Journal of the Knowledge Economy
https://doi.org/10.1007/513132-026-03261-7

®

Check for
updates

Robots, Firms, and Regions: Explaining Spanish
Manufacturing Firms’ Productivity and Exports

Sebastiano Cattaruzzo'® - Carles Méndez-Ortega®?
Joan Torrent-Sellens?

Received: 10 September 2024 / Accepted: 24 March 2026
© The Author(s) 2026

Abstract

This study investigates the impact of robot adoption on firm productivity and ex-
port, considering province-level factors. Analysing a large dataset of 4,767 Spanish
manufacturing firms during the period 1990-2016, we find that robots enhance
productivity, particularly for small and non-innovative firms. Regional influences
such as intangible assets and localization economies shape export intensity and
labour productivity. Our findings emphasize the need to tailor strategies taking into
consideration firms’ heterogeneity, for instance across size or innovation levels.
Further, considering the firm- and regional level factors, this research provides in-
sights and implications that can enhance digital transition policies in a comprehen-
sive framework.
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Introduction

As Europe continues to undergo rapid digital transformation, robotics and its associ-
ated automation technologies have become key drivers of productivity and efficiency
across various industries, albeit with less disruptive labor impacts (Fernandez-Macias
et al., 2021; Antdn et al., 2022). Spain, like many other countries, has witnessed a
significant increase in the adoption of industrial robots by firms in recent years (Ball-
estar et al., 2020; Camifia et al., 2021b). This trend has prompted the need for a better
understanding of the robotization impact on firm productivity and competitiveness,
both domestically and in global markets. In fact, research in the field already accu-
mulates a lot of evidence about industrial robotics as an internal factor of productivity
and competitiveness (Koch et al., 2021; Duan et al., 2023). However, research into
the external factors, particularly spatial and territorial characteristics, that interact
with robotics in shaping firm productivity and competitiveness remains compara-
tively scarce (Jungmittag, 2021; Lamperti et al., 2023; Jestl, 2024, Fernandez-Esc-
obedo et al., 2024), specifically at fine-grained regional levels. This article aims to
fill this research gap.

According to the International Federation of Robotics (IFR), an industrial robot is
“an automatically controlled, reprogrammable multipurpose manipulator, program-
mable in three or more axes, which can be either fixed in place or fixed to a mobile
platform for use in automation applications in an industrial environment” (Miiller,
2022, p. 30). During the last few years, the uses of industrial robots have grown
significantly both in terms of their number and in terms of functionalities within
industrial automation processes (Maslej et al., 2023). According to the most recent
forecasts, by 2025 it is expected to reach a record number of 700,000 new installed
units, with average growth over the next few years close to 6% (Miiller, 2022).
Despite the fact that more than 60% of the robots installed today are located mainly
in five industries (electricity and electronics, automotive, metallurgy and machinery,
chemicals and plastics, and food) as well as in five countries (China, Japan, the USA,
South Korea and Germany), research in the field attributes to industrial robotics a
moment of explosion linked to an exponential growth in its diversification and appli-
cability (Pratt, 2015; Graetz & Michaels, 2018).

Up to four underlying expansive trends have been pointed out. First, the uses of
industrial robotics will accelerate thanks to advances in robot compaction and usabil-
ity determined by the introduction of new artificial intelligence (Al) and program-
ming applications (Can et al., 2020; Dwivedi et al., 2021, 2023). In this context, the
processes of technological convergence between robotics and Al are opening new
and important trajectories of business innovation (Grashof & Kopka, 2023; Babina et
al., 2024). Secondly, due to the growing collaboration between robots and humans,
which allows the complementarity of tasks and a much more efficient joint work that
is done separately (Dauth et al., 2021; Holm & Lorenz, 2022). Thirdly, due to the
incorporation of SMEs into the world of robotics, which will allow, if consolidated, a
very broad growth of its application base (Ballestar et al. 2020, 2021a; Li et al. 2024).
And, fourthly, due to the improvements in economic and environmental efficiency
that robotics induces, and that industrial activity should adopt to develop a cleaner
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and more sustainable production system, as well as an efficient one (Diaz-Chao et al.,
2021; Torrent-Sellens et al., 2022, 2023).

What is the economic result of this robotic explosion? The new generations of
robots would be contributing to generating more wealth through the traditional pro-
cesses of creative destruction, innovation and productivity gains (Czarnitzki et al.,
2023; Wang et al., 2023). Robots end up improving productivity when applied to
tasks that are performed more efficiently by machines, and with a higher and more
consistent level of quality than people (Acemoglu & Restrepo 2018a, b, 2019; Dami-
oli et al. 2021). In fact, economic research already has a set of results that confirm the
hypothesis of a positive effect, albeit uneven and with slight magnitudes, of robotics
on aggregate (Graetz & Michaels, 2018; Cette et al., 2021; Jungmittag, 2021) and
regional (Du & Lin, 2022) productivity, with recent meta-analytic evidence high-
lighting substancial heterogeneity across contexts, levels of analysis and complemen-
tary factors (Schneider, 2025). Regarding business research, recent work on samples
of firms in several countries has validated the idea of positive selection or self-selec-
tion. Firms with the best previous performances are the most likely to use industrial
robotics, at the same time that in these firms an important link between robotic use,
digital technological convergence and intensity and labour or total factor productiv-
ity has been confirmed (Acemoglu et al. al., 2020; Koch et al., 2021; Bettiol et al.,
2024), increasingly extending to firms’ export performance and export sophistication
through productivity-enhancing mechanisms (Cao et al., 2025; Hongsheng Zhang et
al., 2025). This link is being strengthened as firms are able to establish complemen-
tarity relationships between the uses of robotics and investment and innovation in
intangible assets, such as R&D activities, the redesign of business processes, changes
organisational, or new competencies of managers and workers (Ballestar et al. 2021b;
Brynjolfsson et al. 2021; Nakatani 2024). Likewise, the financial, political, and insti-
tutional environment also plays an important role in the consolidation of these effects
(Schuelke-Leech, 2018).

With the aim of providing new evidence for the European sphere, in this article we
analyse the role played by spatial effects (with a focus on province-level characteris-
tics) in the relationship between the use of industrial robotics, and productivity and
exports of manufacturing firms (Valentini et al., 2023). We analyse a rich dataset of
Spanish manufacturing firms, combining information on robot adoption, value gen-
erating process, productivity, and exports with data on province-level characteristics
such as ICT investment, stock, and agglomeration economies. We use panel fixed
effects to estimate the role of robot adoption on firm labour productivity and exports,
and we explore the channels through which province-level characteristics affect this
relationship. Overall, this study aims to provide important insights into the effects of
robotization on the Spanish economy and offer valuable policy implications for firms
and regions seeking to optimise their productivity and competitiveness. By examin-
ing the impact of province-level characteristics on the relationship between robots
and firm productivity, our study seeks to contribute to a better understanding of the
complex dynamics between technology adoption and regional competitiveness in the
digital age.

This study delves into the relationship between robotization, firm productivity,
exports and innovation considering the influence of structural spatial variables. We
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find that robot adoption predominantly boosts productivity particularly for small and
non-innovative firms, suggesting alternative automation technologies for innovative
firms. Additionally, regional factors like intangible assets negatively impact exports
for non-innovative firms, while localization economies positively influence export
intensity and labour productivity for innovative firms. These findings emphasise
the importance of considering industry sector and innovation levels when designing
strategies for productivity growth, highlighting the need for nuanced policies and
approaches.

The remainder of the paper is organized as follows. Sect. "Productivity, Export,
and Robotization: Firm- and Regional-Level Theories and Evidence" gives an over-
view of the literature on productivity, export, and robotization both from a firm
and a regional perspective. Sect. "Data and Methodology" introduces the analysed
data sources, presents an exploratory data analysis, and unfold the methodological
approach. Sect. "Result" reports and comments the empirical results, while Sect.
"Concluding Remarks" concludes.

Productivity, Export, and Robotization: Firm-and Regional-Level
Theories and Evidence

Firm-Level Determinants of Export and Productivity and Their Interrelation

Export and productivity are two crucial dimensions of firm performance that are
closely interrelated. Empirical studies have demonstrated that firms that export are
generally more productive than those that do not export (Bernard et al., 1995; Wagner,
2007; Melitz, 2003). This relationship is often referred to as the export-productivity
nexus. While the relationship is well-established, the question of what determines
the export and productivity of firms has been a topic of extensive research in recent
years.

Several studies have found a positive relationship between firm size and export
performance (e.g., Aitken & Harrison, 1999; Wagner, 2007). This can be attributed to
the fact that larger firms have more resources to devote to exporting activities, such as
marketing, logistics, and product adaptation. Firm size has also been found to be pos-
itively associated with productivity and export intensity (e.g., Diaz & Sanchez, 2008;
Serrano & Myro, 2019). Larger firms are able to achieve economies of scale and
scope, which can lead to higher productivity. Traditionally, the comparison between
SME:s and large firms has been a common practice in economic research. However,
this standard confrontation fails to capture the nuances within the SME category and
overlooks the potential heterogeneity among small and micro enterprises. By intro-
ducing a new classification of small and micro versus medium and large enterprises,
we can gain deeper insights into the factors that drive productivity growth and export
intensity across a broader range of firm sizes. This choice acknowledges that small
and micro enterprises may face distinct challenges (i.e., financing-, recruiting-, and

@ Springer



Journal of the Knowledge Economy

marketing-wise) and exhibit unique characteristics compared to medium- and large-
sized enterprises.!

Also, firms that invest in innovation are more likely to export (e.g., Aw et al., 2011;
Serrano & Myro, 2019). Innovation can help firms develop new products that are
more competitive in foreign markets or improve existing products to meet the needs
of foreign customers. Innovation has also been found to be positively associated with
productivity (e.g., Crepon et al., 1998; Ortega-Argilés et al., 2011). Innovation can
lead to the adoption of new technologies, better management practices, and more
efficient production processes, which can improve productivity. More generally, the
innovative side of a firm, which is intrinsically multifaceted and represented by both
input and output measures, impacts both firm-level productivity and export (Afion-
Higon & Bonvin, 2022).

Relatedly, robotization, or the adoption of advanced automation technologies, is
a determinant that could affect firms’ export and productivity outcomes. More pre-
cisely, technology is factor-augmenting (Acemoglu & Autor, 2011) and it affects
productivity positively. This increased productivity may then also be helpful in
competing globally, increasing the firm’s exports margin. In this line, Alguacil et al.
(2022) found that robot adoption may indeed increase productivity and then, con-
sequently exports. Generally, the majority of evidence suggests that robot increases
productivity (Acemoglu et al., 2020).

Foreign ownership is another determinant that affects firms’ export and produc-
tivity outcomes. For instance, Aitken & Harrison (1999) for Venezuela & Javorcik
(2004) for Lithuania found that domestic firms benefit from direct foreign invest-
ment. Additionally, Keller (2004) developed a model that tracks the international
technology diffusion phenomenon showing how indeed foreign sources of technolo-
gies, such as being subsidiaries of multinational enterprises are key for productivity
growth. Firm age is an essential determinant of firms’ export and productivity out-
comes. This emerges for firms in several European countries in Segarra et al. (2022).
Also, a study by Coad & Tamvada (2012) found that younger firms in India face
significant barriers to growth, which could also affect their export and productivity
performance. However, Haltiwanger et al. (2013) found that young firms in the US
contribute significantly to job creation. Therefore, the relationship between firm age
and export and productivity outcomes is complex and cannot be taken for granted.
More generally, it is quite established that age may proxy for the accumulation of
knowledge and experiences that may turn out to be particularly useful when facing
non-domestic markets.

In summary, the literature suggests that firm size, age (as a proxy of cumulative
knowledge), innovation-related variables and foreign ownership are important deter-
minants of export and productivity.

! This is particularly true in the context of exporting firms and focusing on export intensity, where for
instance, small and micro-firms thanks to their reduced sizes have more easiness in achieving higher ratios.
More generally, there exists size-specific patterns that suggest how smaller firms behave significantly dif-
ferent from medium and larger counterparts (Hollenstein, 2005). Recent studies suggest the presence of
these patterns also when looking at firm-level productivity (Yeo & Park, 2022).
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Robots Use and its Relationship with Export and Productivity

The integration of robotics into firm operations has profound implications for labour
productivity and export intensity. Studies indicate a positive correlation between robot
adoption and labour productivity. Koch et al. (2019) found that robot adoption in
Spanish manufacturing firms led to significant output gains and net job creation, with
labour productivity increasing by 20-25% within four years of. Similarly, Graetz &
Michaels (2018) conducted a comprehensive analysis across various industries in 17
countries and found that robot density, defined as the number of robots per thousand
workers, is positively associated with productivity at the firm level. This association
suggests that robots contribute to reducing labour costs and enhancing output quality
and quantity, leading to higher productivity levels. Recent meta-analytic evidence
further confirms this nexus, although highlighting differences in estimated effects
stemming from methodological choices across studies (Schneider, 2025).

In terms of export intensity, another critical measure of firm performance, we
see firms that adopt robotic technology having enhanced export intensity due to
increased production efficiency and product quality, which are highly valued in inter-
national markets. Barajas et al., (2019) found that Spanish manufacturing firms that
adopted robots were more likely to increase their export-to-sales ratio compared to
non-adopters. This suggests that robotics can be a significant driver of competitive
advantage in global markets.

The combined effects of robotics on productivity and exports are notably pro-
nounced in firms that integrate advanced technologies with export activities. Ball-
estar et al., (2020) provide evidence from Spanish SMEs, showing that robotics,
combined with knowledge-intensive activities, enhances productivity, which in turn
supports higher export levels. More recent firm-level evidence for Spain confirms
these effects, showing that robot adoption is associated with improvements in output
and exporting performance (Shahin et al., 2024). Concluding, the evidence suggests
that robot adoption at the firm level is a significant driver of labour productivity,
which can enhance export intensity. However, the extent of these effects varies signif-
icantly across firm sizes and industries, highlighting the need for tailored approaches
in technology integration for optimizing economic outputs.

Concluding, the literature suggests a synergistic relationship between robot-
ics adoption, labour productivity, and export intensity. Robots enhance labour pro-
ductivity and TFP by automating tasks, which allows firms to reallocate labour to
more complex and productive activities, thus optimizing the overall input mix. This
increase in productivity and efficiency makes firms more competitive on a global
scale, enhancing their export capabilities. For example, a study by Koch et al. (2021)
demonstrates that German firms employing robots could significantly reduce pro-
duction costs and enhance product quality, leading to a higher propensity to export.
Similarly, research in both the U.S. and Chinese manufacturing sector indicated that
robot adoption not only increased productivity but also enabled firms to penetrate
new international markets due to improved production capabilities (Acemoglu &
Restrepo, 2020; Hongsheng Zhang et al., 2025).
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The Productivity-Robotization-Territory Nexus

So far, most of the research on robotization has focused on employment, the initial
research on the effects of robotics continued with the general postulates of jobless
recovery (Brynjolfsson & McAffe, 2011, 2014) and with the idea of job skill-biases
and polarisation in the digitised economy (Goos et al., 2014; Karabarbounis & Nei-
man, 2014; Michaels et al., 2014). During the recessions there was a destruction
of low and medium-skilled jobs, normally linked to routine tasks, while during the
recovery phases these displaced workers had great difficulties making the transition
to other jobs, exacerbating structural problems of technological unemployment or
precarious work. The first available evidence indicated that the digitisation, automa-
tion, and robotization of work was beginning to generate important substitution or
displacement effects of employment, reducing its participation in national income
and increasing inequality (Acemoglu et al., 2014; Autor & Salomons, 2018; Acemo-
glu & Restrepo, 2020). In fact, research in the field began to speak in terms of a race
against the machines or “robocalypse” (Autor & Salomons, 2017; Berg et al., 2018;
Acemoglu & Restrepo, 2019). But as the second wave of robotization and digitali-
sation has taken hold, research in the field has reached new common ground. This
new available evidence ostensibly nuances both the utopias of robotic and artificial
singularity as well as the most pessimistic visions of a robotic apocalypse (Fernan-
dez-Macias et al., 2021; Naudé, 2021; Klenert et al., 2023). Three main results have
been highlighted. Firstly, industrial robotics has a clear trend towards replacing the
employment of industrial workers in low and medium-skilled tasks (Frey & Osborne,
2017). Secondly, we are not advancing towards a generalised substitution of jobs, but
towards a reassignment of tasks and a displacement of jobs (Dauth et al., 2021). In
general, industrial robots replace some tasks, while they can also complement and
augment human work, for example in other occupations or branches of activity, such
as R&D activities or services (Waldman-Brown, 2020; Dottori, 2021; Kariel, 2021).
And third, industrial robotization in particular and digitised automation in general
are associated with increasing polarisation of employment structure and outcomes
(Krzywdzinski, 2021; Reljic et al., 2021; Fierro et al., 2022).

In summary, robotization has positive effects on productivity and mixed effects,
without falling into massive jobless, on employment (Graetz & Michaels, 2017,
Gregory et al., 2022). Despite substituting low-skilled industrial employment, indus-
trial robotics would generate spillover effects and externalities towards the job qual-
ity and the wages of resilient industrial employees with greater skills for the use of
robots, and towards the quantity and quality of employment in the services. On the
other hand, job polarisation would grow in favour of employees, firms, industries and
territories with better jobs, productivity and wages associated with greater dynamic
capabilities to interact with robotics (Dauth et al., 2021; Liu & Son, 2024; Montob-
bio et al., 2022). In business terms, all these findings indicate that robotics develops
processes of creative destruction that make firms more efficient, although in terms of
employment the results depend largely on the technological and knowledge intensity
of their value generation process, as well as to the firm’s relations with its economic
environment.
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It is precisely in this complementarity sense that recently literature has paid
increasing attention to exports and their link with productivity and employment
(Alguacil et al., 2020, 2022; Koch, 2021). The main thesis of these investigations is
that industrial robotics would be associated with the reconfiguration of global value
chains in the sense that some of the industrial relocation processes that would have
occurred during the hyper-globalisation period would be reversing (Antras, 2020).
Firms that use industrial robots more intensively, with more automated and digitised
production processes, are more likely to promote reshoring processes, and return
part of their activity to their countries of origin, which would mean clear improve-
ments in competitiveness and substantial effects on employment. On the one hand,
increases in employment, job quality and wages for the most qualified workers and in
more advanced occupations. On the other hand, it would also generate reductions in
less qualified employment and in more routine occupations, encouraging polarisation
(Krenz et al., 2021; Liu, 2023). On the other side of the coin, research has also high-
lighted the extent to which reshoring can be detrimental to developing economies,
especially less-skilled manufacturing operators (Faber, 2020; Kugler et al., 2020).

However, despite this growing evidence, little is known about the role that space
plays in the adoption, use and results of industrial robotics in firms. Some recent
research has pointed to the importance of dynamic agglomeration economies, such as
the intensity of use of robotics in the industry or in the area where the firm is located
(robot hubs) (Brynjolfsson et al., 2023) or the extension of the uses of robotics to
other non-industrial industries (Cséfalvay, 2023). In this context, research in the field
has also found complementary relationships between robotic intensity, the size of cit-
ies, and the job quality of foreign employees (Chen & Tan, 2023) or between robotic
intensity, skill change, structural transformation and the situation of the regions (Hu
et al., 2023). In general, these results indicate that the regions or cities that invest
more in R&D or have better levels of human capital are more capable of promoting
complementarities between robots and the labour force, generating positive effects
for both the quantity and the quality of employment (Valentini et al., 2023). This is
also in line with contributions from the evolutionary theory (Dosi & Nelson, 2013).

Regarding productivity and exports, the little evidence available, practically con-
fined to Chinese firms in their entirety, has obtained a link between the spatial effect,
the use of industrial robots and the results of the firms. Du & Lin (2022) find that
the relationship between industrial robotics adoption and TFP is different depending
on the region where the robots are used: U-shaped in the area of use and inverted
U-shaped in the neighbouring region. On the other hand, Zhang et al. (2023) obtain
differentiated effects of the use of industrial robots on the entry and performance of
exports depending on the markets and the density of competition. This effect is much
more relevant for large firms, while adopting SMEs would see their market shares
reduced and non-adopters could be expelled from the markets.

Given the existing evidence and the emerging relevant firm-level and spatial
dimensions, this article answers to the following research questions:

RQ1: What roles do robotization and spatial effects play in explaining the pro-
ductivity and exports of industrial firms?
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RQ2: Is the mediating role of robotization and space homogenous across firm
sizes? What about innovative and non-innovative firms?

RQ3: Does the technological level and socio-economic features of neighbouring
regions affect firm-level export and productivity?

Data and Methodology
Micro-Data Source

The firm’s working panel comes from the Encuesta sobre Estrategias Empresariales
(Business Strategy Survey, ESEE) of the SEPI Foundation. The ESEE is a statistical
operation with panel data that annually interviews some 1,800 Spanish industrial
firms, the vast majority of which are SMEs. In this research, the ESEE annual series
19902016 was used?. The use of the ESEE database allows detailed data of the value
process, competitive advantage and performance of the industrial firm. Further, the
large availability of data and the effective sampling strategy allows also to test the
robustness of the findings along different dimensions. For instance, firm sizes and
innovative status are the two dimensions of interest for this paper and they have been
implemented as follows. Regarding firm sizes, we split the sample between micro
and small firms as opposed to medium and large firms. Regarding innovative status,
we consider two possible variables one being patenting firms versus non-patenting
ones, while the other consider firms that have been innovators versus those who have
not. All large manufacturing firms are included in the sample, while for SMEs, a
stratified, proportional and systematic sampling is used by industries and size of the
firm (Camifia et al., 2020). With regard to data entry, ESEE provides detailed infor-
mation for twenty economic sectors, which are representative of the Spanish indus-
trial SMEs’ fabric (Eppinger et al., 2018).

Regional Data Source

The regional data used in this paper, which consists of province-level data, was
obtained from various sources. The Spanish statistical service provided data on pop-
ulation density and the number of tertiary educated people in each province. The
localization economies variable was constructed using the ESEE dataset. In addition,
other time-invariant variables used as controls, such as whether the province is an
island, located on the coast, or in a big city, were created by the author. Finally, data
on R&D and ICT investment was obtained from the Ivie (Instituto Valenciano de
Investigaciones Economicas) databases. The use of these various sources allowed
for a comprehensive collection of regional data at the province level, which is crucial
for understanding the complex relationships between firm-level and regional-level
variables.

2 Given that the ESEE database consists of panel data, firms that exit the dataset do so primarily due to
absorption or mergers. This aspect is controlled for in our analysis to ensure the robustness of our findings.
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Both the ICT intangible investment map and the ICT intangible stock map depict
a heterogeneous situation at the provincial level with regard to both values (Fig. 1).
It is important to note that these values represent the median across the entire period
of study. It can be observed that there is a certain degree of correlation between the
values of intangible investment and intangible stock in certain Spanish provinces.
However, there are cases such as Malaga, Alava, and Leon, which exhibit high levels
of intangible investment in ICT but very low intangible stock. Conversely, provinces
like Tarragona and Albacete show both low investment and stock values in ICT.

Descriptive Statistics

The table provides descriptive statistics for firm-level and regional-level variables in
a sample of 4,767 firms observed for an average of 9.5 years (Table 1). The sample
firms have an average export intensity of 20%, which indicates that, on average, firms
in the sample generate 20% of their revenue from exports. Labour productivity is
relatively high, suggesting that the sample firms are efficient in their production pro-
cesses. In terms of age, the values of both the standard deviation and the interquartile
range (IQR) suggest the presence of a huge variability around the mean value of 27
years. In terms of size, the situation is even more amplified with a standard deviation
which is roughly three-fold the magnitude of the mean value. Indeed, all this vari-
ability and previous literature on the topic (Coad & Holzl, 2009) makes of utmost
importance the separated consideration of firms belonging to different size classes. In
line with the previous evidence hinting at considerable heterogeneity, we note how
also R&D expenditure follow a similar path.

The low level of robot use may suggest that the sample firms may not be fully
exploiting the potential of automation, but an additional explanation lies in the adop-
tion of a strict definition of robotization, excluding other more general and older auto-
mation technologies. The average level of foreign ownership is low, indicating that
the sample firms are mostly domestically owned. At the regional level, on average the
sample is characterized by high levels of intangible assets related to ICT, relatively

ICT Intangible investment ICT Intangible stock

Fig. 1 Median values for ICT intangible investment and ICT intangible stock. Source: Own elaboration
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Table 1 Descriptive statistics Variable  Mean SD IQR Skew- Kurtosis
for the sample ness

Export 0.2 0.27 0.34 1.35 432
intensity
Labour 1.47E+04 7.36E+04 1.17E+04 171.87 32928.39
productiv-
ity (th€/n)
Age 27.06 214 24 1.99 10.6
(years)
Number of 249.09 777.55 213 10.55 157.73
employees
(m)
R&Dex- 5.32E+04 7.41E+05 0 28.55  959.66
penditure
(th€)
Robotuse 0.28 0.45 1 1 2
(1/0)
Foreign 17.24 36.44 0 1.73 4.09
ownership
(%)
Stock 63.35 49.52 80.71 0.83  3.15
intangible
assets ICT
(%)
Invest- 3804359 787750.2 386460.8 4.02  22.59
ment
intangible
assets ICT
(th€)
The number of firms observed Population 342.67 281.59 537.9 0.8 8.4
density (n/
km?)

is 4,767, which sums up to
41,157 total observations

high population density, and high investment in intangible assets, suggesting that
the sample firms operate in regions with favourable conditions for innovation and
knowledge-based activities.

In terms of time evolution (Fig. 2), we highlight how the general trend is trivially
upward increasing, but this is subject to differences in magnitudes and trajectories
according to the dimension along which we disaggregate. Overall, medium and large
firms have been precursors in the adoption of robots, while smaller enterprises have
been following and still have to catch up. Being an innovative firm seems to consti-
tute a strong premium in terms of robot adoption, as the distribution shifts up by more
than 10% points. Similarly, patenting firms are more likely to adopt robots and the
more time passes, the more this effect enlarges.

We conclude the exploratory data analysis providing the kernel densities of the
main variables of interest split by the categories used in this study, namely firm size,
innovative and patenting status (Fig. 3). The graphics clearly indicate how the firms’
behaviour differs significantly along the dimensions under study and how these are
relevant for the disaggregated analysis.
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Time evolution of robot adoption

Whole sample
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Fig. 2 Time evolution of robot adoption. Source: Own elaboration
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Fig. 3 Density value by type of firm. Source: Own elaboration

Estimation Approach

The methodology used in this paper involves a panel data econometric analysis to
investigate the relationship between robotization and key firm-level variables such
as productivity, defined either as value added per worker or TFP, and export inten-
sity in the Spanish economy from 1990 to 2016. The model includes two dependent
variables and several explanatory variables, including lagged values of the dependent
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variables, age of the firm, sector, a robotization variable,®> employees, foreign owner-
ship, and regional variables. The paper employs fixed effect models to control for
time-invariant variables, reduce the possible biases derived from unobservable fac-
tors and estimate the effect of the explanatory variables on the dependent variables.

In addition, the model used includes a spatial lag approach, which captures the
effect of neighbouring provinces on firms belonging to the province. This approach is
used to account for the spatial dependence of economic variables, where the behav-
iour of one firm can affect the behaviour of firms in neighbouring regions. The spatial
lag approach incorporates neighbouring regional variables, such as the number of
firms in the same sector in neighbouring provinces, population density, and regional
expenditure in R&D. These variables are included to capture the spatial spillover
effects that may impact the productivity and export intensity of firms. The inclusion
of a spatial lag approach is an important contribution to the methodology used in this
study, as it allows for a more comprehensive understanding of the factors that influ-
ence firm-level and regional-level variables.

The model is as follows:

Yije = Xop—1 + Xj1+
Xj +Wth71 —‘FWXJ +€it

where dependent variables, Yijt, represent the labour productivity, defined as output
per worker, of the firm i and the export intensity, and are regressed against several
explanatory variables. The explanatory variables, Xit-1, capture the firm’s character-
istics in t-1, such as age, sector, robotization and digitalization variables, employees,
and foreign ownership. The explanatory variables, Xjt, capture the province char-
acteristics in t-1, such as population density, localization economies and regional
expenditure in R&D. Additionally, the model includes province dummy variables,
Xj, which are time-invariant. Furthermore, a spatial lag approach is included in the
model, where WXjt-1 represents the neighbouring province characteristics in t-1 and
WXj represents neighbouring province dummy variables, which are time-invariant’.
Finally, as anticipated, we replicate the estimation procedure disaggregating along

3 In this context, there exist several ways to define and numerically proxy for robotization at firm-level,
with none of these that come without shortcomings. For instance, it could be interesting to study how
the intensity of robotization or its cumulated years of use are associated with our dependent variables.
Nevertheless, we argue that for the scope of the paper, which is to explain the how robots and territories
relate with firm-level export intensity and productivity, the binary choice is a parsimonious, directly inter-
pretable, and significant decision, also under an Occam’s approach.

4 Estimating separate firm-level regressions for labour productivity and export intensity using identical
regressors—age, sector, robotization, digitalization, number of employees, and foreign ownership—is jus-
tified by the distinct influences these factors may exert on different aspects of firm performance. Further,
the choice allows for a nuanced comparison of how these factors differently affect productivity and market
expansion. This approach aligns with strategic management and international business research, suggest-
ing varied impacts of firm characteristics on different performance metrics (Grant, 1991; Lu & Beamish,
2001).

5 The analysis uses provinces as the territorial unit due to data availability constraints. Ideally, metropoli-
tan areas or local labour markets would provide a more accurate representation of the spatial economic
dynamics. However, the lack of accessible and comprehensive data at these finer spatial levels necessitates
the use of provinces for this study.
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firms’ dimensions, such as firm size and innovative status. In terms of firm size con-
sideration, we adopt a direct confrontation between micro/small firms and medium/
large ones (following the EUROSTAT definition). This is slightly different from stan-
dard approaches in economics that tend to group together small and medium enter-
prises. Nevertheless, this traditional grouping is far from homogenous and the risk
of mixing different mechanisms and dynamics may bias the results. Contrarily, we
uncover distinct patterns and dynamics within the SME sector.

Spatial Dependency Tests

The selection of spatial variables for the model was done through a series of tests.
Firstly, the variables were chosen based on their economic sense and the existing lit-
erature on the subject. Then, the variables were tested for significance in the non-spa-
tial model to determine their relevance in explaining the dependent variables. Finally,
the spatial autocorrelation of these variables across the provinces was tested using
Moran’s I and LISA. Moran’s I measures the degree of spatial clustering of a vari-
able, while LISA tests for local spatial autocorrelation. The use of these tests allowed
for the selection of spatial variables that capture the spatial dependence of economic
variables and their impact on firm-level and regional-level variables. The inclusion
of relevant spatial variables in the model is crucial for understanding the complex
relationships between firm-level and regional-level variables, and their impact on
total factor productivity and export intensity.

Robustness Analysis

To control for different productivity measures and ensure the robustness of our esti-
mates, we replicated the analysis using total factor productivity instead of labour
productivity. Precisely, we employ the Levinsohn & Petrin (2003) methodology to
estimate firm-level total factor productivity (TFP) based on output. This method is
widely used in empirical studies, it has been shown to produce reliable estimates of
firm-level productivity and it has been already successfully applied to the present
dataset (for instance, in Torrent-Sellens et al., 2022). The Levinsohn and Petrin (LP)
method involves estimating a production function that accounts for the unobserved
heterogeneity among firms. Specifically, the method assumes that unobserved pro-
ductivity is correlated with both the inputs and the outputs of the production process.
This correlation allows for the estimation of a firm-specific TFP residual that captures
the unobserved factors affecting productivity.

To implement the LP method, we first estimate a Cobb-Douglas production func-
tion using a panel of firm-level data. We then use the estimated parameters of the
production function to compute the expected level of output for each firm. We then
calculate the TFP residual as the difference between the actual and expected lev-
els of output, adjusting for firm-specific characteristics. Further, to address potential
issues of endogeneity and measurement error, we include lagged inputs and outputs
as instruments in our estimations. We also test for the robustness of our results by
using alternative specifications of the production function and alternative measures
of inputs and outputs.
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By doing so, we aimed to test if the results differ when using different approaches
to measure firm productivity. The detailed estimations can be found in the annex of
the paper. Other methodological precautions are related to multicollinearity diagno-
ses that have been addressed by testing the tolerance and variance inflation factor
(VIF) among the explanatory variables and to the use of alternative TFP estimations,
such as the Ackerbergerg, Caves & Frazer (2015) correction. The yielded estimates
are untouched for what pertains to the significant variables. Finally, for the sake of
additional robustness checks and alleviate possible endogeneity issues, we re-esti-
mate the model using the Box-Cox (1964) transformation, instead of the standard log
transformation, and also in this case, the results are robust. A final extension to the
model consists of the inclusion of a time-variant dummy variable accounting for the
exporter status in the productivity equation and yet again, the estimated coefficients
are in line with what commented.

Results

Having established the framework that captures the interplay between productivity,
export, robotization and space, we now turn our attention to the empirical findings.
Through the application of a spatial lag approach, we have carefully examined the
complex web of spatial dependencies that shape economic outcomes. Our estimation
model incorporates an array of firm-level and province-level characteristics, along-
side fixed effects to account for unobserved heterogeneity. By integrating these ele-
ments into our analysis, we are primed to uncover significant insights into the factors
driving productivity and export intensity. In the following sections, we present the
results and associated tables, illustrating the nuanced relationships and shedding light
on the spatial spillover effects that influence economic dynamics at both the firm and
regional levels.

Full Model

In this first sub-section, we present the estimations for the full sample and disaggre-
gated by firm sizes. By exploring different firm categories, we uncover how spatial
dependencies affect economic outcomes across small, medium, and large firms. This
initial disaggregation offers valuable insights into the heterogeneous effects based
on firm size. Additionally, we anticipate further disaggregation by distinguishing
between innovator and non-innovator firms, as well as patenting and non-patenting
firms. These subsequent analyses will provide a deeper understanding of how spatial
spillover effects vary among firms with different innovation and patenting profiles.
By considering these various dimensions, we aim to inform targeted policies for fos-
tering innovation, enhancing productivity, and promoting regional economic devel-
opment (Table 2).

The presence of firms in the same sector within the province has a positive impact
on the export intensity of firms. When we split the sample, the positive effect remains
for medium and large firms, but for small firms, this positive effect is only observed
for productivity. This suggests that for small firms, which primarily operate in the
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Table 2 Panel estimations of the empirical model — Fixed effects

FULL SAMPLE SMALL MED-LARGE FIRMS
VARIABLES LAB.PROD EXPINT LAB.PROD EXPINT LAB.PROD EXP.INT
Lagged dep. var  0.522%** 0.517%%*  0.46]*** 0.489%%* (), 553*** 0.545%%%*

(0.0221) (0.0114)  (0.0164) (0.0142) (0.0259) (0.0153)
LAB.PROD 0.280%%** 0.223%%%* 0.114

(0.0629) (0.0752) (0.0974)

AGE 0.0173 —0.338*** —0.0155 —0.561** (.0234* —0.179%*

(0.0119) (0.106) (0.0232) (0.254)  (0.0131) (0.0748)
AGE SQ. —0.0174%* 0.192%%*  0,00463 0.269%*%  —0.0192** 0.114%*

(0.00824) (0.0616)  (0.0134) (0.136)  (0.00922) (0.0487)
EMPL. —0.179%** 0.378%%*

(0.0145) (0.035)
R&D 0.320%%* -0.106 0.230* -0.02 0.140%** 0.186

(0.0446) 0.21) (0.125) (0.635)  (0.0392) (0.229)
ROBOT USE 0.0159%* 0.0191 0.0317%** 0.127 0.000513 0.0054

(0.0064) (0.0323)  (0.0103) (0.0823) (0.00489) (0.0309)
FOREIGN 0.00187%** 0.00705 0.00214 0.0314** 0.00145* 0.0028
OWN

(0.00074) (0.00465) (0.0027) (0.0153) (0.00084) (0.00427)
stock intang. 0.0256** —0.139*** (,0370** =0.167  0.0474%** —0.163%*
assets ICT

(0.00996) (0.0532)  (0.0155) (0.12) (0.0146) (0.075)
investment in- 0.0456%%** —0.0366  0.0333%%* 0.035 0.0178%* —0.00761
tang. assets ICT

(0.00717) (0.0339)  (0.0101) (0.0596) (0.00887) (0.0387)
POP.DEN —0.0283 -0.26 —0.0974%* 0.186 -0.013 —0.371%*

(0.031) (0.162) (0.0442) (0.341)  (0.0297) (0.157)
bordering POP.  —0.113%*** -0.0512  0.0399 —0.562  —0.129*** —0.00493
DEN

(0.0297) (0.129) (0.0595) (0.49) (0.0323) (0.117)
# firms same 0.0365 0.349%** 0.161** —0.0365 0.0582** 0.43]***
province

(0.0256) (0.163) (0.0651) (0.378)  (0.028) (0.15)
# firms border-  0.296*** 0.261 0.167*%* 0.788%*  (0.331*** 0.209
ing province

(0.0289) (0.186) (0.0602) 0.4) (0.0264) (0.169)
Constant 8.300%** —11.66*** 8,091 *** -10.93 5.300%** —4.956%**

(0.492) (1.986) (1.283) (6.878)  (0.358) (1.854)
Within 0.66 0.317 0.55 0.277 0.748 0.345
R-squared
Observations 41,157 41,157 20,478 20,478 20,679 20,679
Number of firms 4,767 2,773 2,424

Bootstrapped standard errors in parentheses - *** p<0.01, ** p<0.05, * p<0.1. All variables are in log
form. The estimated coefficients in the table have been adjusted for unobserved heterogeneity through
the inclusion of fixed effects. The reported results have undergone robustness checks to verify the
stability and consistency of the estimated coefficients (i.e., re-estimation using TFP for productivity,
clustered standard errors at sectoral level and Box-Cox transformation instead of the log one).
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domestic market, localization economies have a significant impact on productivity
rather than export intensity. However, for large firms, localization economies have
a positive impact on both productivity and export intensity, indicating that these
firms benefit from localization economies using both variables. When we analyse the
same effect for neighbouring regions, we find a positive impact, indicating that firms
located within a province are influenced by the localization economies that occur
in the neighbouring regions. This positive effect suggests that these neighbouring
regions can also provide benefits to the firms located in the current province.

In summary, the findings indicate that localization economies play a crucial role
in determining the performance of firms in certain industries. Specifically, the pres-
ence of firms in the same sector within a province has a positive impact on the export
intensity of medium and large firms, while it affects the productivity of small firms.
Moreover, the positive effect of localization economies extends to neighbouring
regions, further emphasizing their importance for the performance of firms. These
findings highlight the need for policymakers and business leaders to consider the
impact of localization economies when making decisions related to firm location and
regional development strategies.

The robustness of the findings and of their magnitudes is confirmed by the robust-
ness checks (see Appendix) that show how even switching from labour productivity
to total factor one, very few differences emerge and none of these affect the most
significant results that we comment. This also suggests that the identification of the
model is relatively stable.

Innovation-Based Split Samples

First, we confirm the stability of our estimates starting from the coefficients of the
control variables. Then, regarding the main findings of our study, we find that robot-
ization has a positive and significant effect on the productivity of both innovative
and non-innovative firms. However, when we further split the sample into firms that
register patents and those that do not, we observe that the positive effect of robot
adoption is mainly driven by non-innovative firms (Table 3).

These findings suggest that firms that are able to patent technologies may rely
on other automation technologies that are not captured by our robotization variable.
This could be the case of manufacturing firms in traditional industries that are typi-
cally supplier-dominated. In contrast, science-based sectors may rely more on human
capital and intangible assets, such as patents, rather than on physical capital, such as
robots, to innovate and increase productivity.

Overall, our results highlight the heterogencous effects of robotization on firm
productivity and the importance of considering the context in which firms oper-
ate, such as the level of innovation and the industry sector, when designing policies
and strategies aimed at promoting productivity growth, as also suggested by related
recent evidence (Zhao et al., 2024).

Now we will further examine regional variables and their impact on export and
productivity. Specifically, we will explore how these variables affect innovative, pat-
ented firms versus non-innovative, non-patented firms. The presence of intangible
assets in the province, specifically ICT assets, has a negative impact on export for
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firms that do not patent or innovate within the province. This is logical since these
firms are located in a region with high innovation and are thus negatively affected,
causing them to lose market power.

When examining the impact of localization economies on innovative, patented
firms versus non-innovative, non-patented firms, we found that localization econo-
mies have a positive and significant effect on export intensity, particularly for firms
that innovate. Additionally, localization economies have a significant impact on
labour productivity for innovative firms. However, the effect of localization econo-
mies on labour productivity and export intensity for patented firms is not entirely
clear, as these firms are highly heterogeneous. While the effect appears to be positive,
it is not statistically significant.

Concluding Remarks

In conclusion, this article has examined the role of robotization on firm productivity
and export performance in Spain, with a focus on how province-level characteristics,
such as investment in ICT, affect firm-level productivity. Our analysis has shown that
robot adoption is positively associated with firm productivity in Spain, and that the
effects of robotization are moderated by province-level characteristics, such as ICT
investment and agglomeration economies.

In this study, we shed more light on the complex relationship between robotiza-
tion, firm productivity, and innovation across different industry sectors. First, we
show that not only robot adoption significantly enhances overall productivity, but
also it is primarily non-innovative and small firms driving this positive effect. This
suggests that innovative firms, especially those involved in patent registration, may
rely on alternative automation technologies beyond the scope of our robotization
variable. More generally, the diverse outcomes underline the importance of consider-
ing the specific industry sector and level of innovation when formulating strategies
and policies aimed at promoting productivity growth.

Expanding our investigation to regional variables, we uncover intriguing insights
into their impact on export performance and productivity. Remarkably, the presence
of intangible assets, such as ICT assets, in a province negatively affects the export
capabilities of non-innovative firms without patents. Conversely, localization econo-
mies demonstrate a pronounced positive effect on export intensity, particularly for
firms engaged in innovation. Moreover, they also exhibit a significant influence on
labour productivity for innovative firms. However, the implications of localization
economies on labour productivity and export intensity for patented firms remain
inconclusive, highlighting the substantial heterogeneity within this group. These
findings emphasize the need for policymakers and strategists to account for the con-
textual nuances of firms’ operations to effectively stimulate productivity growth.

Indeed, our findings have important implications for firms and regions seeking
to optimize their productivity and competitiveness in an increasingly globalized
world. Firstly, our results suggest that firms, especially small and non-innovative
ones, should consider investing in robotics and automation to enhance their produc-
tivity and competitiveness and to avoid lagging behind. This aligns with Dosi et al.’s
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emphasis on the innovation-driven competition among firms, where those lagging
in technology adoption may fall behind (Dosi et al., 2015). By providing financial
incentives and establishing innovation hubs, governments can facilitate access to
robotics technologies, especially in regions with lower productivity and innovation
metrics.

Secondly, our study highlights the importance of province-level characteristics
in shaping the relationship between robots and firm productivity, suggesting that
policymakers should consider targeted interventions to enhance these characteris-
tics in regions lagging behind in terms of productivity and innovation. Moreover,
the segmentation between small/micro firms and medium-large ones constitutes an
alignment to policy making interventions. Indeed, governments and policy actors
often employ different measures to support small and micro enterprises compared
to medium-sized firms. By focusing on this disaggregation, our analysis can provide
more targeted policy recommendations to enhance productivity growth and export
performance among these specific groups. Finally, small and micro enterprises con-
stitute a significant portion of the business landscape in many economies. Ignoring
this important segment of firms may lead to incomplete findings and an incomplete
understanding of the overall economic dynamics.

Limitations and Future Directions

Purposedly, we did not enter neither into the self-selection versus learning-by-
exporting debate in firm-level international trade nor into the possible self-selection
of robot-adopting enterprises. On the one hand, we do not look at learning-by-export-
ing, which is a very complex phenomenon, and it shall be analysed in its singularity.
On the other hand, self-selection is taken into consideration using the past productiv-
ity model in our empirical formulation of firm’s export determinants, but we do not
discuss it in its more detailed aspects. In this line, we also include in the export equa-
tion all the firms present in the sample, artificially adding to them 1 dollar of exported
value.® Indeed, this standard practice does not significantly affect the distribution of
interest, especially given the estimation technique, the long-observed time span, and
the adoption of fixed effects and several robustness checks. Contrarily, this choice
allows to have a uniform sample and thus, to control for the “robotization” effect on
the same firms.

In terms of external validity, extrapolating these findings to other countries
requires careful consideration due to varying economic, industrial, and technological
landscapes. Firstly, the influence of robot adoption on productivity and export per-
formance may vary significantly in countries with different levels of industrialization
and technological integration. Spain, as a moderately industrialized country within
the EU, provides a specific context where ICT investments and agglomeration econo-
mies could have distinct impacts compared to more or less industrialized nations.

® This adjustment is not the only one suggested in the vast literature on the topic of (log) transformations.
For this reason, we also replicated the estimates using a Box-Cox (1964) transformation and all the signifi-
cant results are not affected. We do not adopt the also suggested inverse hyperbolic sine transformation, as
it has recently been shown that its outcome is directly related to the unit of measurement of the variables
(Aihounton & Henningsen, 2021).
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For example, in highly industrialized countries like Germany or Japan, the impact of
robotics might be more pronounced due to higher levels of technology adoption and
advanced manufacturing techniques, potentially leading to even greater productiv-
ity enhancements. Conversely, in less industrialized countries, the effects might be
more subdued due to limited technological infrastructure and lower robot adoption
rates, suggesting that the Spanish findings may not fully translate to these environ-
ments. Secondly, the particular emphasis on SMEs in the ESEE dataset highlights
another aspect of external validity. While SMEs constitute a significant portion of the
economy in many countries, the structure and challenges faced by SMEs can vary
widely. For instance, SMEs in developing countries might not experience the same
productivity gains from robotization seen in Spanish SMEs, owing to differences in
access to capital, technology, and skilled labour. Moreover, the impact of localization
economies and ICT assets on export capabilities and productivity noted in Spanish
regions might not hold in regions where these factors differ markedly, such as in
countries with less regional economic concentration or differing policies on technol-
ogy and innovation.

Finally, considering future research, our study opens up several avenues for further
investigation. One interesting direction would be to explore the impact of robotiza-
tion on different types of SMEs, such as local or non-local firms and manufacturing
and non-manufacturing firms, which may face different barriers to robot adoption
as well as diverse trajectories of complementarity, results and connection with their
spatial environment (Jestl, 2024) Another potential avenue for future research would
be to examine the impact of robotization on employment and job polarization in
Spain, which has important implications for social welfare and inequality (Valentini
et al., 2023).
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