 

(Fleming, 2001; Fleming and Sorenson, 2004), we propose a similar normalised index of 

diversity built on forward citations in the region: 

REG_BREATH =  −∑ 𝑐𝑐𝑖𝑖 ln 𝑐𝑐𝑖𝑖
ln𝑛𝑛

𝑛𝑛
𝑖𝑖                                                                (4) 

where c is the share of forward citations in class i and n is the total number of classes 

cited in the region. Thus, REG_BREATH measures the heterogeneity of technological 

classes cited within regional patenting activities, reflecting their capabilities to monitor 

and absorb knowledge bases from a diverse set of technological fields.  

To capture spatial proximity effects, we add a spatial lagged variable for I40_PAT to proxy 

possible knowledge spillovers from neighbouring regions in the development of I4.0 

technologies. This measure is calculated using a spatial weight matrix with the threshold 

distance set at both 100km and 200km values. Finally, we add a set of controls reflecting 

the percentage of population in science and technology employment (TECH_EMPL), 

population growth (POP_GROW) and population density (PDENS) expressed in 10 

thousand people per square kilometre. Country and time fixed-effects are also included 
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in the model. Descriptive statistics for all variables are reported in the Appendix (Table 

A2). 

Results and discussion 

Spatial patterns in the creation of I4.0 technologies 

We start exploring the geography of I4.0 in Europe by looking at the spatial distribution 

of patents in the four categories of I4.0 technologies across NUTS2 regions. This is 

depicted in Figure 1, which shows the average fractional number of I4.0 technologies for 

the period 2000-2014. We observe a clear and marked difference between Robot and 3D 

Printing patents when compared with the spatial distribution of Big Data and Internet of 

Things technologies.  

The first group reveals a much higher concentration around Central European 

regions. In particular, Robot and 3D Printing seem strongly connected to regional systems 

with specific manufacturing expertise and where such innovation is first utilised, such as 

automotive in the South West of Germany (Plum and Hassink, 2012; Brenner, 2006), 

transport and medical instruments in the South East of France (Guisard et al., 2010;  

Andersson et al., 2013). Conversely, big data and IofT patents are more widely distributed 

across regions. This latter pattern of I4.0 creation presents higher activities in highly 

urbanised regions in various European countries, providing initial evidence this latter 

group may have wider applicability in line with digital technologies and ICT (Castellacci 

et al., 2019). These differences are similarly suggested by the measure of co-occurrence 

defined by RELATED (See Appendix, Table A2). This is equal to 0.58 for Robot, while 

the average for 3D Printing is 0.75. Conversely, we find much higher levels for Big Data, 

equal to 1.64, and IofT with 2.61.  
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The evolution of I4.0 patenting between 2000-2014 is depicted in Figure 2. In the 

left panel (a), we see these technologies represent a small percentage of total patenting. 

We still observe differences between Robot and 3D Printing, which represent a smaller 

percentage but are slightly increasing, versus Big Data and IofT. In the right panel (b), we 

report the Gini index for the four groups, showing the aspatial concentration in their 

distribution across regions. I4.0 technologies remain more concentrated in specific 

regions than overall patenting activities, whose concentration averages 0.7. In particular, 

Robot technologies are the most concentrated, in contrast to Big Data, though the gap is 

reducing over the period considered. 

 

Figure 1: Number of patents in I4.0 technologies – Average values 2000-2014 
 

(Insert Figure 1 here) 

 

Figure 2: Relative number of I4.0 patents over total (a) and concentration (b) 

(Insert Figure 2 here) 

 

To investigate differences in spatial concentration across the four I4.0 

technologies, we look at a Moran scatterplot reflecting the relationship between 

standardised values (z) for each I4.0 technology and a row-standardized spatial weight 

matrix Wz. This is shown in Figure 3, where the slope for each graph represents the 

respective spatial autocorrelation for the four I4.0 groups9. As suggested by Figure 1, we 

observe a stronger spatial relation for Robots and 3D Printing, while spatial 

autocorrelation is less steep for Big Data and even less for IofT patents10. 

 
Figure 3: Moran scatter plots for I4.0 technologies 
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(Insert Figure 3 here) 

 

Regional determinants of I4.0 diffusion 

In this section of the paper, we explore the conditional impact of the various 

regional and technological specific factors driving the diffusion of I4.0 technologies 

across the 283 NUTS2 regions in Europe. We present the results of the probit model 

presented in Section 3. These are reported in Table 111. For robustness, we also report the 

results using logit regression with regional fixed-effects in Table 2, columns 1-4. In 

columns 5-8 of Table 2, we report the results using an alternative definition of diffusion, 

labelled I40_ENTRY, defined as a binary variable equal to 1 for regions starting to cite at 

least one I4.0 patent for 3 years in a row.  

In line with our conceptual framework, variables of absorptive capacity have a 

positive effect on the likelihood of I4.0 knowledge flows into regional processes of 

technological invention. This is confirmed by the positive and statistically significant 

effect of knowledge stock (K_STOCK) on the presence of forward citations of I4.0 

patents for all four technologies. This effect is slightly less pronounced and statistically 

different for Robot12. At the same time, considering the specific knowledge stock around 

I4.0 technologies (I40_PAT), we find a significant and positive effect only for Robots and 

Big Data, the former being markedly stronger and statistically different from the others. 

Together, these results confirm the importance of technological absorptive capacity and 

cumulativeness in regional innovation. They also seem to be more prominent for Robot, 

which benefits particularly from cumulated capabilities in its own field, and 3D Printing, 

which is more strongly supported by wider regional technological capabilities. Overall, 

this might imply that the diffusion of Robot and 3D Printing depends more strongly on 
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the nature of local cumulated technological capabilities compared to IofT and Big Data, 

thereby suggesting a more limited applicability across various knowledge bases. 

The next set of regressors focuses on the effect of relatedness and variety. Looking 

at the coefficients of relatedness, our results point to an inverted-U effect of technological 

relatedness between I.40 patents and the wider set of patents in the region. This reflects 

previous evidence on the importance of cognitive proximity for absorbing technological 

knowledge bases and introducing I4.0 technologies across regions. This result confirms 

the insights of Götz and Jankowska (2017) highlighting that regions anchored to 

knowledge bases related to IT solutions, robotics, automatics, and so on, might have 

significant advantages in enabling I4.0 transformation. At the same time, it also reflects 

previous studies indicating too much relatedness may reduce the set of combinatorial 

opportunities leading to lock-in effects (Corradini, 2019; Martin, 2010). 

 

Table 1: Probit regression results across I4.0 technologies 
 

(Insert Table 1 here) 

 

Table 2: Logit fixed-effects and probit I4.0 entry regression results across I4.0 
technologies 
 

(Insert Table 2 here) 

 

Focusing on the specific technologies, we observe statistically significant 

differences around the effect of relatedness confirming that technology specific factors 

can also affect the diffusion of I4.0 across regions. Relatedness seems to play a more 

prominent role for the diffusion of 3D Printing technologies as opposed to IofT. Effects 

for Robots and Big Data are in the middle. Overall, considering the much stronger effect 

of previous I4.0 patents (I40_PAT) for Robot technologies, these results support the idea 
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of a more specific nature of Robot and 3D Printing and a wider applicability of Big Data 

and IofT. This is also supported by the results from the FE logit regression reported in 

Table 2 (columns 1-4) and the alternative specification based on I40_Entry (Table 2, 

columns 5-8). Conversely, we do not find a significant effect of regional technological 

diversification (REG_DIV), suggesting that the presence of multiple knowledge bases 

does not necessarily lead to increased diffusion of I4.0 technologies. In fact, we find a 

negative effect for 3D Printing. These results (i.e. REG_DIV; RELATED) confirm the 

importance of the configuration of the inherited technological capabilities and the path 

dependent nature of technological change during this disruptive transformation of 

regions. Here, relatedness is indeed important in sustaining knowledge flows, rather than 

simply diversity of knowledge bases for connecting to new opportunities13. However, 

consistently with the cognitive distance theory (Nooteboom et al., 2007), too much 

proximity reduces the novelty power of combinative opportunities at a regional level. 

These findings are overall consistent with the results reported in Table 2. 

Considering REG_BREADTH, which captures the diversity in the set of 

technological classes cited within regional patenting activities, results suggest that the 

extent of technological search across different patent classes is a significant determinant 

of I4.0 diffusion. Regions scanning opportunities from a higher number of sources of 

technological knowledge seem to be more able to take advantage of I4.0 technologies 

than regions characterised by narrower and localised, in a cognitive sense, search 

processes. While the impact of REG_BREADTH is slightly higher for Robot and Big 

Data, differences across the four I4.0 groups are not statistically different. This is also 

supported by results from logit regression in Table 2, though the effect of 

REG_BREADTH is no longer significant in the model based on I40_ENTRY (Table 2, 

columns 5-8). 
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Finally, we consider the role of spatial proximity in enabling spillovers of I4.0 

knowledge by looking at the impact of spatial lags defined by 100 km and 200 km 

thresholds. Our results indicate that being close to I4.0 knowledge has a positive and 

statistically significant effect for all four technologies. In line with the literature on 

technological spillovers (Audretsch and Feldman, 2004; Acs et al., 2002), these effects 

become more subdued as the distance increases. More interestingly, as suggested by 

Moran’s I statistics, reported in the Appendix (Table 3A), there are significant spatial 

dynamics playing a role in I4.0 technologies. Indeed, the impact of spatial distance is 

more marked for Robot and 3D Printing as opposed to Big Data and IofT, with the 

difference across the two groups being statistically significant. This evidence reinforces 

insights considering knowledge flows of the former group as being more dependent upon 

clustering dynamics and demand-pull effects, emphasizing the important role of places 

even in the I4.0 era. 

 

 

Conclusions 

This paper contributes to the growing debate between scholars and policymakers on 

I4.0 (De Propris and Bailey, 2020; EC, 2017; Evangelista et al., 2018) offering novel 

insights on the geography of I4.0 technologies. Merging perspectives on regional absorp-

tive capacity, evolutionary economic geography and technology specific dynamics, our 

analysis has shown that the interplay of both technology and regional specific factors play 

a crucial role in shaping the distribution and diffusion of I4.0 technologies across regions.  

Exploring all EPO patent applications for almost 300 NUTS2 regions in Europe in 

the period 2000-2014, results point to critical differences in the geographical location of 
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I4.0 technologies and confirm the important role of cumulated regional technological ca-

pabilities, relatedness, technological search breadth and spatial proximity to I4.0 inven-

tion in determining the diffusion of I4.0 technologies. We also show these effects differ 

across various I4.0 technologies. In particular, Robot and 3D Printing technologies remain 

strongly concentrated in some regions with relatedness and cumulativeness as well as 

spatial proximity playing a stronger effect on their diffusion. In contrast, patents on Big 

Data and IofT appear to be more distributed across EU regions, with cumulated techno-

logical capabilities (i.e. regional absorptive capacity and relatedness) and spatial proxim-

ity having a more moderate effect. The former seems to be strongly related to the tradi-

tional endowment of high-tech manufacturing capabilities. On the other hand, the latter 

can be related to the lower capital-intensive nature of innovation in these fields and their 

broader technological applicability (Teece, 2018; Barzotto et al., 2019a). These findings 

indicate that the diffusion of I4.0 may be markedly uneven across regions, reflecting re-

gional differences as well as heterogeneity in the technologies behind I4.0 transformation. 

These results offer important insights for policy debates focusing on the opportunities 

offered by I4.0 to promote widespread technological change across regions. First, I4.0 

technologies do not seem to disrupt the spatial patterns of technological invention across 

European regions. The risks of persistent gaps between technology leaders and laggards 

among these regions are high, and industrial policies may be crucial to ensure the benefits 

of I4.0 are widespread across regions (Barzotto et al., 2019a; Bailey and De Propris, 

2019). Policy initiatives need to consider the diffusion of I4.0 technologies can vary sig-

nificantly among regions, depending on a combination of pre-existing technological ca-

pabilities and the degree of specificity of each I4.0 technology. In line with evolutionary 

perspectives (Rigby, 2015; Kogler et al., 2017), policies should be designed considering 
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that regions will have a higher potential to absorb I4.0 if they possess related technologi-

cal capabilities. At the same time, efforts may be more effective when designed consider-

ing differences in the applicability of the specific I4.0 technologies. Our results also indi-

cate supporting wider technological search – through novel networks or University re-

search (Guerzoni et al., 2014; Corradini and De Propris, 2017) - may partially counter-

balance path-dependence effects. Similarly, platform-like instruments and innovation in-

termediaries might be identified as policy actions facilitating uncommon interactions 

(Janssen and Frenken, 2019). Finally, the differentiated role of spatial proximity suggests 

efforts on technological collaboration may also enhance I4.0 adoption by breaking down 

localised patterns of diffusion, which may be particularly important for lagging regions 

with less defined technological capabilities (Barzotto et al., 2019b). Crucially, our find-

ings underline policy makers should consider initiatives based on these elements care-

fully, taking into account the heterogeneity characterising the various I4.0 technologies 

and the implications these exert on diffusion processes. 

The results should be considered in light of the caveats inherent to the use of patent 

data and the perspective of the analysis presented, which define interesting avenues for 

further research. While patents offer a view on knowledge flows in the process of tech-

nological invention of I4.0, complementary perspectives are required to show how these 

new technologies are embedded within industrial production activities and further inno-

vation arising in the application of I4.0 on factory floors (Szalavetz, 2019). This is fun-

damental, as the link between technological invention and broader processes of innova-

tion may be heterogeneous at the regional level (Capello and Lenzi, 2014). Similarly, I4.0 

entails an increasing integration of manufacturing and services activities. Our results sug-

gest servitization studies should consider potential differences defined by the diverse na-

ture of the technologies underpinning I4.0 transformations. At the technology level, we 
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need more insights on possible multiplier effects across I4.0 technologies, and their dif-

ferential impact in terms of enabling or bridging effects (Corradini and De Propris, 2017; 

Montresor and Quatraro, 2017). This also suggests studying the role of University patents 

for the development as well as diffusion of I4.0 technologies may be an interesting direc-

tion for further research. Finally, following the evidence presented on spatial lags in I4.0 

diffusion, further combinative opportunities may be identified through the analysis of ex-

tra-regional collaborations or inventors’ mobility. This may be particularly important to 

support the diffusion of I4.0 in lagging regions (Barzotto et al. 2019b). While several 

research questions remain open, our paper contributes to the debate on the opportunities 

offered by I4.0 highlighting its transformative effects should not be discussed as a ho-

mogenous process. 
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1 The term Industry 4.0 was first introduced by Kagermann et al. (2013). 

2 For more details on PATSTAT-CRIOS and harmonisation of patent data, see Coffano and Tarasconi (2014). 

3 As we discuss in Section 5 and in line with the different contributions in this special issue, we readily recognise 

complementary studies are necessary to define a broader understanding of the I4.0 revolution. 

4 Time is based on patents’ priority date, which is the closest to the date of invention (Hinze and Schmoch, 2004). 

5 We note the model is not intended to provide causal evidence but rather offer stylised facts on established determinants 

of technology diffusion in regional studies in the context of I4.0. 

6 We exclude the I4.0 sector itself from this. Results are robust when all sectors are included. 

7 Results are consistent across different specifications, including the total number of forward citations and a fractional 

logit model based on forward citations to the specific I4.0 technology over all forward citations in the region for year 

t. 

8 This measure is defined using the perpetual inventory method: 𝐾𝐾_𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐾𝐾𝑖𝑖𝑖𝑖 = 𝑁𝑁𝑖𝑖𝑖𝑖 + (1 −  𝛿𝛿)𝐾𝐾_𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝑖𝑖𝑖𝑖 − 1,where 

δ is the depreciation rate set at 15%. I4.0 patents are excluded from this measure.   

9 Threshold distance for the spatial weight matrix is set at 100km. 

10 We report the specific Moran’s I statistics for each technology in the Appendix (Table A3),. 

11 Considering the non-linear nature of probit models, we report all results as marginal effects. These measure the 

percentage change in the probability of y=1 for a one-unit change in the regressor, allowing for a direct interpretation 

of the impact of each variable in the model. 

12 Tests for statistical differences in regression coefficients across the four technology groups are based on seemingly 

unrelated regressions. Results are available upon request. 
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13 Even when removing correlated variables such as relatedness, this result holds. 
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