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A B S T R A C T

Digitisation has raised concerns about how it can transform the growth of productivity in firms and its diver-
gence around the world. Given that literature has focused mainly on confirming firm productivity gaps,
research on the explanatory role of digital-based complementarities in productivity gaps has been scarce.
This work aims to provide evidence on the digital divide and its causes in small and medium-sized enter-
prises (SME) and in large firms. Using a sample of 5,840 Spanish SMEs and large firms during the 1991−2016
period, results reflect a growing divergence in total factor productivity, both for SMEs and for large firms.
Moreover, they also show that the productivity gap becomes more evident when firms develop digital-based
complementarities, particularly those derived from ICT investment, R&D activities and product innovation.
Firm strategies and policy implications of the results obtained are also discussed.
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Introduction

The film Blade Runner, directed by Ridley Scott, was released in
1982. In Los Angeles, 2019, bioengineering has been developed in
such a way that it is possible to manufacture artificial human beings,
called replicants. The film, which portrays a dystopian future, has
become a cult classic. Economically, it suggests a future dominated
by large corporations, where the Tyrell Corporation has achieved a
dominant position as a result of its capacity for innovation in the bio-
medical field.

Could an economic future, controlled by some large corporations
that have all the market power, become a reality? Can digitisation
lead to a situation where the global frontier of innovation is domi-
nated by a few large corporations? Or, on the contrary, is this just sci-
ence fiction and economic dynamism will always feed a large group
of new adventurous firms, mainly small and medium-sized enter-
prises (SME), preventing the concentration of market power? The
study of productivity, and especially total factor productivity, will
help us answer these kinds of questions.
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In this context, the technological revolution has emerged as one of
the main factors responsible for productivity growth (Lafuente, Acs,
Sanders & Szerb, 2019). This is why economic activities are increas-
ingly influenced by new waves of innovation and investment in digi-
tisation technologies, such as the Internet, e-commerce, robotisation,
the Internet of Things (IoT), artificial intelligence (AI), and collabora-
tive platforms, amongst others, which have constituted a new way of
structuring firms with the consequent impact on the production gap
(Trajtenberg, 2018).

The importance of productivity lies in the fact that it is the main
indicator of an economy's long-term growth potential (Comin, 2017).
The literature shows the existence of a direct relationship between
productivity growth and capital deepening (capital per worker or per
hour worked), as well as with the efficiency of the combined total fac-
tors of production (hereinafter, ‘TFP’) (Díaz-Chao, Miralbell-Izard &
Torrent-Sellens, 2016). The right combination of these two factors,
therefore, enables sustained long-term growth of the economy
(Timmer, Inklaar, O’Mahoney & Van Ark, 2010).

Contrary to what was thought, there has been a clear downward
trend in aggregate productivity in developed countries, which has
reopened the debate on technological effects on productivity
(Berlingieri, Blanchenay & Criscuolo, 2017; Bryne, Fernald & Rein-
sdorf, 2016; Cette, Fernald & Mojon, 2016). In this context, the
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literature has captured the growing importance of productivity con-
vergence as associated with new technologies and the way in which
firms interact on an international market, thus varying the produc-
tive capacity of firms along the global frontier of innovation and digi-
talisation change (Berlingieri et al., 2017). Thus, convergence,
indicating the proximity in terms of productivity of a given firm to
the leading firms, and divergence, indicating dispersion in productiv-
ity, have become key concepts in academic discussions on productiv-
ity and internationalisation.

Two consequences have, therefore, been identified. Firstly, that
despite digitalisation, there is a discussion about the real effects of
technology on productivity (Berlingieri et al., 2017; Bryne et al.,
2016; Cette et al., 2016). Secondly, that entrepreneurially there has
been a very notable increase in the productivity gap, which means
that the problem is not that productivity does not grow in frontier
firms (sector leaders, also called ‘gazelle companies’), where it is
understood as those firms that are on the global productivity frontier,
defined as the most productive firms in each economic sector. While
non-frontier firms (follower) are those that are not close to the pro-
ductivity frontier, due to innovation diffusion problems (A~n�on-
Hig�on, Ma~nez, Rochina-Barrachina, Sanchis-Llopis & Sanchis-Llopis,
2017; Berlingieri et al., 2017; Cette et al., 2016).

Under this prism, this article intends to go beyond the confirma-
tion of the existence of productive divergence and aims to explain its
reasons for a sample of SMEs and large industrial firms. In fact, two
new contributions to the literature are tested: to assess whether
divergence exists only between large firms and SMEs, or also
amongst the SMEs themselves. Therefore, we intend to answer the
following questions: What is the role of dimension in the divergence
of business productivity? Specifically, is the growing gap in produc-
tivity between large firms, or between small and medium-sized
enterprises? And, secondly, in trying to explain this divergence:
What are the foundations of the divergence in productivity? In par-
ticular, what role do digital-based complementarities play in explain-
ing the growing divergence in TFP?

Results show divergence in both SMEs and large firms. Results
also suggest that larger, more capital-intensive industries, with a
higher skilled labour force, are closer to the frontier, with frontier
firms defined as those with a higher average output, and non-frontier
firms as all the rest−following Andrews, Criscuolo and Gal (2015),
frontier firms are the 10% most productive firms in each year of the
sample. In addition, according to the results, the role of digital-based
complementarities has a notable importance in the growth of TFP,
highlighting expenditure and investment in R&D, investment in
information and communications technology (hereinafter, ‘ICT’), and
product innovation.

The rest of this paper is structured as follows. The second section
reviews the literature that analyses the reality of productivity insofar as
there is divergence/convergence, as well as the relationship between
TFP and digital transformation as a generator of such divergence/con-
vergence. Section 2 also postulates the working hypotheses. The third
section presents the methodology used to make the corresponding TFP
estimates, as well as the Blinder-Oaxaca decomposition. The fourth sec-
tion presents the database used in this study, Encuesta sobre Estrategias
Empresariales (Business Strategy Survey, ESEE), and analyses its validity,
as well as the different variables used throughout the article, which
enable verification of the hypotheses posed. In the fifth section, the
main research findings are analysed. A closing section provides the con-
clusions and discussion of the main results.

Theoretical background and hypotheses

Related work

In recent decades, there has been an increase in the literature on
the analysis and estimation of productivity (Aiello, Pupo & Ricotta,
2

2014). Several papers have shown that economic performance is associ-
ated with differences in the dispersion of within-industry productivity
across firms (A~n�on-Hig�on et al., 2017). However, recent research at the
firm level has focused on technology levels, demand, and market struc-
ture as a driver of productive divergence (Bartlesman, Haltiwanger &
Scarpetta, 2013; Draca, Sadun & Van Reenen, 2006; Syverson, 2011).
According to these works, production divergence at the firm level can
occur due to “[. . .] the effect of competition (Schmitz, 2005; Syver-
son, 2004), the size of sunk costs (Collard-Wexler, 2013), and the inter-
action of product market rivalry and technology spillovers (Bloom et al.,
2007)” (Syverson, 2011, p. 329).

These new perspectives have highlighted the importance of hetero-
geneity between firms and industries in terms of productivity
(Andrews et al., 2015; Crespi, 2013). Some of the main determinants of
firm productivity heterogeneity are directly associated with digitalisa-
tion (Gal, Nicoletti, Renault, Sorbe & Timiliotis, 2019), as well as with
those factors associated with the need to increase investment in R&D
(A~n�on-Hig�on, Ma~nez & Sanchis-Llopis, 2018; Aw, Roberts & Xu, 2008;
Ballestar, Grau-Carles & Sainz, 2019) and the importance of innovation
(Foster et al., 2017, 2018). Innovation can be divided into product inno-
vation and process innovation. While product innovation has a positive
effect on productivity (Bernard, Redding & Schott, 2010), process inno-
vation is associated with internal value processes, which offer a more
precise reasoning to support the technical efficiency of firms
(Ballestar et al., 2019; Gunday, Ulusoy, Kilic & Alpkan, 2011).

Under this perspective, the efficient and combined use of the dif-
ferent resources (tangible and intangible) by firms generates a new
organisational capability, which becomes a differentiating compo-
nent in relation to competitors (Amit & Schoemaker, 1993). The capa-
bility of firms to use these resources also leads to an improvement in
productivity (Mikalef et al., 2020).

Furthermore, intangible resources include those associated with
robotisation, innovation, and digitisation, amongst others, which
have increased the level of TFP (Brynjolfsson & Hitt, 2000; Edquist &
Henrekson, 2017; Jorgenson, Ho & Stiroh, 2008; Pellegrino & Zin-
gales, 2017). However, the impact of the second wave of ICT (i.e.
machine learning, Internet of Things, cloud computing, big data, 3D
printing) on industry is still being analysed, because this increase in
productivity is associated with business divergence/convergence.

In this context, there has been an in-depth discussion on whether
this reality is maintained continuously over time, generating a
greater divergence between firms, or whether, on the contrary, it
leads to productive convergence between firms (A~n�on-Hig�on et al.,
2017; Bartlesman et al., 2013; Berlingieri et al., 2017). The literature
shows evidence that the productivity gap between frontier and non-
frontier firms has widened in the last decade and, therefore, the pro-
cess of productivity convergence within the industry has come to a
halt (Andrews, Criscuolo & Gal, 2016; A~n�on-Hig�on et al., 2017). That
is why the mechanisms that generate a greater gap between frontier
and non-frontier firms are determined by the firms that are, on the
one hand, more capital and labour intensive, and, on the other hand,
are closer to the frontier. Furthermore, the literature questions how
new technologies and spillovers fail to diffuse across all firms, ulti-
mately leading to a widening of the productivity gap. However, the
use of public policies aimed at improving and investing in digitalisa-
tion would reduce this gap.

Hence, as indicated by Berlingieri et al. (2017), p. 5): “It is there-
fore important to understand not only the link between the observed
divergences in wages and productivity, but also how structural
changes, such as globalisation and digitisation, affect this link”.

Hypotheses development

These circumstances have led to the analysis of the potential for
productivity heterogeneity amongst firms. In this sense, in the last
decade a vast body of literature has addressed the question of
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whether national firms tend towards global productive convergence
or, on the contrary, a productivity deviation and a clear divergence
amongst firms exists (Bartlesman et al., 2013). In this regard, the lit-
erature provides a description of frontier firms (those defined as the
most productive on average) versus non-frontier firms (the remain-
ing firms) (Andrews et al., 2015; Syverson, 2004). This discussion has
arisen as a result of the international crisis that began in the third
quarter of 2007, which had a significant impact on the productivity
of economies, industries and firms (A~n�on-Hig�on et al., 2017).

An abundant amount of literature has analysed the distance
between frontier and non-frontier firms at the international level
(Andrews et al., 2016; A~n�on-Hig�on et al., 2017). In this sense, this bib-
liography shows how productivity growth of lagging firms is mostly
related to the evolution of national frontier productivity, not to the
international frontier (Iacovone & Crespi, 2010).

It should be mentioned that those firms considered frontier (also
called "gazelle" companies) are fundamental for job creation
(Bartlesman, Dobbelaere & Peters, 2014; Decker, Haltiwanger, Jarmin
& Miranda, 2016b; Henrekson & Johansson, 2010). In this sense, it is
possible to postulate that:

Hypothesis 1. The divergence in TFP between leader and follower
industrial firms has increased.

It should be noted that there is an increase in production diver-
gence both in inter- and intra-size, which raises the question on
whether divergence is the result of intra-dimensionality (between
SMEs and large firms) or inter-dimensionality (between both
groups). This research proposes a set of hypotheses associated with
the distribution between firms (SMEs and large firms)
(Garicano, Lelarge & Van Reenen, 2016; Moral-Benito, 2016). To that
end, the impact of the TFP in terms of intra-industry divergence is
analysed. We therefore raise hypotheses on the existence of diver-
gence between firms of the same size in the industry
(Criscuolo, Timmis & Johnstone, 2016). Thus, it is proposed that:

Hypothesis 1a. The divergence in TFP increases between leader and
follower SMEs.

Hypothesis 1b. The divergence in TFP increases between leader and
follower large firms.

Under this line of research, we contribute to the analysis of the
relationship between digitalisation and productivity at the firm level.
But how is the situation of productivity at firm level with respect to
the use of digitalisation? The analytical study conducted by
Corrado, Haskel and Jona-Lasinio (2017) shows the need for better
use of digital technologies to improve the overall effect of efficiency
in Spain. Along these lines, it should be noted that, in order to achieve
growth in productivity, investments must be made in physical and
human capital, taking into account the need for human capital to
have a better capacity to use digitalisation in order to generate more
added value (Van Laar, Van Deursen, Van Dijk & De Haan, 2017).

In recent decades, discussions about investment in digitalisation and
its impact on the productive dynamics of firms have been prolific
(Autor, 2015; Cusolito, Lederman & Pe~na, 2020; Van Ark, 2014). This is a
clear sign of how the phenomenon of technological innovation has an
increasingly prominent weight in the production cycle associated with
economic growth, both in the short and long term (Edquist & Henrek-
son, 2017; Graetz & Michaels, 2018). Nonetheless, the discussion on this
dynamic does not entail a single path of analysis, as there is a wide
range of empirical studies that show a negative relationship between
both variables (Van Ark, 2016). In recent years, however, the literature
has increasingly shown a positive and significant relationship between
the use of digitalisation and productivity improvement (Corrado et al.,
2017; Edquist & Henrekson, 2017; Mohnen & Hall, 2013).

For this reason, a second group of hypotheses is put forward,
based on the relationship between the variables that affect SMEs and
large firms in terms of their divergence or convergence between
3

productivities. The divergence in productivity between SMEs and
large firms increases due to the fact that large firms have access to a
greater amount of resources in the context of digitalisation (human
capital, access to technology, amongst others) that make them more
competitive. However, SMEs and large firms tend to have very differ-
ent competitive advantages (Díaz-Chao, Sainz & Torrent-Sellens,
2015). SMEs have greater flexibility to adapt to changes, while large
firms have a higher market power, circumstances that hinder the
comparison between both groups of firms. For this reason, once the
inter-industry divergence has been contrasted, this study carries out
an intra-industry analysis, involving a contrast of SMEs and large
firms.

The specialised literature shows a clear relationship between digi-
talisation and the improvement of TFP (Hall, Lotti & Mairesse, 2013).
In this context, under the assumption of a positive relationship
between digitisation and productivity, the second working hypothe-
sis is configured (Andrews et al., 2015; Bartlesman et al., 2013).

Hypothesis 2. Digitalisation explains the productive divergence in
the industry.

This hypothesis implies that the expansion of digital-based com-
plementarities has not been balanced amongst firms, generating a
productive gap amongst SMEs and concentrating its benefits on
increasing productivity in firms with a higher average productive
value (Sorbe, Gal, Nicoletti & Timiliotis, 2019). This same situation
occurs for large firms. Associated to this second hypothesis, the fol-
lowing can be verified:

Hypothesis 2.a. Digital-based complementarities explain the produc-
tivity divergence between SMEs.

Hypothesis 2.b. Digital-based complementarities explain the produc-
tivity gap between large firms.
Methodology

In order to test the research hypotheses, this study models and
estimates TFP associated with a sample of Spanish industrial firms
extracted from the Encuesta sobre Estrategias Empresariales (Business
Strategy Survey, ESEE) of the SEPI Foundation for the period 1991
−2016. Then, we apply the Blinder-Oaxaca decomposition technique,
which enables the acceptance or rejection of the hypotheses associ-
ated with the predictive relationship between the two groups of
firms analysed (frontier and non-frontier). Moreover, the productive
divergence in relation to the set of variables under study will be taken
into consideration.

In this context, the objective of this paper is determined by the
analysis of divergence/convergence in the TFP of frontier and non-
frontier firms for a total of 5840 firms in the Spanish industrial fabric
in the period between 1991 and 2016. It comprises a total of 157,680
observations (the study uses an analysis of a panel of data) that
enable a better understanding of the productive situation of the
Spanish industrial fabric (A~n�on-Hig�on et al., 2017; Ballestar et al.,
2019).

Model of total factor productivity (TFP)

The model used in this research is based on the estimation of a
Cobb-Douglas type production function with three production fac-
tors. The application of this production function is due to the fact that
it is one of the simplest, as well as the most widely used in the litera-
ture (Bloom et al., 2019; Edquist & Henrekson, 2017; Harris & Mof-
fat, 2017). The functional form of the production function is as
follows:

Yit ¼ AitL
bl
it K

bk
it Mbm

it ð1Þ
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Where, Y is the value added (AV) of the firm and = 1, . . ., N for the
period t = 1991, . . ., 2016, which depends on the variable A defined as
the TFP, L is the labour factor, K is the quasi-fixed capital factor, M are
the intermediate inputs. The parameters bl, bk, bm are the elasticities
of the labour, capital and intermediate cost, respectively.

In order to work in a linear way, it applies the Napierian loga-
rithms, enabling the transformation of an exponential function into a
linear one:

yit ¼ b0 þ bllit þ bmmit þ bkkit þ uit ð2Þ
b0 is a measure of the TFP level common to all the firms that make

up the sample, and uit represents the error term, which includes all
those factors of the business reality. While uit is either not observable
or it corresponds to variables determined by external circumstances,
i.e., it is an identically distributed error term that captures unex-
pected shocks to production or measurement error. This term is also
a random component that firms do not consider when making their
decisions (Iootty, Pena & De Donato, 2019).

The function [2] is directly related to the technology index or TFP;
therefore, if we rewrite the function [2] we obtain [3]:

ln Aitð Þ ¼ b0 þ uit ð3Þ
Blinder-Oaxaca decomposition

The Blinder-Oaxaca decomposition is an econometric technique
that enables the comparison of two population groups and thus the
observation of differences based, firstly, on the existence of a com-
mon component, and secondly, on the category that differentiates
the analysed groups (Barcenilla, Gimenez & L�opez-Pueyo, 2019;
Castany, L�opez-Bazo & Moreno, 2005; Karunaratne, 2007).

This decomposition divides the differential of the variable into
two distinct groups. The first explains the differential characteristics
of each group that have some impact on productivity (for example,
investment in R&D or use of robots, amongst others). A second resid-
ual group allows us to hypothesise about different virtual contexts
and enables, not only to analyse differences in the average, but also
in the overall distribution. It is also based on multiple regression coef-
ficients by means of regressors (Jann, 2008). In the Blinder-Oaxaca
decomposition, the bias is eliminated by self-selection and, in a spe-
cific case, the estimate is made by specifying the OLS (Castany et al.,
2005; Lamorgese & Petrella, 2016).

Therefore, the Blinder-Oaxaca decomposition is considered to be
the mean value of the conditional expectation function
(Schneider, 2018).

E Y½ � ¼ E E Y jX½ �½ � ¼ E m Xð Þ½ � ð4Þ
As we can see, it is a linear function; therefore, the basis of the

Blinder-Oaxaca decomposition is obtained by the equation [5], which
is estimated in two linear regressions, for each of the comparison
groups.

DE Y½ � ¼ DE X½ �b0 þ E X½ �Db ð5Þ
Where ðDE½X�b0Þ shows the difference in assignments, while the ðE½X�
DbÞ is the contribution of a change of structure.

More flexible estimates are used to calculate the decomposition of
Blinder-Oaxaca. The literature shows the existence of the problem of
determining how the base structure would prevail in the absence of
discrimination. To overcome this circumstance and extend the dis-
crimination component, three alternative methods of decomposition
are proposed: Cotton (1988); Neumark (1988), and Oaxaca and Ran-
som (1994). Cotton (1988) suggests weighting the differences of the
x's by the average of the coefficient vectors, while Neumark (1988)
and Oaxaca-Ransom (1994) propose the use of the coefficients
obtained from the regression of the grouped data.
4

Estimation functions and methods
Total factor productivity
We estimate the relationship of divergence/convergence between

firms, as well as the relationship between digitalisation, using two
types of models. The next model estimates individual TFP from the
Cobb-Douglas production function. As explained above, we expect
divergence effects to be time dependant. Therefore, we estimate the
long-term effects on logarithmic levels and assume that differences
in productivity will be reflected in the long run. The parametric pro-
ductivity equations (derived from equation [2]) will explain the indi-
vidual effects that will take the form of [6]:

ln Aitð Þ ¼ yipt � b̂l lit � b̂kkit � b̂mmit ð6Þ
The methodology proposed by Wooldridge (2009) is used to

estimate the parametric function. As indicated by Olley and
Pakes (1996), these estimates find that production factors and
inputs tend to be correlated due to a problem of simultaneity. If
the firm responds to a positive production shock by expanding
output, then there is a correlation between the error term and
the independent variables. Therefore, the authors assume that
variables L and M are fluctuating input variables, while on the
contrary, K is a static or quasi-fixed variable, affected by the dis-
tribution of productivity shocks, uit, which is also conditioned by
the information given with respect to the productivity variable,
coming from the period t-1 and present values ui.

Olley and Pakes (1996) also indicate that capital may not be corre-
lated with productivity. In this case, if capital levels are correlated
with variable inputs, as is the case with the labour variable, this could
imply that a negative bias in one of the variables also influences the
other variable negatively, since both are estimated simultaneously. In
order to solve this problem, Olley and Pakes use investment as a
proxy for unobserved productivity shocks.

Depending on the database used, a situation may arise in
which the database does not provide the necessary information
to carry out the estimate using the Olley and Pakes model, and
therefore an alternative variable to the investment must be
sought. Levinsohn and Petrin (2000); 2003 use intermediate
goods as a proxy to value unobserved productivity shocks to
intermediate inputs. They conclude that the use of investment as
a proxy entails two problems. The first is that investment is a
very unequal variable (lumpy), because it incorporates substantial
adjustment costs and therefore does not respond "smoothly" to
productivity shocks. Secondly, this proxy is linked to the fact that
many firms do not make investments during some periods of
time and, therefore, investment is only valid for those that report
investment different from zero. The OLS and Random Effect are
used as alternatives for robustness checks.
Blinder-Oaxaca decomposition
Thus, once the TFP estimation is made, the model is specified. The

TFP index is a function of the productive level and the innovative
action of each firm. According to the theoretical arguments presented
so far, the specification of the analysis is done by means of a linearisa-
tion with respect to the TFP. Likewise, the firms and the temporary
effects are set as control variables. The number of variables selected
is determined on the basis of the firm's complementarity effects of
digitisation, and the function is taken on the basis of the model set
out in Castany et al. (2005).

On the basis of the above arguments on the Blinder-Oaxaca
decomposition, the specified model is determined by linear regres-
sion based on the TFP index. In this method, the capital deepening
(DEEPCAP) is controlled, as well as the digital-based complementar-
ities by ICTI, research and development (R&D), R&D workers
(R&DEMP), and finally, the dichotomous variables corresponding to
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product innovation (PRODIN), process innovation (PROCIN), and
robotics (RBN). Therefore, the empirical model can be expressed as
follows:

TFPit ¼ b0 þ b1DEEPCAPit þ b2ICTIit þ b3R&Dit þ b4PRODINit

þ b5PROCINit þ b6RBNit þ b7R&DEMPit þ uit ð7Þ

In this research, estimation is applied through the decomposition
of Blinder-Oaxaca. This has been widely used to study wage differen-
tials between diverse types of workers (Boeri & Ours, 2013;
Fortin, Lemieux & Firpo, 2011), although in the present study it is
applied to analyse productivity differentials at the firm level. This
methodology enables an analysis of how much of the TFP differential
between frontier and non-frontier firms can be explained by differen-
ces in their characteristics or by differences in the performance of
those characteristics (Battisti, Del Gatto & Parmeter, 2018). The
Blinder-Oaxaca decomposition “permits identifying the relative
importance of firm characteristics and returns very easily”
(Castany et al., 2005, p. 8).

Following the exposition of Oaxaca (1973) with the modification
made by Castany et al. (2005), the method of decomposition of the
productive gap of the two analysed groups (frontier and non-frontier)
is applied in the following way. Firstly, identical TFP regions are esti-
mated for each group:

TFPF ¼ bFXFit þ uFit ð8Þ

TFPNF ¼ bNFXNFit þ uNFit ð9Þ
Where TFPF and TFPNF represent the logarithm of the TFP of the frontier
(F) and non-frontier (NF) group, respectively. bF and bNF, are the vectors
of the coefficients to be estimated in each group, XFit and XNFit, repre-
sent the vectors of the observed characteristics for group, and, finally,
uFit and uNFit, correspond to the error term of each equation.

Secondly, we decompose the average TFP differential between the
two groups, expressed as:

TFPF � TFPNF Þ ¼ bF TFPF �bNF TFPNF

�
ð10Þ

The Blinder-Oaxaca decomposition evaluates the productivity dif-
ferential in the mean distribution of characteristics, that is, compar-
ing the mean characteristics of frontier and non-frontier firms.

As far as the use of alternative models is concerned, the result of
the difference can be written as:

D ¼ E XFð Þ � E XNFð Þf g0b� þ E XFð Þ0 bF � b�� �þ E XNFð Þ0 b� � bNF

� � ð11Þ
Table 1
Variables.

variable measures mean s.d. skewness ku

dependent
Added Value (AV)1 Euros 14.59 1.90 0.27 2.6
Independents
Labour (NL) Labour 14.28 1.78 0.27 2.4
Capital Stock (CS) Euros 14.75 2.36 0.02 2.6
Intermediate Inputs (INTIN) Euros 14.92 2.3 �0.07 3.1
Others
Capital deepening (DEEPCAP) Capital per worker 11.22 1.04 �0.38 5.5
R&D expenditure (R&D) Euros 12.34 2.07 �0.15 3.7
R&D workers (R&DEMP) Staff in R&D activities 1.85 1.31 0.78 3.8
ICT Investment (ICTI) Euros 1.52 1.37 �0.47 2.7

Frequency
Variable Measures No Yes Skewness Ku
Use of industrial robots (ROB) (yes/no) 11,487 4243 2.93 9.5
Product innovation (PRODIN) (yes/no) 38,272 10,947 0.99 2.0
Process innovation (PROCIN) (yes/no) 33,034 16,186 1.08 2.3

Notes: The continuous variables have been considered on a logarithmic basis. Data in real te
1 AV = Sales + Variation in stock + Other management costs - Purchase − External service
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Where the first term, D in Eq. (11), is the part of the productivity dif-
ference that is explained by group differences in regressors (TFP dif-
ference), the second term is the productivity increase by investment
in digitisation in group 1, and the third is the underpayment to group
2 due to digitisation. Eq. (12) is put into practice under the assump-
tion of a non-discriminatory production structure by assigning
weight proportions of frontier firms (PF) and non-frontier firms (PNF)
to the digitisation structure and b* is defined as;

b� ¼ PFbF þ PNFbF ð12Þ

Information source

This research is based on the SEPI Foundation’s Encuesta sobre
Estrategias Empresariales (Business Strategy Survey, ESEE), sponsored
by the Ministry of Industry. ESEE is a data panel survey consisting of
approximately 2200 Spanish manufacturing firms per year, as every
year the aim is to maintain the representativeness of the sample.

ESEE provides data from 1990 to 2016 (last year available). This
means that there is a total of approximately 55,000 observations.
Consequently, this panel data permits a very detailed study of the
microeconomics of productivity and employment as well as the anal-
ysis of changes in Spanish manufacturing firms during various stages
of the business cycle (Cami~na, Díaz-Chao & Torrent-Sellens, 2020).
The ESEE data panel enables us to conduct the TFP estimation at a
microeconomic level in a wide range of pre- and post-international
crisis years.

In the first year of the sample, 5% of all manufacturing firms were
randomly selected for industrial strata with a volume of workers
comprising between 10 and 200 individuals. However, at the same
time as the survey was launched, firms with more than 200 workers
were asked to actively participate, and 70% of them agreed (Castiglio-
nesi & Ornaghi, 2013).

The ESEE database contains a set of segmented information for
manufacturing firms with more than 200 employees (large firms)
and firms with 10 to 200 employees (SMEs). Due to this division,
SMEs are classified differently in ESEE than by the European Commis-
sion (Cami~na et al., 2020; European Commission, 2012). In the case of
the ESEE, the limit used to define SMEs is 200 workers, while the
European Commission uses a maximum size of 250 workers. This dif-
ference is due to the sampling procedure used by the ESEE: “In this
survey, all large manufacturing firms (more than 200 workers) are
included in the sample. However, for SMEs (from 10 to 200 workers),
stratified, proportional and systematic sampling is used by industries
(national economic activity two-digit classification code, NACE) and
rtosis references

3 Faggio, Salvanes and Van Reenen (2010) / A~n�on-Hig�on et al. (2017))

4 Fu and Moral-Benito (2018)
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Table 3
Descriptive statistics of TFP for frontier and non-frontier firms. 1991−2016.

SMEs Large firms Total industry

10% 90% Diff. 10% 90% Diff. 10% 90% Diff.

Mean 9.36 7.15 2.21 13.72 11.51 2.21 11.17 7.89 3.28
S.D. (0.22) (1.05) − (0.61) (0.68) − (1.40) (0.75) −
Quartiles and percentile
25% 9.19 6.35 2.84 13.14 11.07 2.07 10.62 6.72 3.90
50% 9.32 7.04 2.28 13.53 11.48 2.05 10.92 7.75 3.17
75% 9.48 8.01 1.47 14.13 11.94 2.19 11.49 9.16 2.33
90% 9.65 8.65 1.00 14.79 12.36 2.43 12.29 9.83 2.46

Notes: Data in real monetary log-levels. Standard Deviation (S.D.) in brackets.
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size of the firm” (Cami~na et al., 2020, p. 6). With regard to data entry,
ESEE provides detailed information for 20 economic sectors
(Appendix A), which are representative of the Spanish industrial fab-
ric.

Variables and indicators

Table 1 presents a summary of the main dependant and explana-
tory variables included in the models used at the productivity level.
The selection of these variables is consistent with the literature deal-
ing with the TFP estimation. However, additional variables that will
permit testing the second group of hypotheses are also included.

All the vacinal terms have been deflated using a Paasche refer-
enced to the prices’ variation of intermediate consumption (raw
materials, energy, and external services). High values of kurtosis and
symmetry were detected, suggesting potential problems in the esti-
mation of the market share, workers in R&D, and in the use of robots.
For this reason, VIF tests will be conducted.

Results

In this section, the results obtained from the TFP estimate will be
analysed using fixed effects. This will permit detecting the existence
of divergence or convergence of the firms under study for the period
analysed. Likewise, by using the Blinder-Oaxaca decomposition, we
will be able to contrast the reality of the Spanish industrial fabric
with respect to the TFP divergence/convergence at the firm level, tak-
ing into account capital deepening, market share, the use of new
technologies (investment in R&D, workers assigned to R&D, ICTI,
innovation in process and product, and the use of robots), as well as
economic activity.

Divergence / convergence total factor productivity

This section analyses the divergence/convergence trend between
the division of the 10% of firms with a higher average value (frontier
firms) with respect to the remaining 90% (non-frontier firms) for the
period between 1991 and 2016. The literature selects as the frontier
firms a fixed number of firms per industry over time, usually the top
5% or 10% (Andrews et al., 2015; A~n�on-Hig�on et al., 2017). For this
research we have selected the top 10% due to the variability in terms
of incorporation and closure of firms included in the ESEE sample.
This fact makes it possible to capture the change of frontier firms
over time (A~n�on-Hig�on et al., 2017).

Table 2 reflects the TFP estimation. All coefficients are positive and
significant. In the analysis of the (individual and complementary)
explanatory factors of productivity and employment for Spanish
industries, we have estimated the TFP by means of Levinsohn and
Table 2
Total factor productivity (TFP) estimation. 1991−2016.

SMEs Large fi

OLS FE LP OLS

Coefficients
Labour 0.64*** 0.61*** 0.62*** 0.53**

(0.003) (0.007) (0.005) (0.009
Intermediate Cost 0.25*** 0.30*** 0.26*** 0.25**

(0.003) (0.005) (0.005) (0.007
Capital 0.16*** 0.12*** 0.12*** 0.20**

(0.003) (0.003) (0.003) (0.006
Statistics
N° Obs. 31,329 9974
Adj. R2 0.854 0.894 − 0.763

Notes: Data in real monetary log-levels. Estimation methods: O
sohn and Petrin). Estimated coefficients: Standardized coeffic
brackets.
*** p < 0.001.
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Petrin (2003)), following the methodology of recent international
research (Aiello et al., 2014; Van Beveren, 2012). In this sense, we
answer the set of hypotheses associated with hypothesis 1 on diver-
gence/convergence in Spanish industry (large firms and SMEs).

Table 2 shows the summary statistical results of the coefficients of
the variables used in the estimation of TFP using the Ordinary Least
Square (OLS) method, the fixed effects (FE) and, finally, the Levinsohn
and Petrin (LP) method. The estimation shows results similar to those
of the literature on the conclusions given by the OLS and FE methods.
Likewise, labour and intermediate inputs represent 85%�90% of the
variation in the value added of the analysed firms, while the use of
capital represents 12%�20%. This confirms that most of the firms ana-
lysed are more labour-intensive, although they produce with a high
level of capital for manufacturing.

It should be noted that Levinsohn and Petrin's (2003) more robust
method uses labour as a free variable, intermediate inputs as a proxy
variable, and capital as a state variable. Using intermediate inputs as
a proxy to detect unobserved productivity shock lower values of
labour, while capital increases slightly, where it plausibly implies a
correction of simultaneity and endogeneity bias.

The tests conducted to determine if data meets the assumption of
collinearity indicate that multicollinearity is not a concern (for all
variables and explanatory indicators, Tolerance > 0.10 and VIF < 10;
the correlation matrix is presented in Appendix A).

Table 3 shows the descriptive statistics with respect to TFP at the
firm level, which indicates that the average of the 10% most produc-
tive firms (frontier firms) has a higher value in proportion to the 90%
of less productive firms (non-frontier firms) for SMEs and large firms.
As might be expected, this table reflects that the average TFP is higher
in large firms, which is confirmed by the equality of means test that
rejects that the average TFP is the same in the two subsamples. The
percentiles at 25%, 50%, 75% and 90% show that TFP is always higher
in frontier firms. Thus, it is confirmed that the differences in TFP
rms Total Industry
FE LP OLS FE LP

* 0.53*** 0.55*** 0.62*** 0.59*** 0.60***
) (0.002) (0.03) (0.003) (0.003) (0.01)
* 0.36*** 0.32*** 0.25*** 0.31*** 0.27***
) (0.007) (0.01) (0.004) (0.004) (0.007)
* 0.12*** 0.13*** 0.16*** 0.12*** 0.10***
) (0.001) (0.02) (0.002) (0.003) (0.001)

41,303
0.789 − 0.916 0.913

LS (Ordinary Least Square), FE (Fixed Effect) and LP (Levin-
ients. Standard errors of the standardized coefficients in



J. Torrent-Sellens, �A. Díaz-Chao, A.-P. Mir�o-P�erez et al. Journal of Innovation & Knowledge 7 (2022) 100185
between these groups of firms are not homogeneous throughout the
range of TFP levels.

Table 4 shows the digital transformation activity variables for
SMEs, large firms, and total industry. The table shows the main statis-
tical data on the main variables of the digital transformation analysed
with regards to frontier and non-frontier firms. In this sense, for the
three cohorts analysed as a whole, it is stated that, for frontier firms,
there is greater investment in R&D, as well as greater capital deepen-
ing. This presupposes that the 90% least productive firms operate
mainly in ICTI, in product innovation, and in process innovation. They
average values of 20−35% for PRODIN, and 32−50% for PROCIN,
which is expected to have a positive effect on productivity. It can also
be seen that in terms of robotisation, it has a greater weight in 90% of
non-frontier firms. Data is also expected to have a greater impact on
the growth of TFP in this group of firms, expecting a trend towards
convergence with frontier firms.

The Table B.1 (Appendix B) reflects years 1991, 2000, 2010 and
2016, which have been selected in order to make a comparison with
respect to the productive variables (TFP, labour productivity, and cap-
ital deepening) allowing a comparative analysis between frontier and
non-frontier firms.

When analysing the evolution segmented by SMEs, it is evidenced
that, in frontier firms, the TFP shows a positive accumulated value
from 1991 to 2016 (1%), while negative growth values are shown in
terms of labour productivity (0.8%). Capital deepening shows a posi-
tive value (1%). On the other hand, in large firms TFP (0.6%), labour
productivity (1%) and capital deepening (1.4%) show positive and
growing values throughout the period analysed. This situation is a
clear indication of the lack of a structural production base in Spanish
SMEs. Moreover, for the period between 2000 and 2016, the trend is
positive for TFP (2%) and capital deepening (0.6%), and negative for
labour productivity (0.3%).
Table 4
Descriptive analysis of the independent variables for frontier and non-frontier firms,
by firm size. 1991−2016.

SMEs Large firms Total industry
Mean S.D. Mean S.D. Mean S.D.

Capital Deepening (DEEPCAP)
10% firms 12.04 (0.91) 12.38 (1.06) 12.21 (0.62)
90% firms 10.63 (1.39) 11.60 (1.07) 10.45 (0.68)
ICT Investment (ICTI)
10% firms 1.36 (1.62) 1.25 (1.49) 1.36 (1.61)
90% firms 1.74 (1.66) 1.52 (1.63) 1.63 (1.66)
R&D expenditure (R&D)
10% firms 11.93 (1.66) 14.52 (2.22) 13.40 (2.01)
90% firms 11.14 (1.74) 13.22 (1.63) 11.91 (1.80)
Staff in R&D (R&DEMP)
10% firms 0.17 (2.01) 95.32 (2.7) 2.11 (3.49)
90% firms 0.97 (3.84) 13.55 (2.81) 2.64 (8.17)

SMEs Large Firms Industry
Freq. (%) S.D. Freq. (%) S.D. Freq. (%) S.D.

Product Innovation (PRODIN)
10% firms Yes 2.17 (0.42) 45.65 (0.50) 1.19 (0.61)

No 97.83 (0.37) 54.34 (0.63) 98.81 (0.58)
90% firms Yes 20.20 (0.72) 37.90 (0.49) 16.35 (0.70)

No 79.80 (0.57) 62.09 (0.37) 83.65 (0.62)
Process innovation (PROCIN)
10% firms Yes 2.75 (0.78) 55.43 (0.45) 1.59 (0.74)

No 97.25 (0.81) 44.57 (0.34) 98.40 (0.60)
90% firms Yes 31.86 (0.54) 51.72 (0.70) 26.54 (0.51)

No 68.86 (0.51) 48.28 (0.68) 73.41 (0.39)
Use of industrial robots (ROB)
10% firms Yes 1.33 (0.50) 11.64 (0.71) 1.07 (0.70)

No 98.66 (0.74) 88.36 (0.59) 98.93 (0.81)
90% firms Yes 6.45 (0.62) 14.06 (0.35) 4.66 (0.48)

No 93.54 (0.84) 84.94 (0.64) 95.33 (0.35)

Note: Data in real monetary log-levels and in dichotomous form (1, yes; 0, no). Stan-
dard Deviation (S.D.) in brackets. Frequency in percentage.
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In the case of non-frontier firms, during the aggregate period
1991−2016, TFP (0.5%) and capital deepening (2%) increased,
while labour productivity shows positive values (0.7%). The situa-
tion is similar for the periods ranging from 2000 to 2016 and
from 2010 to 2016. In the case of large firms, results evidence a
cumulative increase of 1% for the frontier firms’ TFP in the period
1991−2016. This circumstance is also evidenced in terms of capi-
tal deepening with a cumulative positive value of 1%. On the
other hand, for 90% of non-frontier firms, the accumulated TFP
for the years 1991−2016 shows a positive value of 0.5%, as well
as for the capital deepening of 2%, while for labour productivity
the variation in value is 0.8% (Appendix B).

Fig. 1 shows how divergence has increased as a result of the more
moderate progress of the TFP of follower firms with respect to fron-
tier firms. This is true of both SMEs and large firms. The results corre-
sponding to SMEs show a clear increase in the average annual TFP of
frontier firms, with a clear accumulated divergence of 6% in the
period analysed.

Based on the results obtained in Fig. 1, it can be stated that, in gen-
eral terms, there is a clear divergence in the group of firms analysed
from 1994 onwards. The divergent trend reveals that, for both SMEs
and large firms, divergence grows and accelerates from the year
2000. From 2000, the percentage evolution of the divergence is
increasing, with values of 3% for the SMEs and 8% for large firms.

In this sense, it should be noted that, for large firms, the accelera-
tion of the divergence occurs mainly at the beginning of the 2000s,
while for SMEs there is a constant evolution of divergence through-
out the years analysed.

The next step to be taken would be to study the average distribu-
tion of TFP by each group of analysis (frontier and non-frontier firms)
in relation to the distribution of new cohorts (two cohorts repre-
sented in decades and one for five years). This distribution will allow
us to observe the evolution of the TFP variable for each of the divi-
sions carried out (Autor & Salomons, 2018; Pellegrino & Zin-
gales, 2017). In this case, due to the extended period analysed in this
article, the three periods (1991−2000, 2001−2010; 2011−2016) can
be observed.

In order to carry out this analysis, a statistical contrast is used
to check the differences between the distribution functions. These
are based on the concept of first-order stochastic dominance and,
in turn, allow a classification to be established for the compared
distributions. In this case, the Kruskal-Wallis test is used, which
allows us to test and verify TFP relationships between periods
(Gonçalves, 2013).

The Kruskal-Wallis test is a non-parametric range-based test
that can be used to determine whether there are statistically sig-
nificant differences between two or more groups of an indepen-
dent variable in a continuous dependant variable. It is considered
the non-parametric alternative to unidirectional ANOVA, which is
considered an extension of the Mann-Whitney test to allow the
comparison of more than two independent groups, as is our case,
where we have three comparative groups (Mahmood, Qasim,
Khan & Husnain, 2014).

The results obtained by the Kruskal-Wallis test in Table 5 show a
significance level of 0.0001 (i.e., p = 0.0001) for non-frontier SMEs,
which is below the significance level of 0.05. It therefore reveals a sta-
tistically significant difference in the average TFP between the three
distinct groups of the independent variable, agreed for each of the
periods (i.e. "1991 to 200000, "2001−201000 and "2011−201600). In rela-
tion to large firms, the significance level for the 10% of frontier firms
is 0.771 (i.e., p = 0.771), which is below the significance level of 0.1.
This indicates that there is a statistically significant difference in the
average TFP between the three distinct groups of the independent
variable; this result is similar for 90% of non-frontier firms. In other
words, for large firms and for the two groups analysed, we find a sig-
nificant average difference in TFP.



Fig. 1. Average distribution of TFP in large firms and SMEs (frontier versus non-frontier firms) (1991−2016) (Base 1991 = 100)
Note: Notice that the graphs on the right, the blue colour shows year-on-year divergence, while the red colour is year-on-year convergence, likewise the dotted line is the trend

of the divergence value.
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Table 5
Kruskal-Wallis test for year cohorts. 1991−2016.

Years 10% firms Mean 90% firms Mean

SMEs
1991−2000 9.29 6.97
2001−2010 9.37 7.20
2011−2016 9.39 7.34
Chi2 84.65 600.85
P-value 0.000 0.000
Large Firms
1991−2000 13.69 11.40
2001−2010 13.74 11.59
2011−2016 13.76 11.69
Chi2 0.519 363.98
P-value 0.771 0.000
Total industry
1991−2000 11.15 7.80
2001−2010 11.17 7.95
2011−2016 11.21 7.97
Chi2 1.024 144.18
P-value 0.599 0.000
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Results of the decomposition of blinder-oaxaca

Under hypothesis 2 of this research paper aims at assessing
whether digitisation explains the productive divergence in the indus-
try (SMEs and large firms). Table 6 shows that, for industry as a whole
and for large firms, the top 10% of the most productive firms have a
higher reward in terms of the overall digital transformation than the
remaining 90%. For SMEs as a whole we find the opposite case, i.e.,
we see how digital transformation has a greater impact on less pro-
ductive firms. This is why the breakdown of Blinder-Oaxaca shows
that, in the sample analysed, the difference in TFP between groups is
statistically significant. This implies an unequal situation between
10% of the frontier firms and 90% of the follower, or non-frontier,
firms.

The linear regression model uses TFP as the dependant variable,
while selecting variables associated with the digital transformation
as separate regressors (Ballestar et al., 2020a). The results obtained
clearly support the existing evidence of positive and significant coef-
ficients for investment in R&D and product innovation in the three
groups of firms analysed, as well as for both groups (frontier and
non-frontier firms).
Table 6
Estimation of TFPs for 10% of frontier firms and 90% of non-frontier firms. 1991
−2016.

SMEs Large firms Total industry
10% 90% 10% 90% 10% 90%

ITCI �0.002 �0.001 0.120*** 0.010 0.030 �0.030**
(0.007) (0.020) (0.040) (0.010) (0.020) (0.010)

R&D 0.010* 0.22*** 0.040 0.120*** 0.140*** 0.280***
(0.010) (0.02) (0.030) (0.010) (0.020) (0.021)

PRODIN 0.050* 0.180*** �0.080 0.070* �0.092 0.173***
(0.030) (0.060) (0.130) (0.040) (0.049) (0.041)

PROCIN �0.020 �0.080 �0.190 0.010 �0.032 �0.151***
(0.020) (0.060) (0.130) (0.040) (0.002) (0.041)

R&DEMP 0.0001 0.004 0.006*** 0.001* 0.001*** 0.001
(0.001) (0.003) (0.002) (0.006) (0.002) (0.001)

ROB �0.009 �0.070* �0.100 �0.080*** �0.080* �0.091***
(0.020) (0.040) (0.080) (0.030) (0.039) (0.032)

N° 276 618 151 1110 613 1542
Adjusted R2 0.376 0.255 0.193 0.149 0.277 0.303

Notes: Data in real monetary log-levels. Estimation methods: OLS (Ordinary Least
Square) Robust. Estimated coefficients: Standardized coefficients. Standard errors of
the standardized coefficients in brackets.
*** p < 0.001.
** p < 0.05.
* p < 0.1.
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From Table 6 it can be also clearly seen that the performance of
the different variables analysed varies between the groups of firms.
The levels of workers assigned to R&D were favourable for large firms
and for the industry as a whole, both for the 10% of frontier ‘gazelle’
firms as a whole and for 90% of follower firms. The results also indi-
cate that robotisation has negative but significant values for all the
group of firms. It seems that robotisation shows a negative result in
the growth of TFP in the whole of Spanish industry, generating
greater discrimination in productive growth.

The summary of the analysis of the Blinder-Oaxaca decomposition
is reported in Table 7 below. As shown in the table, the probability of
having a higher TFP is 11.19 for the group of 10% of frontier firms,
and 9.14 for 90% of non-frontier firms, which implies an increase of
2.05 units of productive change between both groups. This implies
that nearly 33% of the increase in productivity is due to the change in
the effect of digital transformations on the coverage of the two
groups. The remaining 67% of the increase is attributed to the change
in the composition of the explanatory variables.

Table 7 also shows the endowment factor, which implies that if
non-frontier firms had the same productivity characteristics (in
Mincer's sense), their TFP would be higher−the wage log would be,
on average, 0.68 higher. The most cautious estimates, though, are
those that describe the explained and unexplained part of the gap in
relation to TFP−the unexplained coefficient is in absolute values
more than twice the coefficient of the explained part of the equation.

On the whole, this analysis shows how the gap between 10% and
90% was decomposed into components. The results of the decompo-
sition analyses indicate that certain digital factors together explain a
large part of the TFP inequalities. In relation to the selected predictor
variables (ITCI, R&D, PRODIN, PROCIN, R&DEMP and ROB) they
explain 33% of the TFP of non-frontier firms and 18% of frontier firms.

In addition, the table shows how the explained and unexplained
portions of the outcome gap vary according to the decomposition
used. In this case, the decompositions of Cotton, Reimers, and Neu-
mark have been used. The results obtained show that, regardless of
the decomposition used, there is a clear difference in the average val-
ues of the R&D, ITC, workers in R&D, innovation product, innovation
process and robotisation, which significantly explain the difference
in TFP between the 10% of most productive firms and 90% of follower
firms.

Likewise, the following Table 8 shows which digital-based com-
plementarities variables generate a productivity gap between frontier
and non-frontier firms. In this table we take the different decomposi-
tions (Blinder-Oaxaca, Cotton, Reimers, and Neumark). Based on the
results obtained by focusing on the Neumark decomposition, it can
Table 7
Blinder-Oaxaca decomposition estimates. 1991−2016.

Mean 0 1 Cotton Reimers Neumark

Group 1: 11.19***
Group 2: 9.14***
Difference: 2.05***
Explained: 0.37*** 1.38 1.68 1.53 1.46 1.12
Unexplained: 1.68*** 0.67 0.37 0.52 0.59 0.93
% Unexplained: 67.0 82.0 74.5 71.3 54.6
% Explained: 33.8 18.8 25.5 28.7 45.4
Mean pred. High
(H):

11.193

Mean pred. Low (L): 9.140
Raw Difference (R): 2.052
- Due to Endow-
ments (E):

0.677

- Due to Coefficients
(C):

1.682

- Due to interaction
(CE):

�0.306

*** p < 0.001. 0 and 1 are the analysis groups.



Table 8
Blinder-Oaxaca decomposition estimates. 1991−2016.

Variables E(D = 0) C CE 1 Cotton Reimers Neumark

ITCI 0.001 0.08 �0.002 �0.001 0.00 0.00 0.00
R&D 0.61 �1.77 �0.31 0.30 0.46 0.52 0.85
PRODIN �0.006 �0.41 0.01 0.003 �0.001 �0.003 �0.005
PROCIN 0.01 0.02 �0.01 0.002 0.007 0.05 0.06
R&DEMP 0.05 0.002 0.01 0.06 0.06 0.07 0.01
ROB 0.007 0.006 �0.001 0.01 0.01 0.00 0.00

Where, C are coefficient; CE is interaction; D = 0 and 1 are the analysis groups.

J. Torrent-Sellens, �A. Díaz-Chao, A.-P. Mir�o-P�erez et al. Journal of Innovation & Knowledge 7 (2022) 100185
be seen that there is a variable which positively influences the
growth of TFP non-frontier firms: product innovation. However, in
the case of frontier firms, it is the set of digital-based complementar-
ities variables which imply an improvement in TFP for frontier firms:
investment in R&D, innovation in process, and employees dedicated
to R&D. ICTI and robotisation do not show any implication of improv-
ing TFP for the gazelle group or for the follower group, as they take a
value of 0.

Discussion

This study has reviewed the literature on two key issues in the
Spanish economy, namely the discussion on divergence or conver-
gence between frontier firms (10% of firms with the highest produc-
tion values) and non-frontier firms (the remaining 90% of firms)
during the period between 1991 and 2016. The relationship between
TFP growth and the use of ICTI, investment in R&D, and robotisation,
amongst other variables, has also been analysed.

Productive divergence/convergence

The relevant analysis carried out on the TFP variable has shown a
concrete reality. In this sense, it has been possible to observe a clear
divergence between gazelle and follower firms, understanding diver-
gence as a dispersion in productivity and convergence as the close-
ness in productivity to leading firms (Berlingieri et al., 2017). The
tangibility shown by long-term trends in TFP is confirmed by the lit-
erature (Andrews et al., 2015; Cuadrado, Moral-Benito & Solera,
2020).

The literature has indicated a divergence between frontier and
non-frontier firms in recent years. For example, A~n�on-
Hig�on et al. (2017)) observe a clear divergence between leading and
follower firms in European industry for the period between 2003 and
2014. Similarly, Andrews et al. (2016) evidence such divergence for a
sample of 24 OECD countries. Thus, divergence has been determined
by the analysis of the entire industrial fabric of nations, without mak-
ing a distinction between SMEs and large firms.

In trying to assess hypothesis 1 on the increase in TFP divergence
between leading and follower industrial firms, our results are similar
to the conclusions reached in the literature (Criscuolo, Gal & Menon,
2014), but we obtain new results, which can potentially enlarge the
extant research. As regards to economic and institutional factors at
the firm level, we find that firm size plays a significant role as a deter-
minant of the distance of firms from the Spanish frontier in terms of
TFP. In particular, we show how leading firms increase their distance
from follower firms over the years under analysis.

It is worth noting how a debate is opening on the divergence of
non-frontier firms from frontier firms in the case of Spanish industry.
The literature shows that there has been a divergence between lead-
ing and follower firms in recent years (Andrews et al., 2016; A~n�on-
Hig�on et al., 2017; Criscuolo et al., 2014).

Results also confirm hypothesis 1a, which states that TFP diver-
gence increases between leading and following SMEs, and hypothesis
1b, which posits the same with respect to large companies. A
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productive divergence for the Spanish industry as a whole is evi-
denced throughout the years of the observed sample.

Likewise, this reality shows a clear polarisation between groups of
firms, which increasingly leads to a production gap between the
most productive 10% and the remaining 90% (Berlingieri et al., 2017).
In this sense, it can be concluded that SMEs are less ICT-intensive, so
the introduction of ICTI generates significant efficiency gains, main-
taining the productive dispersion between groups. Likewise, large
firms with more intensive uses of digitisation depend more on what
surrounds the use of technology (for example, organisational change
or human capital), which may hinder the reduction of productivity
differences between firms. In other words, the level of intensity of
the uses of technology and its path in terms of efficiency improve-
ments strongly influence the potential for divergence/convergence in
productivity (Cette et al., 2016; Díaz-Chao et al., 2015).

Naturally, the dynamics generated in the national economy can
lead to an increase in production divergence in the long term
(Bahar, 2018; Decker, Haltiwanger, Jarmin & Miranda, 2016a). In this
sense, there has been much debate in the literature about the causes
of the international crisis in productivity growth (Andrews et al.,
2015; A~n�on-Hig�on et al., 2017; Bahar, 2016; Syverson, 2016). When
we analyse the reality of the Spanish industrial fabric under the tem-
poral period analysed in this investigation, we look at the reality of
TFP trends by sub-periods, where three periods "1991−200000, "2001
−201000 and "2011−201600 have been distributed. It has been clearly
observed, through the Kruskal-Wallis test, that for both frontier and
non-frontier firms there is a divergence in the average TFP with
respect to the three periods. This result shows a clear average diver-
gence of TFP. Therefore, there is a clear productive variability
between groups in the long term (Bahar, 2018; Decker et al., 2016a).

Digital-based complementarities and TFP

The second group of hypotheses examined the differences
between frontier and non-frontier firms, focusing on the question of
how digital-based complementarities affect the improvement of TFP,
as well as the generation of business production divergence.

Through the decomposition of Blinder-Oaxaca and other alterna-
tives, where the estimate has been replicated through more flexible
alternatives such as Cotton (1988); Neumark (1988); Oaxaca-Ran-
som (1994), as proposed by Jann (2008), it has been possible to verify
how in frontier and non-frontier firms the incentive mechanisms in
relation to investment in R&D, and the use of ICT are influential with
respect to the productive difference. Therefore, it can be deduced
that the returns on investment in the innovation variables (product)
generate a competitive advantage related to TFP (Cami~na et al., 2020;
Gal et al., 2019).

Regarding robotisation, although the literature shows a positive
and significant relationship with the productivity of the firms
(M€uller, Fay & Vom Brocke, 2018), the results obtained in this
research show a negative relationship for both frontier and non-fron-
tier firms. However, this relationship is significant for non-frontier
firms, both for SMEs and for large firms. In view of these results,
hypothesis 2 is partially confirmed for SMEs (hypothesis 2a) and large
firms (hypothesis 2b).

Limitations and further research

This study has certain limitations. In addition to some of the varia-
bles used in the assessment of new technologies, perhaps the most
significant limitation is the estimation of TFP. However, the data from
the study allows us analysing and obtaining a correct estimate. Nev-
ertheless, researchers should consider new approaches to the avail-
ability of data for other territories or groups of firms.

This research has analysed digitalisation, as well as investment in
R&D, amongst other variables that are considered to be the main
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variables in the evolution of industry 4.0. Unfortunately, we do not
have all the values needed to construct this digital transformation, so
the lack of data with regard to Internet of Things, cloud computing,
additive manufacturing or 3D printing limits our conclusions. In this
sense, the capacity for transformation (Cami~na et al., 2020;
Frank, Dalenogare & Ayala, 2019) constitutes a future research ave-
nue.

Finally, it is proposed for future research to include a deeper
understanding of the relationship between different levels of TFP
growth and the competitive strategy of large and small Spanish firms.
As well as an update of the sample in terms of the period analysed.

Firm strategy and policy implications

In this context, business management and public policy should
intensify programmes to support ICT investment processes, to enable
envisioning and encouraging the digital transformation and entering
a phase of greater competitiveness. Special mention should be made
of those programmes that emphasise knowledge management that
may involve the assessment of both strategic and transformational
capabilities. In this context, reference could be made to human capi-
tal, as well as the management of innovation, technology, digitisation,
and robotisation, amongst others (Cami~na et al., 2020).

Therefore, it has been observed that for firms in the Spanish
industrial fabric there are barriers to innovation that limit the capaci-
ties and potential for improving productivity, so that comprehensive
strategies and policies should be aimed at seeking the complemen-
tarity of new knowledge in order to improve productivity
(Andrews et al., 2016). In this regard, capital deepening and robotisa-
tion are the variables that have a direct influence on the TFP growth
of both SMEs and large firms. However, in relation to the frontier
firms of large firms it shows a negative relationship.

Similarly, a clear commitment to and promotion of second wave
digital transformation processes must be made (Ballestar, Cami~na,
Díaz-Chao & Torrent-Sellens, 2020b). Therefore, it is important to
take into consideration strategies and public policies that promote
the dissemination of knowledge, so that SMEs can take advantage of
this wave (including innovation, training and capitalisation mecha-
nisms) in the most efficient way possible to provide incentives to
improve productivity and internationalisation of firms in a competi-
tive market (Bartlesman et al., 2014).

This economic dynamic and firm commitment implies that the
SMEs with the highest degree of innovation and leadership in the
competitive context mentioned above could take advantage of all the
competitive and productive potential in the long term, thus reducing
the productivity gap on the global frontier (Andrews et al., 2016;
A~n�on-Hig�on et al., 2017; Ballestar et al., 2019).

The results obtained in this research suggest that three types of
public policy are required for small firms in the Spanish industrial
fabric to improve their productivity. First, public policies must
actively and jointly promote investment in R&D, as well as the use of
ICT, organisational change, and the training of employers and work-
ers (Díaz-Chao et al., 2015). Secondly, incomplete public policies
designed to promote the use of ICTI and the correct consideration of
all the co-innovative factors will not allow sustained growth in pro-
ductivity in the medium and long term. Lastly, public policies must
encourage internationalisation, as the introduction of international
competition enables the phenomenon of learning-by-exporting to be
more closely linked to productivity.

Conclusion

This research has concluded that the growth of TFP, as well as the
generation of greater production divergence is due to greater invest-
ment in ICT, R&D activities, as well as product innovation. These
results suggest that, in its current form, digitisation and its
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complementarities are driving differences in productivity amongst
the fabric of industrial firms in Spain. So that the following firms are
not left behind, some strategic actions and comprehensive public pol-
icies are proposed. These actions should consider the multidimen-
sionality of causes related to the productivity gap. Based on the
results obtained, it is of special importance to attend to the comple-
mentarities that are established between the uses of digitalisation,
R&D activity and product innovation. This would imply continuing to
expand and adapt human capital stocks, reorganize firms to better
adapt them to digital transformation, and continue to promote their
internationalisation processes, so that, through learning-by-export-
ing, they continue to improve their productivity levels.

Appendix A

See Table A1, Table A2, Table A3

Appendix B

See Table B.1
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Table A.1
Descriptive and frequency statistics (dimension: value 0, 200 employees or fewer;
value 1, more than 200 employees) of the sample of Spanish manufacturing firms.
1991−2016.

Mean S.D. Coef. Var. Skewness Kurtosis

SMEs
Added value 13.88 (1.43) 0.10 0.04 2.85
Labour 13.59 (1.30) 0.09 0.18 2.26
Capital 13.95 (1.95) 0.14 �0.11 2.79
Intermediate Cost 14.13 (1.89) 0.13 �0.37 3.82
Large firms
Added value 17.09 (1.05) 0.06 4.26 0.55
Labour 16.71 (0.91) 0.05 4.47 1.02
Capital 17.55 (1.34) 0.08 3.92 0.21
Intermediate Cost 17.64 (1.36) 0.08 5.28 0.18
Industry
Added value 14.59 (1.90) 0.13 0.27 2.63
Labour 14.28 (1.78) 0.12 0.35 2.44
Capital 14.75 (2.36) 0.16 0.02 2.60
Intermediate Cost 14.92 (2.30) 0.15 �0.07 3.18

Table A.2
Correlation matrix.

SMEs
Added Value Intermediate Cost Labour Capital

Added Value 1
Intermediate Cost 0.806*** 1
Labour 0.931*** 0.797*** 1
Capital 0.809*** 0.745*** 0.832*** 1
Large firms

Added Value Intermediate Cost Labour Capital
Added Value 1
Intermediate Cost 0.747*** 1
Labour 0.883*** 0.769*** 1
Capital 0.741*** 0.701*** 0.766*** 1
Total industry

Added Value Intermediate Cost Labour Capital
Added Value 1
Intermediate Cost 0.885*** 1
Labour 0.963*** 0.882*** 1
Capital 0.886*** 0.844*** 0.898*** 1

*p < 0.1.
**p < 0.05.
*** p < 0.01.

Table A.3
VIF correlation coefficient.

SMEs Large firms Total industry
VIF 1/VIF VIF 1/VIF VIF 1/VIF

Labour 4.24 0.23 3.24 0.31 7.18 0.14
Capital 3.49 0.28 2.64 0.38 5.58 0.18
Intermediate Cost 2.92 0.34 2.61 0.38 4.82 0.21
Mean 3.55 2.82 5.86

J. Torrent-Sellens, �A. Díaz-Chao, A.-P. Mir�o-P�erez et al. Journal of Innovation & Knowledge 7 (2022) 100185
Wooldridge, J. M. (2009). Introductory economics: A modern approach. Madrid: Thomson.
13

http://refhub.elsevier.com/S2444-569X(22)00025-7/sbref0098


Table B.1
Descriptive analysis of the independent variables for frontier and non-frontier firms for Spanish
manufacturing firms by different years. 1991, 2000, 2010 and 2016.

1991 2000 2010 2016

10% 90% 10% 90% 10% 90% 10% 90%

SMEs
TFP
Mean 15.93 13.28 13.61 15.99 16.09 16.09 13.87 16.07 14.00
S.D. (0.19) (1.15) (1.04) (0.22) (0.27) (1.02) (0.28) (0.98)
Labour productivity
Mean 0.64 0.57 0.18 0.57 0.14 0.65 0.12 0.61
S.D. (0.66) (0.47) (0.31) (0.45) (0.25) (0.74) (0.18) (0.63)
Capital deepening
Mean 10.06 9.06 11.08 9.88 11.72 10.94 11.76 11.03
S.D. (1.71) (1.28) (1.07) (1.17) (1.09) (1.10) (0.99) (1.20)
Large firms
TFP
Mean 18.93 16.57 18.89 16.89 18.97 17.04 19.06 17.09
S.D. (0.50) (0.64) (0.59) (0.57) (0.61) (0.49) (0.64) (0.47)
Labour productivity
Mean 0.01 0.04 0.008 0.04 0.01 0.04 0.01 0.04
S.D. (0.005) (0.01) (0.002) (0.01) (0.01) (0.01) (0.02) (0.01)
Capital deepening
Mean 10.70 10.25 11.44 11.10 12.17 11.70 12.25 11.86
S.D. (0.80) (1.10) (0.81) (0.85) (0.80) (0.88) (0.97) (0.90)
Total industry
TFP
Mean 17.63 14.06 17.68 14.30 17.67 14.36 17.72 14.50
S.D. (0.71) (1.58) (0.72) (1.45) (0.79) (1.31) (0.82) (1.25)
Labour productivity
Mean 0.24 0.43 0.07 0.44 0.08 0.54 0.07 0.50
S.D. (0.85) (0.28) (0.07) (0.33) (0.05) (0.30) (0.03) (0.35)
Capital deepening
Mean 10.61 9.49 11.35 10.15 11.84 11.08 12.00 11.18
S.D. (1.11) (1.29) (0.92) (1.20) (1.11) (1.10) (1.12) (1.18)
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