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1. INTRODUCTION 

Creative Industries (CIs) are defined as knowledge-based activities based on individual 

creativity, skill and talent, having the potential for wealth and job creation through the 

development of intellectual property; they include activities like Arts, Advertising, 

Cinema, Fashion Design, Publishing, R&D or Software (DCMS 2001; UNCTAD 2010). 

In an increasingly global world, CIs emerge as a new driver for local economic growth, 

regional differentiation and urban regeneration through their role in the innovation and 

economic evolution process (Stoneman 2010; Potts 2015). All these factors have 

increased the interest on their study over the last years. 

 

As CIs are characterised by a high proportion of small firms and a project-based nature 

requiring constant explicit and tacit contact within formal and informal networks, 

advantages exist for employed in creative sectors in agglomerating in the same areas 

(Caves 2000; Pareja-Eastaway 2016). In this sense, geographical proximity can certainly 

facilitate the exchange of knowledge between different agents working in the same area; 

particularly, if knowledge is tacit and context-specific, it requires repeated contact with 

others (see for instance, Scott 1997; Banks et al. 2000; Tschang and Vang 2008 or 

Lazzeretti et al. 2008, 2012). Because of all that, CIs have an essential need for 

agglomeration in comparison to non-creative activities (Scott 1997 p. 329; Feldman 2000, 

p.378-379; Andersson et al. 2014, p.130). The main concept behind agglomeration 

literature is the idea that spatial concentration – either population or human capital – 

enhances productivity. Nevertheless, previous contributions in the literature about CIs 

agglomeration use aggregated data and area-based measures, leading to the well-known 

Modifiable Area Unit Problem (MAUP)1. Therefore, this approach leaves some 

fundamental questions unanswered: What is the spatial extent of externalities associated 

with the agglomeration of CIs? How quickly do these external economies attenuate with 

distance? These questions are even more relevant when agglomeration effects are proved 

not to spill much over space (Rosenthal and Strange 2008; Arzaghi and Henderson 2008). 

These questions are important both for firms’ location decisions and for local economic 

development policies focusing on urban regeneration, attraction of skilled workers and 

generation of creative and innovative environments. Nevertheless, the effect of the spatial 

extent of the agglomeration economies on creative business productivity within urban 

                                                 
1 The MAUP appears when the same analysis is applied to the same data, but different aggregation schemes are 
used, involving biased results. See Arbia (2001) for more details. 
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areas has not been yet analysed in the existing literature (e.g., Cooke and Lazzeretti 2008; 

De Propris et al. 2009; Lazzeretti et al. 2012; Boix-Domenech et al. 2015). 

 

This paper focuses on the city of Barcelona. Barcelona accounts for more than 7,000 

creative firms (the 7.5% of total firms in the city) and more than 100,000 employed in 

CIs (the 49% of the employment in CIs in Catalonia) (Ajuntament de Barcelona and 

IERMB, 2013). Since some years ago, Barcelona is engaged in a process of 

transformation into an economy oriented to innovation, creativity and culture. In this 

sense, this cultural and creative reputation has transformed Barcelona into a great magnet 

for creative activities and high-skilled workers. However, this increasing attraction may 

turn into disagglomeration economies in terms of higher rentals prices, congestion and 

gentrification problems. Nevertheless, according to the existent literature on the CIs 

agglomeration, CIs essentially need for spatial proximity and to locate around city centres 

in order to benefit from networking possibilities, face-to-face interaction and urban 

amenities such as cultural infrastructures, diversity of people and activities, or place-

specific image (Arzhagi and Hendersson 2008; Currid and Williams 2010; Boix-

Domenech et al. 2015). Still, and as Coll-Martínez et al. (2017) pointed out, previous 

studies have not yet considered how demand factors could mitigate this agglomeration 

advantages for CIs and how they could explain the fact that this CIs tendency to 

coagglomerate remains consistent wherever they locate (Currid and Williams 2010). 

 

This paper goes further than Arzaghi and Henderson (2008) and Coll-Martínez et al. 

(2017) in several directions. The aim of this paper is to infer the spatial extent of 

agglomeration economies for the CIs in Barcelona and its relationship with creative firms’ 

performance. Concretely, I try to control for demand factors in order to identify the actual 

role of the specific characteristics (i.e., networking opportunities, cultural amenities) 

traditionally explaining the agglomeration of CIs on the urban centre. I use data from 

Mercantile Register (SABI) that provides micro-geographic data of firms between 2006 

and 2015. I estimate the effects of intra-industry (among CIs) and inter-industry (non-

CIs) agglomeration in rings around location on productivity in Barcelona. With this fine 

level of geographic detail, agglomeration measures and urban amenities are computed by 

using Geographical Information Systems (GIS) techniques. For each creative firm and 

year, I compute a density measure counting the number of neighbour firms or amenities 

located within each distance band defined around the reference firm. By using this 
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strategy I can avoid the MAUP issue and provide a more detailed analysis on the 

attenuation of agglomeration economies for CIs. 

 

The fundamental findings in the paper are that, (1) for CSI, at a micro-spatial level, 

localisation economies are relevant within the first 250 metres; (2) while for Non-SCI 

having creative workers in the near proximity (250 - 500 metres) seems to enhance their 

productivity; (3) for the symbolic-based CSI and design firms localisation economies – 

mainly understood as networking and knowledge externalities – have positive effects on 

TFP at shorter distances (less than 250 metres), while for the two other knowledge-based 

CSI (i.e., synthetic and analytical) localisation economies seem not to be so relevant; (4) 

CSI’s productivity is considerably associated to proximity to specialised HK and to 

coworking spaces; and (5) benefits of being in a better neighbourhood seem not only to 

be associated to a higher potential demand. All these results confirm the importance of 

networking or information spillover effects for some CIs, specially, for symbolic-based 

CSI – such as design agencies, which are highly concentrated in the core areas of the 

largest cities. 

The remainder of the paper is as follows. Section 2 reviews also the main factors 

explaining the agglomeration and coagglomeration of CIs; Section 3 details the empirical 

approach, while Section 4 describes the data used, and in Section 5 presents main results. 

Finally, in Section 6 discusses main conclusions.  

 

1. RELATED LITERATURE  

2.1. Agglomeration and firm productivity 

The literature on agglomeration economies – defined as those benefits in terms of 

productivity derived from the spatial concentration of jobs and firms – identifies the local 

externalities arising from the concentration of economic activities in space. According to 

Hoover (1936), agglomeration economies are subdivided into intra-industry (localisation) 

and inter-industry (urbanisation) economies. Localisation economies arise from the 

spatial concentration of firms operating in the same industry (Marshall 1920). In this 

sense, firms located close to other firms operating in the same industry benefit from 

reduced transportation costs, emergence of external-scale economies, availability of 

specialised workers and suppliers, and diffusion knowledge and technological spillovers 

which reduce economic costs, enhancing efficiency and growth (Glaeser et al., 1992; 

Duranton and Puga, 2004; Martin et al., 2015). Regarding urbanisation economies, they 
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arise from the spatial concentration of different economic activities and from the diversity 

of urban environment characteristics. Thus, firms benefit from the availability of inputs 

from suppliers operating at different stages in the production chain, and cross-fertilisation 

among existing ideas and technologies favoured by the variety in the local economic 

structure (Jacobs 1961, 1969).  

 

Empirical analysis of the role played by agglomeration economies on total factor 

productivity (TFP) has become especially relevant in the last decade (Ciccone and Hall 

1996; Henderson 2003; Martin et al. 2015). Other approaches evaluate the impact of these 

agglomeration forces on employment growth (Glaeser et al. 1992; Henderson et al. 1995). 

However, their findings are difficult to generalise due to the diversity of results. For 

instance, Henderson (2003) found strong positive effects of localisation economies on 

productivity at plant level on US high-tech industries, but not in machinery industries, 

and he finds little evidence of diversification economies. The same study finds a negative 

effect of localisation and a positive effect of diversification externalities on employment 

growth, thus confirming the results of Glaeser et al. (1992). Finally, Martin et al. (2015) 

found that French firms productivity benefits from localisation, but not from 

diversification economies. However, benefits from industrial clustering are quite modest 

in magnitude.  

The spatial scale of agglomeration economies is a relevant issue in this literature (Scott 

1982; Rosenthal and Strange 2003; Combes and Gobillon 2014). Previous contributions 

capture agglomeration economies according to predefined geographic limits, such as 

SMAs, LLs and NUTS-2 or NUTS-3 administrative units. Then, economic activity is 

spatially divided according to these administrative boundaries. However, due to 

agglomeration effects on productivity can differ across geographical scales and they also 

are likely to attenuate with distance, the changing of the shape and size of spatial units is 

usually necessary. Therefore, this traditional spatial analysis can bring to the MAUP. The 

MAUP leads to empirical results biased across geographical scales (Arbia, 1989).2  In this 

sense, the MAUP could partially explain the divergence of results in empirical works 

analysing the relationship between agglomeration economies and firms productivity. 

                                                 
2 The MAUP appears when the same analysis is applied to the same data, but different spatial aggregation 
schemes are used, involving different results. MAUP takes two forms: the scale effect and the zone effect. The 
scale effect exhibits different results when the same analysis is applied to the same data, but changes the scale 
of the aggregation units. The zone effect is observed when the scale of analysis is fixed, but the shape of the 
aggregation units is changed. See Arbia (2001) for more details. 
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These differences can be explained by the use of different geographic units and the 

approaches to measure agglomeration (Rosenthal and Strange 2003).  

Moreover, as it is highlighted above, agglomeration effects are likely to attenuate rapidly 

over space (Rosenthal and Strange 2003, 2008; Arzaghi and Henderson 2008). Indeed, 

this fact may change between localisation and urbanisation externalities, as well as by 

different types of agglomeration forces (Martin 1999). For instance, knowledge spillovers 

are thought to occur at shorter distances (i.e., within cities or neighbourhoods) than input-

output linkages (i.e., counties, regions), since the former require face-to-face interaction 

to be developed. In this context, there are few papers that have tried to measure the scale 

and spatial extent of agglomeration economies. One of the approaches to deal with that 

issue is to compute a density-based measure counting the number of neighbour firms 

located within rings defined around the reference firm with increasing radius. Distance-

based methods are seen as an alternative to deal with the measurement of agglomeration 

of economic activities (Duranton and Overman 2005; Marcon and Puech 2010). Their 

main advantage is that when considering space as continuous, they avoid the use of 

predefined spatial units and their related problems (i.e., the MAUP). In the existent 

literature there only few papers considering this approach and most of them focus on USA 

data. Rosenthal and Strange (2003, 2005, and 2008) analyse the attenuation of 

agglomeration effects on new firm creation and individual wages and find that they 

attenuate after five miles. Desmet and Fafchamps (2005) do the same for employment 

growth and found positive externalities effects for service jobs up to 20 km and for non-

service jobs they appear between 20 to 70km. Arzaghi and Henderson (2008), for 

advertising agency industry, found that there is an extremely fast spatial decay of 

agglomeration effects occurring primarily within 500 metres. Finally, for the Italian case, 

Di Addario and Patacchini (2008) found that the impact of local population size is 

strongest between 0 and 4 km and is no significant any more beyond 12 km. In all them, 

the spatial scope of agglomeration effects is given by the distance after which the local 

characteristic does not have a significant effect any more. It is possible to find that 

agglomeration effect first increase with distance before decreasing. Then, this turning 

point gives the spatial scale at which they are the strongest (Combes and Gobillon 2014). 

2.2. Creative Industries, agglomeration and productivity 

The aforementioned CIs characteristics – their propensity for project work and 

networking, the unpredictability of demand, and the need for continuous novelty and 

innovation closely associated to aesthetics and symbolic values (Caves 2000) – and their 
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potential for economic growth as a source of creativity and innovation have increased the 

interest on studying their location behaviour. In this sense, previous studies analysing the 

location patterns of CIs underline their tendency to be highly concentrated in space 

(Cooke and Lazzeretti 2008; Lazzeretti et al. 2008, 2012).  

 

Traditional factors explaining the concentration of economic activities in space can also 

be applied to agglomeration of CIs. In this sense, CIs may benefit from localisation and 

urbanisation economies. Regarding the former, CIs may agglomerate with firms of the 

same industry to take advantage of local knowledge spillovers, to benefit from pooled 

specialised labour markets and the availability of local suppliers specialised in other parts 

of the creative filière (Landry 2000; Florida 2002; Maskell and Lorenzen 2004; Scott 

2006; Santagata and Bertacchini 2015; Lazzereti et al 2012; Branzanti 2014).  

 

Regarding urbanisation economies, CIs coagglomerate to take advantage from the 

diversity of economic activities and people, and from the capacity of local consumption 

markets (Lorenzen and Frederiksen 2008; Lazzeretti et al. 2012). This diversity found in 

urban areas can facilitate the coordination among diverse knowledge bases, and their 

geographical proximity promotes knowledge flows, the spread of ideas, and new forms 

of entrepreneurship among different agents and industries (Glaeser et al. 1992; Flew 

2014).  At the same time, demand-side factors should be considered as well. In fact, the 

coagglomeration of CIs could be explained simply by the same reasons inducing the 

location of service activities in urban areas. That is, these areas are a focal point where 

firms have access to a greater range of consumer’s preferences having high average levels 

of cosumption of culturals goods and services (Heilbrun 1996; Glaeser 2001; Turok 2003; 

Currid and Williams 2010). In short, creative activities actually benefit from their 

colocation for the same reasons as other industries do – that is, coagglomeration brings 

the possibility to benefit from static and dynamic increasing returns effects (i.e., flexible 

subcontracting opportunities, learning and innovation phenomena, entrepreneurial 

spinoff possibilities, etc.); but they may require more concentration for their economic 

and social interactions (Scott 2000; Banks et al. 2000; Currid and Williams 2010).  

 

One of the main drivers for agglomeration and coagglomeration of CIs at intra-

metropolitan level is their type of dominant knowledge base. In the literature we can find 

three different definitions of knowledge bases for innovative and creative activities: 
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analytical, synthetic and symbolic. All of them are defined according the mixture of tacit 

and codified knowledge, the possibilities and limitations of knowledge codification and 

the competences and skills required for the development of their activity (Asheim and 

Parrilli 2009, 2012). Analytical knowledge base refers to activities where knowledge is 

highly codified and the need of tacit interaction is lower (as in R&D and Engineering 

activities). Synthetic knowledge base is partially codified, requires more tacit knowledge, 

and it is more dependent on the context (as in Architecture and Software and computer-

related activities).  Finally, symbolic knowledge base is associated to the creation of new 

ideas and images and it is highly tacit and context-specific (as in Advertising, Arts, 

Cinema, Fashion design, Publishing, and TV and Radio).  

 

Thus, as most CIs rely on tacit (face-to-face) interaction between creative agents and on 

the specific environment of the area where they operate, they are expected to agglomerate 

in a more intensive way than non-creative manufacturing activities (Scott 1997, Feldman 

2000). For the same reason, their concentration can also be highly sensitive to distance-

decay (Arzaghi and Henderson 2008; Boix-Domenech et al. 2015). Thus, we could expect 

to find a positive effect and rapid distance decay for the agglomeration of CIs than for 

other industries with a similar firm-size distribution, and these results may change 

according to the dominant knowledge base of each creative sector.  

 

Some authors argue that these factors provide only a partial explanation on the 

determinants of location of CIs (Tschang and Vang 2008). In this sense, CIs may 

agglomerate because of the  existence of historical and cultural infrastructures which are 

essential sources of inspiration for employed in CIs; infrastructure of specialised public 

and social actors providing support to these activities (e.g., education and training 

institutions, government funded agencies, gatekeepers and private lobbying 

organisations); ‘soft characteristics’3  or amenities in terms of quality of life, tolerance, 

cosmopolitan environments; a particular identity o place image4 also facilitates the 

                                                 
3 We refer to soft characteristics as the ‘specific urban amenities’ that create an environment that attracts people 
who are key to the most promising economic activities for the economic development of the urban region’ 
(Musterd and Bontje 2010 p. 25). The use of the term ‘soft’ is related to these factors are difficult to measure 
or define (Clark et al. 2002; Pareja et al. 2008; Murphy et al. 2014).  
4 We refer to place image as those intangible and symbolic values defining the identity, uniqueness and social 
habits and norms of a place. And this place-specific image is more relevant for CIs working with high levels of 
aesthetic or semiotic content and where informal know-how and tacit forms of knowledge play a major role 
(Scott 2006). In fact, soft characteristics and place-image are closely related, since both are linked to a ‘system 
of associative structures and social networks, connections and human interactions that underpins and 
encourages the flow of ideas between individuals and institutions’ (Landry 2000, p133). 
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attraction of creative talents and entrepreneurs (Scott 2000; Andersson and Andersson 

2008; Pareja et al. 2008;  Murphy et al. 2014; Coll-Martínez and Arauzo-Carod 2017).  

 

However, intra-metropolitan analysis of the agglomeration of CIs should consider that, in 

fact, there is a heterogeneous distribution of amenities and cultural infrastructures across 

neighbourhoods within the city (Currid and Williams 2009, p. 425). In this sense, if CIs 

are mainly attracted to those well-located neighbourhoods where ‘things happen’ (i.e. 

social and networking events), we could expect to find creative activities highly 

coagglomerated in some locations of the city, and a rapid decay of this agglomeration 

once we move away from these focal points. At the same time, the increasing attraction 

of these trending neighbourhoods could involve the dispersion of creative activities. That 

is, once these neighbourhoods increase their popularity due to all the advantages their 

offer, the rise of rental prices as well as those of other services is expected for these areas 

(as Pallares-Barbera et al. 2012 and Paül-i-Agustí 2014 find for Barcelona’s 

neighbourhoods). As a result, some CIs activities may decide to locate in other areas 

where life and activity costs are more affordable (Chapain and Communian 2010). 

Moreover, the possibility of teleworking nowadays, more feasible than ever before due 

to the advances in information technology systems, can enhance the dispersion of creative 

workers (Moriset 2003).  

All in all, creative firms willing to benefit from all  aforementioned factors will accept to 

suffer from classical inconvenients of core areas (e.g., higher rental prices) as those 

competitive advantages arising from agglomeration advantages (e.g., information flows 

through face-to-face interaction, networking possibilities and specific environments) 

were large enough to compensate them. Thus, I expect to find spatial decay within the 

first kilometre.  

 

3. EMPIRICAL STRATEGY 

3.1. The model 

As it has been introduced in Section 2, agglomeration economies are generally assumed 

to improve TFP of firms through localization economies and urbanization economies. As 

I have access to firm-level data, this allows using an empirical strategy based on the 

estimation of a Cobb–Douglas production function: 

𝑌𝑖𝑡 =  𝐴𝑖𝑡𝐾𝑖𝑡
∝𝐿𝑖𝑡

𝛽
                                                                                                                          (1) 
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where 𝑌𝑖𝑡 is value-added of plant i at time t, 𝐴𝑖𝑡 is TFP, 𝐾𝑖𝑡
∝ the capital stock and 𝐿𝑖𝑡

𝛽
the 

labour force (in terms of employees) of firm i at time t. I then assume that TFP of firm i 

depends on a firm-level component, 𝑈𝑖𝑡, but also on its immediate environment in terms 

of localization and urbanization economies, and a set of controls: 

 

𝐴𝑖𝑡 =  (𝐿𝑂𝐶𝑖𝑡
𝐷)𝛿(𝑈𝑅𝐵𝑖𝑡)𝛾𝑋𝑖𝑡

𝜎𝑈𝑖𝑡 ,                                                                                   (2) 

 

where 𝐿𝑂𝐶𝑖𝑡
𝐷 capture the local agglomeration externalities (CSIs) computed within 

different distance bands D for firm i and at time t ; 𝑈𝑅𝐵𝑖𝑡 capture urban agglomeration 

externalities (non-CSIs); and 𝑋𝑖𝑡
𝜎 is a set of neighbourhood-firm variables for firm i and 

time t. Log-linearizing expressions (1) and (2), one obtains: 

 

𝑦𝑖𝑡 = ∝ 𝑘𝑖𝑡 +  𝛽𝑙𝑖𝑡 + 𝑎𝑖𝑡,                                                                                                            (3) 

 

And 

 

𝑎𝑖𝑡 =  ∑  𝛿 𝑙𝑜𝑐𝑖𝑡
𝑑𝐷

𝑑=1 + ∑  𝛽𝑓𝑢𝑟𝑏𝑖𝑡
𝐹𝐹

𝑓=1 + ∑ 𝛽𝑘𝑋𝑖𝑡
𝑘𝑘

𝑘=1 + 𝑢𝑖𝑡                                                          (4) 

 

where lower-case letters denote the log of upper-case variables in Eqs. (1) and (2). 

Following Martin et al. (2015), the paper’s strategy consists first in estimating Eq. (3) in 

order to obtain 𝑎𝑖𝑡. Then, Eq. (4) is estimated. Here, Eq. (3) can be used to relate TFP to 

some local characteristics, which can determine the channels through which 

agglomeration economies operate.  

 

3.2. Estimation issues 

Consistent estimation of the parameters of a production function is a problematic issue to 

cope with. Concretely, as output, labour, and other inputs are simultaneously determined 

by the firm, then inputs are likely to be endogenous variables because the error term of 

the model typically contains unobservable output determinants, involving potentially 

inconsistent estimates of the coefficient from ordinary least squares. To deal with these 

issues several approaches have been developed during the last decades (Van Beveren 

2010). Among them, sophisticated semi-parametric approaches to control for 

unobservables making use of additional information on investment (Olley and Pakes 

1996) or intermediate consumption (Levinson and Petrin 2003) stand out. However, 
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according to Ackerberg, Caves and Frazer (2015) these estimation strategies may suffer 

from identification issues. For this reason they propose an estimation procedure relying 

on Olley and Pakes (1996) and Levinson and Petrin (2003) two-stage procedures but that 

estimates all the input coefficients in the second stage.5 Because of that this paper follows 

Ackerberg, Caves and Frazer (2015) approach by using Manjón and Mañez (2016) 

procedure to estimate TFP in Stata (acfest). This approach is estimated by (nonlinear, 

robust) generalized method of moments. After estimation, it is possible to predict the 

estimated productivity of the firms in the sample. Doing so, standard estimates for inputs 

elasticities, around 0.8 for labour and around 0.40 for capital, are obtained.  

 

When estimating agglomeration economies and production functions endogeneity issues 

arise. Endogeneity at the local level can arise because some missing variables can 

simultaneously determine agglomeration economies and the local outcome. Here reverse 

causality is a relevant issue when higher outcome levels attract more firms and workers, 

and that increases the quantity of local labour and thus density, at the same time. If this is 

the case, a positive bias in the estimated coefficient of density is expected. 

  

In order to deal with the aforementioned issues, Combes and Gobillon (2014) summarise 

main approaches to deal with these issues. In this sense, the use local fixed effects, 

instrumental variables, the generalised method of moments (GMM) and natural 

experiments are the main approaches used in this literature. Even the same authors do not 

recommend relying on GMM when the final aim is to identify the role of local 

determinants on local outcomes. Therefore, choosing one or another is a complex decision 

and requires a careful methodological design. 

 

For this reason, I try to estimate TFP on some factors influencing firms’ performance by 

using different approaches. Still, working with panel data offers some advantages over 

                                                 
5 Since some authors strongly recommend comparing different approaches before choosing among them 
(Combes and Gobillon 2014), I have also estimated TFP by following Levinson and Petrin (2003) approach 
and by OLS. Still, as results do not seem to vary significantly I only present TFP results according to Ackerberg, 
Caves and Frazer (2015) approach. 
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cross-section data as highlighted in Hsiao (2014). The introduction of standard fixed 

effects on the regression will potentially reduce the correlation effects of the explanatory 

variables with unobservables. According to the main aim of this paper, estimating the 

model by robust OLS with standard fixed effects allows both dealing with main 

estimation issues and analysing the urban amenities and demand factors individual 

effects. 

 

4. DATA AND VARIABLES 

The firms in this dataset are located in Barcelona city. It is located in Catalonia, an 

autonomous region in north-eastern Spain. Barcelona has an area of 101.9 km2 and hosts 

more than 1.6 million people. In economic terms, it accounts for 31% and 6% of the 

Catalan and Spanish GDP, respectively. Barcelona is composed of 10 districts and 75 

neighbourhoods. 

 

This study uses micro-geographic data from the SABI database (Bureau van Dijk). SABI 

contains comprehensive information on firms in Spain, detailed by firms’ geographical 

information (plain coordinates), employment, and among others characteristics at the 4-

digit NACE level. The SABI’s data covers all limited liability firms and corporations, and 

does not include data from neither self-employment nor public employment.6 

 

This paper follows UNCTAD’s (2010) classification of CIs, the most widely accepted 

classification.7 UNCTAD’s classification is the broadest available in terms of industries, 

including both manufacturing and service industries. Even so, the relevance of service 

creative firms is greater than manufacturing ones. In this paper only Creative Service 

Industries (CSI) are considered as Boix-Domenech and Soler-Marco (2015a) suggested 

                                                 
6 In the literature we can find several studies using this database (Duch et al. 2009, Jofre and Solé-Ollé 2009 or Jofre et al. 
2015) and some of them have explored its representativeness by computing the correlation between SABI and the Social 
Security Register finding a high correlation around 0.90 (Jofre et al. 2014). 
7 CIs arose out of cultural activities CIs. The term came to the fore after the publication of reports by the OECD (2007) 
and UNCTAD (2010) and the British Government’s Creative Industries Task Force Mapping Document (DCMS, 1998 - 
2001). All of them are well accepted on the literature as alternative classifications. 
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further research should focus exclusively on CSI because in most regions examined 

activities classified as belonging to creative manufacturing were not in fact engaged in 

creating but in making. Moreover, in order to take into account the specificities among 

CSI, the empirical approach is conducted by classifying CSI by each knowledge base (see 

NACE Rev. 2 industry classification in Table 1). In Table 2 the temporal composition of 

the number of incumbents of CSI firms depicts growth on the first period followed by a 

period of attrition for both CSI and Non-CSI, following the economic trend of the period. 

 

Table 1. Creative Service Industries by knowledge bases (NACE Rev. 2 codes) 

Code Symbolic CSI Code Synthetic CSI Code Analytical CSI 

58 Publishing 5821 Publishing  of computer games 721 
Scientific research and 

development  

59 Audiovisual 5829  Other software publishing 722 

Research and 

experimental 

development on social 

sciences and 

humanities 

60 Programming and broadcasting 6201 
 Computer programming 

activities 
  

73 Advertising 6202  Computer consultancy activities   

7410 Design 7111  Architectural activities   

7420 Professional photography 7112 
 Engineering activities and related 

technical consultancy 
  

90 Arts      

91 Heritage        

Source: Elaborated from UNCTAD (2010) and following Asheim and Hansen (2009) classification of knowledge bases 

 

Table 2. Temporal composition of the number of firms by category 

Year 
Non-

SCIs 
SCIs Analytical Synthetic Symbolic Advertising Design 

2006 5,753 1,806 34 610 1,252 511 116 

2007 5,883 1,803 32 592 1,270 523 123 

2008 7,079 2,201 49 793 1,473 614 141 

2009 7,594 2,288 50 826 1,523 623 154 

2010 7,722 2,264 53 836 1,487 614 149 

2011 7,790 2,240 53 845 1,444 589 148 

2012 7,865 2,142 53 812 1,369 564 141 

2013 7,507 2,014 56 775 1,274 539 126 

2014 7,047 1,925 51 746 1,215 513 127 

2015 6,206 1,655 41 630 1,049 442 111 

Source: Own elaboration with SABI’s database. 

The empirical strategy is applied for seven different samples. The first two are for CSI 

and Non-CSI firms in order to compare them. The following ones allow me to distinguish 
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between the three different knowledge-bases of CIs – symbolic, synthetic and analytical 

–. And the last two samples are for some of the most representative CSI in Barcelona: 

advertising and design industries. These samples are obtained after excluding data of 

those firms that opened and closed in the same year, and those ones for which 

geographical coordinates are not available, leaving only active firms through all the 

period (2006 - 2015). Moreover, I drop all observations for which value-added, 

employees, intermediate materials and capital data are missing, negative or null. Finally, 

I deflate all monetary variables by industrial-level and consumption price indexes 

provided by IDESCAT (2011). 

 

4.1. The variables 

Table 3 summarises all variables definitions and sources. All variables employed in this 

work can be classified by categories: TFP variables for the first step in the empirical 

approach; and for the second step we use variables controlling for firm characteristics and 

local characteristics, as well as key variables capturing localisation and urbanisation 

economies.  

 

Firm value-added, labour, intermediate inputs and capital (measured at the beginning of 

the year) are directly taken from the SABI database, as well as variables aiming to control 

for firm characteristics, size in terms of number of employees and type of firm in terms 

of capital. However, agglomeration economies variables and urban amenities require 

more elaboration. 

 

For each CSI, I construct a set of concentric ring firm variables, each of which measures 

the number of firms in CSI j present at a given distance (r) from the firm of reference i 

(see Figure 1).  They can be understood as a measure of access of that firm to nearby 

neighbour firms (SCI firms for capture localisation economies and Non-SCI firms for 

urbanisation economies) in each year from 2006 to 2015 located in the city of Barcelona. 

I define two first rings of 250 metres and then the following three rings moving out in 

increments of 500 metres, based on the coordinates of each firm as a reference: 0 to 250 

metres, 250 to 500 metres, 500 to 1000 metres, and 1000 to 1500 metres. I also experiment 

with other ring divisions, but bearing in mind previous works analysing the attenuation 

of networking spillovers for advertising agencies in Manhattan (Arzaghi and Henderson 

2008) and the spatial extent of agglomeration and coagglomeration for CIs in Barcelona 
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(Coll-Martínez et al. 2017), CIs seem to only benefit from localisation economies within 

the first kilometre. Thus, taking into account these findings I expect to capture the effect 

of both localisation and urbanisation economies by using these ring divisions. 

 

Figure 1. Creating density rings to capture agglomeration economies 

 

Source: Author 

 

In regards of the elaboration of local characteristics variables, I also rely on GIS to count 

the stock of amenities within the first 1000 metres from the firm of reference for all firms 

on the dataset in Barcelona. They allow me to distinguish between different kinds of urban 

amenities strongly associated to CSI: specialised human capital formation centres, 

cultural heritage, natural amenities, and art factories. For capturing a potential demand 

effect, I elaborate to different variables: population density, which is created by using a 

GIS contour fitting routine from census data at a district level; and distance to the most 

frequented areas, which is elaborated by the following strategy: First, I estimate the 

maximum density of public transport access points from OSM data; then, I obtain the 

geographical coordinates of this point in order to compute the Euclidean distance from 

each firm to the this highly frequented point of the city.8  

                                                 
8 Alternative proxies for potential demand have been elaborated and tested in the same model as a robustness 
check. Concretely, distance to different hotspots in the city (economic activity, face-to-face interaction, 
nightlife, tourism, events, etc.). However, these variables are usually correlated to localisation and urbanisation 
firm ring variables and by introducing them, results slightly vary. 
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Figure 2. Spatial distribution of CSI firms and potential demand variables 
3.1 CSI firms and population density by districts 

(2006) 
3.3 Highly frequented areas 

  

3.2 CSI firms and population density by districts 

(2015) 

3.4 Density map of public transport access 

points 

 
 

Source: Author’s with OSM and SABI’s data. 

 

Figure 2 depicts the spatial distribution of CSI firms, population density by districts, and 

main public transport access density points for the city of Barcelona. All of them give 

evidence that CSI seem to mostly locate where potential demand is higher. Moreover, this 

tendency of CSI to locate in the city centre is quite persistent from 2006 to 2015. 

 

Table 4 shows usual descriptive statistics for the full sample of CSI in Barcelona between 

2006 and 2015. 
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Table 3. Description of variables and sources 

Variable Definition Source 

TFP variables   

VA Value-Added (Ln). 
SABI database (2006 - 
2015) 

L Number of employees  (Ln). 
SABI database (2006 - 

2015) 

K Total assets  (Ln). 
SABI database (2006 - 

2015) 

age 
Firm age in years defined as the difference between the 
year of creation and the last data available on the database 

(Ln). 

Own elaboration with SABI 

database (2006 - 2015) 

M Intermediate materials  (Ln). 
SABI database (2006 - 
2015) 

TFP 
Total Factor Productivity estimated by using Ackerberg-

Caves-Frazer Method (Ln). 

Own elaboration with SABI 

database (2006 - 2015) 

Firm Characteristics   

size 

It indicates if the firm is a micro firm (1) (less than 10 

employees), a small firm (2) (11 - 50 employees), a 

medium firm (3) (51 - 250 employees); or a large firm (4) 
(more than 251 employees). 

Own elaboration with SABI 

database (2006 - 2015) 

firm_type 
Dummy variable taking value (0) if it is a Joint-stock 

company or (1) for a Limited Company. 

Own elaboration with SABI 

database (2006 - 2015) 

Localisation economies   

Intra_$ _0-250 
Count of $ a within a ring of 250 metres from the firm of 
reference (Ln). 

Own elaboration with SABI 
database (2006 - 2015) 

Intra_$_250-500 
Count of $ within a ring between 250 and 500 metres from 

the firm of reference (Ln). 

Own elaboration with SABI 

database (2006 - 2015) 

Intra_$_500-1000 
Count of $ within a ring between 500 and 1000 metres 

from the firm of reference (Ln). 

Own elaboration with SABI 

database (2006 - 2015) 

Intra_$_1000-1500 
Count of $ within a ring between 1000 and 1500 metres 

from the firm of reference (Ln). 

Own elaboration with SABI 

database (2006 - 2015) 

Urbanisation economies   

Inter_Non$_0-250 
Count of Non-$ within a ring of 250 metres from the firm 

of reference (Ln). 

Own elaboration with SABI 

database (2006 - 2015) 

Inter_Non$_250-500 
Count of Non-$ within a ring between 250 and 500 metres 
from the firm of reference (Ln). 

Own elaboration with SABI 
database (2006 - 2015) 

Inter_Non$_500-1000 
Count of Non-$ within a ring between 500 and 1000 metres 
from the firm of reference (Ln). 

Own elaboration with SABI 
database (2006 - 2015) 

Inter_Non$_1000-1500 
Count of Non-$ within a ring between 1000 and 1500 

metres from the firm of reference (Ln). 

Own elaboration with SABI 

database (2006 - 2015) 

Local characteristics   

Pop_density Population density by district – inhabitants by km2 (Ln). Own elaboration with 

Departament d’Estadística 
de l’Ajuntament de 

Barcelona data (2006-2015) 

Dist_metro Distance to highly frequented areas as metro stations (Ln). Own elaboration with OSM 
data (2006-2015) 

Specialised_hk_adv_den_1000m Count of schools or formation centres specialised in 

advertising within a ring of 1000m (Ln). 

Own elaboration with 

http://meet.barcelona.cat/ 
data (2006-2015) 

Specialised_hk_design_den_1000m Count of schools or formation centres specialised in design 

within a ring of 1000m (Ln). 

Own elaboration with 

http://meet.barcelona.cat/ 
data (2006-2015) 

Heritage_den_1000m Count of cultural monuments within a ring of 1000m (Ln). Own elaboration with 

http://meet.barcelona.cat/ 
data (2006-2015) 

Nature_den_1000m Count of natural amenities such as public parks or beaches 

within a ring of 1000m (Ln). 

Own elaboration with 

http://meet.barcelona.cat/ 
data (2006-2015) 

Art_factories_den_1000m Count of Art Factories within a ring of 1000m (Ln). Own elaboration with 

http://meet.barcelona.cat/ 
data (2006-2015) 

Source: Own elaboration. a $ refers to the firm of reference. 

http://meet.barcelona.cat/
http://meet.barcelona.cat/
http://meet.barcelona.cat/
http://meet.barcelona.cat/
http://meet.barcelona.cat/
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Table 4. Descriptive statistics 

Variable Obs Mean Std. Dev. Min Max 

VA 180,228 5.34 1.55 0.01 15.03 

K 180,228 6.19 1.75 0.00 17.42 

L 180,228 2.00 1.12 0.69 10.22 

M 180,228 5.18 2.14 0.00 15.90 

age 180,228 2.81 0.58 1.10 4.75 

TFP 180,228 0.87 0.81 -8.89 7.03 

size 180,228 1.34 0.61 1.00 4.00 

firm_type 180,017 1.82 0.38 1.00 2.00 

Intra_SCI_0-250 166,118 2.99 1.21 0.00 5.15 

Intra_SCI_250-500 166,118 3.94 1.32 0.00 5.77 

Intra_SCI_500-1000 166,118 5.29 1.36 0.00 7.33 

Intra_SCI_1000-1500 166,118 5.19 1.98 0.00 6.86 

Inter_NonSCI_0-250 166,118 5.32 1.09 0.00 7.58 

Inter_NonSCI_250-500 166,118 6.28 1.18 0.00 8.12 

Inter_NonSCI_500-1000 166,085 7.55 1.17 0.00 9.13 

Inter_NonSCI_1000-1500 166,118 8.02 1.05 0.00 9.28 

Intra_symbolic_0-250 166,118 2.58 1.20 0.00 4.85 

Intra_symbolic_250-500 166,118 3.51 1.31 0.00 5.49 

Intra_symbolic_500-1000 166,118 4.77 1.35 0.00 6.39 

Intra_symbolic_1000-1500 166,118 5.21 1.29 0.00 6.50 

Inter_Nonsymbolic_0-250 166,118 5.35 1.09 0.00 7.61 

Inter_Nonsymbolic_250-500 166,118 6.31 1.18 0.00 8.14 

Inter_Nonsymbolic_500-1000 166,118 7.60 1.17 0.00 9.15 

Inter_Nonsymbolic_1000-1500 166,118 8.04 1.05 0.00 9.30 

Intra_synthetic_0-250 166,118 2.17 1.08 0.00 4.44 

Intra_synthetic_250-500 166,118 3.07 1.23 0.00 4.90 

Intra_synthetic_500-1000 166,118 4.33 1.25 0.00 5.79 

Intra_synthetic_1000-1500 166,118 4.77 1.18 0.00 5.98 

Inter_Nonsynthetic_0-250 166,118 5.38 1.09 0.00 7.63 

Inter_Nonsynthetic_250-500 166,118 6.34 1.19 0.00 8.17 

Inter_Nonsynthetic_500-1000 166,118 7.62 1.17 0.00 9.18 

Inter_Nonsynthetic_1000-1500 166,118 8.07 1.06 0.00 9.33 

Intra_analytical_0-250 166,118 0.61 0.90 0.00 4.78 

Intra_analytical_250-500 166,118 1.12 1.13 0.00 5.44 

Intra_analytical_500-1000 166,118 2.06 1.32 0.00 6.36 

Intra_analytical_1000-1500 166,118 2.43 1.31 0.00 6.48 

Inter_Nonanalytical_0-250 166,118 5.41 1.10 0.00 7.66 

Inter_Nonanalytical_250-500 166,118 6.37 1.19 0.00 8.20 

Inter_Nonanalytical_500-1000 166,118 7.65 1.18 0.00 9.21 

Inter_Nonanalytical_1000-1500 166,118 8.10 1.06 0.00 9.36 

Intra_adv_0-250 166,118 1.85 1.15 0.00 4.43 

Intra_adv_250-500 166,118 2.69 1.31 0.00 4.94 

Intra_adv_500-1000 166,118 3.91 1.38 0.00 5.76 

Intra_adv_1000-1500 166,118 4.35 1.31 0.00 5.86 
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Table 4 (Cont.). Descriptive statistics    

Variable Obs Mean Std. Dev. Min Max 

Inter_Nonadv_0-250 166,118 5.39 1.09 0.00 7.63 

Inter_Nonadv_250-500 166,118 6.35 1.19 0.00 8.16 

Inter_Nonadv_500-1000 166,118 7.63 1.17 0.00 9.18 

Inter_Nonadv_1000-1500 166,118 8.08 1.05 0.00 9.33 

Intra_design_0-250 166,118 0.46 0.55 0.00 2.20 

Intra_design_250-500 166,118 0.94 0.75 0.00 2.71 

Intra_design_500-1000 166,118 1.88 0.91 0.00 3.53 

Intra_design_1000-1500 166,118 2.24 0.89 0.00 3.66 

Inter_Nondesign_0-250 166,118 5.41 1.10 0.00 7.66 

Inter_Nondesign_250-500 166,118 6.37 1.19 0.00 8.20 

Inter_Nondesign_500-1000 166,118 7.65 1.18 0.00 9.21 

Inter_Nondesign_1000-1500 166,118 8.10 1.06 0.00 9.36 

Specialised_hk_adv_den_1000m 180,228 0.28 0.38 0.00 1.10 

Specialised_hk_design_den_1000m 180,228 0.58 0.54 0.00 1.79 

Heritage_den_1000m 180,228 1.41 0.76 0.00 3.04 

Nature_den_1000m 180,228 0.53 0.46 0.00 1.95 

Art_factories_den_1000m 180,228 0.20 0.35 0.00 1.61 

Pop_density 180,228 3.16 0.73 0.07 4.11 

Dist_freq_areas 180,228 7.67 0.70 3.40 9.19 

 

Source: Own elaboration. All variables are in expressed in natural logarithms, except for firm-type and 

size. 

 

5. RESULTS 

Here main results are shown. First, the results for all CSI to those of Non-CSI are 

compared and later those ones for each knowledge-based CSI (symbolic, synthetic and 

analytic). Finally, advertising and design sectors are individually analysed. The main 

objective is to infer the intensity and attenuation of agglomeration economies on firms’ 

performance taking into account other factors that can determine their productivity. 

 

5.1. Estimating the attenuation of agglomeration economies on Non-CSI and 

CSI and on different knowledge-based CSI firms’ performance 

In Table 5 the results for Non-CSI (column 1) and CSI (column 2) are shown, as well as 

for each kind of knowledge-based CSI. As stated in Section 3, all explanatory variables 
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in the model are potentially correlated with omitted time-invariant variables. To cope with 

this issue time fixed effects are added to the robust OLS regression for panel data.9  

For both Non-CSI and CSI, coefficients for the dimension of firms indicate that there are 

not improvements of TFP when the size of firms increases TFP. However, those limited 

capital firms lead to better TFP results. One may guess that these control variables can 

capture the effect of age, rather than a dimension effect. In other words, the younger firms, 

being also the smaller, are more efficient because they just come with innovative 

proposals of business.10 Regarding localisation economies, their attenuation is confirmed 

both for Non-CSI and CSI firms. However, even their effects seem to be more relevant at 

reduced distances, positive effects turn up by more than 1000 metres for both kinds of 

industries. Regarding urbanisation economies mixed results are found. It is possible that 

they may be more a long-term phenomenon. Even so, the positive effect of having near 

CSI’s firms around Non-CSI ones by a range between 250 and 500 metres should be 

highlighted since it provides evidence of positive interaction effects between both 

industries. Population density and distance to the highly frequented areas as a proxy for 

potential demand do not seem to offset localisation economies for both Non-CSI and CSI 

firms’ productivity. Concerning urban amenities, mostly positive but non-significant 

results (i.e., cultural heritage and natural amenities) for CSI are found, but for Non-CSI 

all of them are negative which may indicate a lesser attraction of these non-creative 

activities to those amenities. Furthermore, a higher density of art factories in the near 

proximity (1km) is positive and significant for CSI, while it is negative and significant 

for Non-CSI.  This result upholds the greater need of CSI to face-to-face interaction 

facilitating the exchange of ideas and collaboration among their different creative fields. 

 

As we have seen in previous regressions for all CSI firms, expectations previously 

discussed about finding out a clear intensity and attenuation of localisation economies 

have not been clearly confirmed. Then, applying the same analysis to each kind of 

knowledge-based CSI could help to clarify this evidence as they are supposed to behave 

                                                 
9 Alternatively, sector and trend fixed effects have been added as robustness checks. However, as they are 
considerably correlated with localisation and urbanisation firm ring variables, they have finally been discarded. 
Moreover, to deal with some endogeneity and reverse causality issues, other empirical approaches as FE and 
FE with historical IV have been checked. Nevertheless, since results do not significantly change with these 
three different approaches, here only robust OLS are discussed as they allow me to interpret urban amenities 
individual effects. Alternative results are available upon request. 
10 The age is not taken into account as a firm specific characteristic since it has been included on the first step 
to infer TFP. 
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differently according their tacit interaction and context specific needs. Results are 

presented in columns (3), (4) and (5) of Table 5.  

For all three types of knowledge bases coefficients for firms’ characteristics indicate that 

there are not improvements of TFP when the size of firms increases TFP. However for 

synthetic and analytical based firms it is still not possible to confirm the main hypothesis, 

then an in-depth analysis for symbolic-based CSI is conducted (see column (3)). Unlike 

in other knowledge-based CSI, increasing by 10% the number of symbolic-based firms 

within the first 250 metres from the firm, keeping the size of other sectors in the area 

constant, increases the TFP of a symbolic-based firm by 0.99%. Yet, this effect turns to 

be negative but non-significant by 500 metres. This result is consistent with Arzaghi and 

Henderson (2008) results for advertising agencies in Manhattan, and with those of Coll-

Martínez et al. (2017) for all CSI in Barcelona. In this sense, any inferred networking 

effects end at ring 2, upholding the hypothesis on the critical role of spatial proximity for 

benefiting from networking effects (face-to-face interaction). Interactions in symbolic-

based CSI occur primarily within 250 metres, that is, a 10 minutes journey of walking 

during the day within Barcelona with its crowded conditions. Urbanisation economies 

seem to positively affect the TFP of symbolic-based firms within the second ring, which 

seems to benefit for diversity of activities even these effects turn out negative when 

distance increases. Concerning local characteristics, only the proximity to highly 

frequented areas as a proxy to potential demand is significant, which upholds the 

hypothesis that even when controlling for demand factors, those localisation effects do 

not disappear. Finally, the aim of this paper to capture the effect of urban amenities 

enhancing the networking of creative professionals by the different cultural amenities 

variables is only confirmed for the density of art factories within the first 1000 metres 

from each firm. 

 

All in all, these results confirm that for CSI the spatial extent of agglomeration economies 

is still relevant when demand factors are taken into account. Also they highlight the 

positive effects of having near creative activities for Non-CSI. Moreover, they provide 

evidence on that for those CSI more relying of networking (face-to-face interaction) and 

context specific characteristics – i.e., symbolic-based activities – benefit from localisation 

economies at short distances and that this localisation effects rapidly decay with distance.  
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5.2. Estimating the attenuation of agglomeration economies on advertising and 

design firms’ performance 

According to the aforementioned results, there is some heterogeneity among CSI sectors 

that should be taken into account in order to better disentangle the intensity and 

attenuation of agglomeration economies for these kinds of activities. Then, an adapted 

model for the most relevant creative sectors in Barcelona is estimated; concretely, for 

advertising and design industries. 
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Table 5. Results for Non-CSI, all CSI and for each knowledge-based CSI  

Dep. var.: Ackerberg et al. TFP 

Model 
(1) Non-SCI 

(2) SCI (3) Symbolicb (4) Syntheticc (5) 

Analyticald 

Size      

Small -0.698*** -0.524*** -0.541*** -0.530*** -0.446*** 

 (0.0104) (0.0207) (0.0284) (0.0273) (0.144) 

Medium -1.559*** -1.368*** -1.481*** -1.276*** -1.655*** 

 (0.0229) (0.0508) (0.0644) (0.0907) (0.210) 

Large -2.634*** -2.253*** -2.458*** -2.225*** -1.921*** 

 (0.0722) (0.118) (0.165) (0.115) (0.338) 

Limited Company 0.0108 0.106*** 0.112** 0.116*** -0.0525 

 (0.0165) (0.0337) (0.0449) (0.0434) (0.189) 

Intra_$_0-250 a 0.0739*** 0.0587** 0.0990*** 0.0306 0.0271 

 (0.0166) (0.0262) (0.0333) (0.0298) (0.101) 

Intra_$_250-500 -0.0944*** 0.0113 -0.00408 0.0484 0.0816 

 (0.0240) (0.0346) (0.0470) (0.0410) (0.122) 

Intra_$_500-1000 0.0535* 0.00327 -0.0473 0.0250 -0.250 
 (0.0274) (0.0447) (0.0631) (0.0851) (0.177) 

Intra_$_1000-1500 0.00294 0.0365* 0.107 0.0528 -0.149 

 (0.0210) (0.0204) (0.0806) (0.0659) (0.173) 

Inter_$_0-250 -0.0182 -0.00731 -0.0600 -0.0205 0.147 

 (0.0146) (0.0350) (0.0422) (0.0442) (0.0969) 

Inter_$_250-500 0.0398** 0.0340 0.109* -0.0204 -0.0644 

 (0.0196) (0.0503) (0.0614) (0.0673) (0.153) 

Inter_$_500-1000 -0.00744 0.00177 0.0182 -0.0296 0.304 
 (0.0231) (0.0547) (0.0898) (0.0970) (0.433) 

Inter_$_1000-1500 -0.0129 -0.111** -0.148 -0.129 -0.122 

 (0.00851) (0.0435) (0.0975) (0.0802) (0.380) 

Heritage_den_1000m -0.00364 -0.0228 -0.0172 -0.00866 -0.122 

 (0.00947) (0.0180) (0.0243) (0.0248) (0.126) 

Nature_den_1000m -0.0113 0.00390 0.00364 0.0154 -0.190 

 (0.0122) (0.0233) (0.0312) (0.0334) (0.145) 

Art_factories_den_1000

m 

-0.0345** 0.0573* 0.112*** -0.0149 0.100 

 (0.0158) (0.0304) (0.0411) (0.0415) (0.305) 

Pop_density -0.0568*** -0.0180 -0.00727 -0.00821 -0.0512 

 (0.00988) (0.0210) (0.0279) (0.0293) (0.134) 

Dist_freq_areas 0.0117 0.0206 0.0789** -0.0605* -0.0728 

 (0.0112) (0.0226) (0.0308) (0.0309) (0.139) 

Time FE YES YES YES YES YES 

Constant 0.948*** 1.239*** 0.565 2.555*** 0.794 

 (0.153) (0.269) (0.344) (0.506) (2.242) 

Num. firms 10,162 2,899 1,916 1,062 64 

N 62,180 17,775 11,750 6,491 400 

R2 0.373 0.238 0.259 0.260 0.301 

 
OLS results with robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 
a These variables change for each kind of firm of reference and knowledge base. 

 

Table 6 depicts robust OLS results for advertising industry by adding sequentially each 

group of independent variables in order to check by the robustness of localisation effects 

on TFP. As in previous regressions, coefficients for the dimension of firms indicate that 

there are not improvements of TFP when the size of firms increases TFP. However, those 

limited capital firms lead to better TFP results, leading to an age effect more than a 

dimension effect. Concerning localisation economies, for advertising firms their intensity 
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is even higher than for the whole of CSI. Concretely, increasing by 10% the number of 

advertising firms within the 500 and 1000 metres from the firm, keeping the size of other 

sectors in the area constant, increases the TFP of an advertising firm by 1.33%. However 

they effects are only significant at a broader distance range between 500 and 1000 metres 

and then they quickly disappear with distance. For the attenuation of urbanisation 

economies mixed results are found. It is possible that they may be more a long-term 

phenomenon. Urban amenities like cultural heritage and nature amenities perform mainly 

a negative and significant impact on TFP. This may be understood as a congestion effect 

potentially emerging from tourism, and which diminish the productivity of these kinds of 

industries highly agglomerated on the city centre. Also the proximity to specialised 

human capital and coworking spaces has a positive but not significant effect on their 

productivity. Finally, population density and distance to highly frequented areas, as a 

proxy for potential demand, have a positive and significant effect on design firms’ TFP. 

This result leads to two main implications. First, for advertising firms, there is a clear 

trade-off between agglomeration and disagglomeration economies, being that proximity 

to the most populated areas of the city provides competitive advantages in terms of 

information flows through face-to-face interaction, networking possibilities and specific 

environments to them but, at the same time, they may suffer from classical inconvenients 

of core areas (e.g., higher services and rental prices, traffic congestion, etc.) which hinders 

their productivity. And second, the significant coefficient for both variables confirms that, 

even the relevance of demand-side factors for this industry, potential demand factors do 

not offset the relevance of localisation economies for advertising firms. 

 

Robust OLS results for design industry are shown in Table 7.  Like in previous 

regressions, coefficients for the dimension of firms indicate that there are not 

improvements of TFP when the size of firms increases TFP. However, those limited 

capital firms lead to better TFP results. Concerning localisation economies, increasing by 

10% the number of design firms within the 250 and 500 metres from the firm, keeping 

the size of other sectors in the area constant, increases the TFP of a design firm by 1.30%. 

These effects quickly disappear with distance. For the attenuation of urbanisation 

economies mixed results are found. It is possible that they may be more a long-term 

phenomenon. Here, urban amenities like cultural heritage and nature amenities perform 

mainly a negative but not significant impact on TFP. Even these results should be 

carefully read due to their non-significance, one may interpret them as a congestion effect 
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(i.e., tourism) which may hamper the daily activity of these kinds of industries highly 

agglomerated on the city centre. While the proximity to specialised human capital training 

centres seems to have a robust, positive and significant effect on their productivity.  

Finally, only the proximity to the highly frequented areas as a proxy to potential demand 

is significant, which upholds the hypothesis that even when controlling for demand 

factors, those localisation effects do not disappear. 
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Table 6. Results for Advertising 

Dep. var.: Ackerberg et al. TFP 

Model (1) (2) (3) (4) (5) (6) 

Size       

Small -0.498*** -0.497*** -0.503*** -0.505*** -0.492*** -0.490*** 

 (0.0399) (0.0402) (0.0400) (0.0399) (0.0393) (0.0391) 

Medium -1.577*** -1.584*** -1.593*** -1.615*** -1.628*** -1.617*** 

 (0.161) (0.161) (0.163) (0.162) (0.160) (0.160) 

Large -3.213*** -3.238*** -3.245*** -3.263*** -3.236*** -3.198*** 

 (0.259) (0.266) (0.270) (0.257) (0.246) (0.248) 

Limited Company 0.00190 0.00301 0.00221 0.0112 0.0134 0.0107 

 (0.0806) (0.0802) (0.0803) (0.0809) (0.0799) (0.0798) 

Intra_advertising_0-250 0.0480 0.0520 0.0504 0.0458 0.0640 0.0535 

 (0.0353) (0.0419) (0.0419) (0.0417) (0.0406) (0.0407) 

Intra_advertising_250-500 -0.0313 -0.0398 -0.0396 -0.0169 -0.0327 -0.0290 

 (0.0474) (0.0664) (0.0665) (0.0654) (0.0653) (0.0644) 

Intra_advertising_500-1000 0.109* 0.104 0.104 0.119 0.156* 0.133* 

 (0.0589) (0.0822) (0.0823) (0.0818) (0.0804) (0.0794) 

Intra_advertising_1000-1500 -0.0640 -0.00992 -0.00952 -0.0151 0.0590 0.0136 

 (0.0467) (0.0983) (0.0985) (0.0957) (0.0975) (0.0968) 

Inter_advertising_0-250  -0.0199 -0.0203 -0.00151 0.0126 0.0210 

  (0.0598) (0.0596) (0.0595) (0.0592) (0.0582) 

Inter_advertising_250-500  0.0303 0.0218 0.0120 0.0123 0.00921 

  (0.0957) (0.0969) (0.0956) (0.0940) (0.0920) 

Inter_advertising_500-1000  0.0101 0.0204 0.00163 -0.0206 0.000893 

  (0.141) (0.142) (0.141) (0.138) (0.135) 

Inter_advertising_1000-1500  -0.0759 -0.0822 -0.0691 -0.213 -0.150 

  (0.138) (0.139) (0.135) (0.143) (0.141) 

Specialised_hk_design_1000

m 

  0.0559 0.0407 0.0918 0.0854 

   (0.0529) (0.0528) (0.0581) (0.0579) 

Heritage_den_1000m    -0.0463* -0.000375 -0.00247 

     (0.0277) (0.0369) (0.0367) 

Nature_den_1000m    -0.0635 -0.0944* -0.0928* 

     (0.0473) (0.0489) (0.0485) 

Art_factories_den_1000m    0.125** 0.0813 0.0638 

    (0.0596) (0.0628) (0.0629) 

pop_density     0.113*** 0.0950** 

     (0.0388) (0.0395) 

Dist_freq_areas     0.103** 0.0995** 
     (0.0485) (0.0482) 
Time FE N N N N N Y 
Constant 1.094*** 1.338*** 1.355*** 1.333*** 0.927 0.586 
 (0.130) (0.494) (0.496) (0.488) (0.622) (0.625) 
Num. firms 798 798 798 798 798 798 
Observations 4,823 4,823 4,823 4,823 4,823 4,823 
R2 0.272 0.272 0.273 0.276 0.282 0.288 

 

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

Source: Own elaboration.  
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Table 7. Results for Design 

Dep. var.: Ackerberg et al. TFP 
Model (1) (2) (3) (4) (5) (6) 

Size       

Small -0.531*** -0.549*** -0.556*** -0.549*** -0.545*** -0.550*** 

 (0.0851) (0.0881) (0.0861) (0.0828) (0.0826) (0.0839) 

Medium -2.444*** -2.407*** -2.491*** -2.458*** -2.488*** -2.473*** 

 (0.115) (0.121) (0.123) (0.130) (0.139) (0.150) 

Large - - - - - - 

       

Limited Company -0.135 -0.136 -0.140 -0.131 -0.129 -0.129 

 (0.156) (0.160) (0.154) (0.148) (0.154) (0.155) 

Intra_design_0-250 0.138* 0.128* 0.133* 0.130* 0.130* 0.130* 

 (0.0717) (0.0726) (0.0727) (0.0755) (0.0755) (0.0764) 

Intra_design_250-500 0.000395 -0.00660 -0.0374 -0.0331 -0.0402 -0.0375 

 (0.0583) (0.0594) (0.0599) (0.0612) (0.0625) (0.0630) 

Intra_design_500-1000 0.0519 0.0755 0.0521 0.0560 0.0667 0.0733 

 (0.0643) (0.0833) (0.0837) (0.0834) (0.0847) (0.0865) 

Intra_design_1000-1500 -0.116 -0.0864 -0.0832 -0.0817 -0.0836 -0.0800 

 (0.0772) (0.0900) (0.0886) (0.0905) (0.0892) (0.0912) 

Inter_design_0-250  0.00926 0.0314 0.0255 0.00282 0.00115 

  (0.0918) (0.0931) (0.0934) (0.100) (0.101) 

Inter_design_250-500  0.0676 0.0767 0.0867 0.1000 0.101 

  (0.0979) (0.0966) (0.0971) (0.101) (0.101) 

Inter_design_500-1000  -0.101 -0.0756 -0.0826 -0.0979 -0.107 

  (0.195) (0.189) (0.188) (0.187) (0.190) 

Inter_design_1000-1500  -0.0167 -0.0799 -0.0876 -0.0655 -0.0618 

  (0.150) (0.147) (0.145) (0.150) (0.151) 

Specialised_hk_design_1000

m 

  0.118* 0.120* 0.120* 0.118* 

   (0.0643) (0.0643) (0.0649) (0.0654) 

Heritage_den_1000m    -0.00969 -0.0270 -0.0287 

     (0.0624) (0.0797) (0.0800) 

Nature_den_1000m    -0.0400 -0.0377 -0.0364 

     (0.0767) (0.0759) (0.0756) 

Art_factories_den_1000m    -0.0340 -0.0195 -0.0151 

    (0.128) (0.129) (0.129) 

Pop_density     -0.0368 -0.0407 

     (0.0793) (0.0814) 

Dist_freq_areas     -0.0435 -0.0430 
     (0.102) (0.102) 
Time FE N N N N N Y 
Constant 1.441*** 1.774*** 1.910*** 2.013*** 2.448** 2.430** 

 (0.200) (0.527) (0.515) (0.550) (1.222) (1.227) 

Num. firms 185 185 185 185 185 185 
Observations 1,186 1,186 1,186 1,186 1,186 1,186 
R2 0.066 0.069 0.076 0.077 0.079 0.082 

 

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

Source: Own elaboration. 

 

 

6. CONCLUSIONS 

The aim of this paper was to infer the intensity and spatial extent of agglomeration 

economies for the Creative Industries (CIs) in Barcelona and its relationship with creative 

firms’ performance. Using micro-geographic data of firms between 2006 and 2015 and 

GIS techniques I estimate the effects of intra and inter-industry agglomeration around 
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location on productivity in Barcelona. Main results are that, (1) for CSI, at a micro-spatial 

level, localisation economies are relevant within the first 250 metres; (2) for Non-SCI 

having creative workers in the near proximity (250 - 500 metres) seems to enhance their 

productivity; (3) for the symbolic-based CSI and design firms localisation economies – 

mainly understood as networking and knowledge externalities – have positive effects on 

TFP at shorter distances (less than 250 metres), while for the two other knowledge-based 

CSI (i.e., synthetic and analytical) localisation economies seem not to be so relevant; (4) 

CSI’s productivity is considerably associated to proximity to specialised human capital 

and coworking spaces; and (5) benefits of being located in a better neighbourhood seem 

not only to be associated to a higher potential demand.  

All these results suggest the importance of networking or information spillover effects 

for some creative activities, specially, for symbolic-based CSI – such as advertising or 

design agencies, which are highly concentrated in the core areas of the largest cities. 

These findings confirm initial expectations and complement previous contributions (i.e., 

Arzaghi and Henderson 2008; Currid and Williams 2010; and Coll-Martínez et al. 2017, 

among others). Moreover, this paper contributes to the literature on CIs by taking 

advantage of GIS techniques and distance-based methods in order to provide in depth 

analysis of the agglomeration effects on firms’ productivity when demand-side factors 

are taken into account. 

 At this point, these findings raise some policy implications. First, even if most CIs share 

a common spatial pattern of agglomeration, creative strategies should take into account 

sectoral specificities and all the essential elements they share. Second, because of this 

evident concentration of creative activities in the city centre, it seems clear that 

agglomeration advantages largely compensate for agglomeration diseconomies involved 

in being located in the city centre (up to 500 km for most CSI). In this sense, these results 

suggest that those firms aiming to locate in the Barcelona should take into account that 
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they may benefit from agglomeration effects if they locate within a radius of 500 km from 

the core neighbourhoods of the city and that urban policies aiming to attract CIs should 

promote short-distance clusters. Third, since the agglomeration of CIs in city centres 

seems to be mainly explained by a path-dependence process rather than as result of 

induced cluster policies, policy makes should focus on providing and improving these 

urban features and conditions enhancing the activity of these industries. In this sense, 

even the proximity to urban amenities is not as relevant as it was expected according to 

our results, urban policy makers should keep dedicating efforts to maintain and revitalise 

them. What seems to be more relevant for the productivity of CSI is the fact of having 

access to specialized workforce and coworking spaces, so much of the council's budget 

efforts should be directed on their excellence and development. However, this trade-off 

between agglomeration and disagglomeration forces is still a relevant issue, so it seems 

important to keep investing in improving the access, transport connections to the city 

centre as well as the quality of life and social conditions in these core neighbourhoods. 

Finally, these results also suggest that those policies focusing on CIs as urban 

regeneration tools should bear in mind that benefits of attracting creative talents and firms 

may not be easily spread to peripheral areas. 

 

Despite all this, our study does have some limitations. In this regard, any future research 

should focus on improving the empirical approach as well as the use of alternative proxies 

for potential demand and urban amenities variables. Moreover, productive future research 

will expand this analysis in two main ways. Firstly, by analysing the interaction and 

simultaneity effects between the productivity of CSI and Non-CSI. Secondly, by 

assessing the main consequences of this increasing attraction to a creative Barcelona on 

some urban phenomena – i.e., congestion, gentrification, income and social inequalities 

persistence. 
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