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On the Convergence-Club Nature of Competitiveness
and Efficiency Across Firms by Technological
Complexity and Size

Francisco J. Santos-Arteaga"”, Raquel Marin

Abstract—Digitalization strategies emerge through interactions
among producers, consumers, and institutions across value chains,
leading to gains in productivity, the introduction of new patents,
and innovations in products and processes. Dynamic capabilities
theory extends the static resource-based view of the firm by incor-
porating learning and innovation in evolving environments. Its col-
laborative extension has recently been introduced to analyze the be-
havior of corporate dynamics within evolving ecosystems shaped by
information and communication technologies and firms’ digitaliza-
tion strategies. However, empirical evaluations of how digital value
chains influence firm-level productivity and innovation remain
limited, relying on static efficiency evaluation frameworks. We
apply a dynamic slacks-based data envelopment analysis model to
a panel of 1369 Spanish manufacturing firms progressing through
the emergence and consolidation phases of digitalization that have
characterized the early decades of the twenty-first century. We
examine how efficiency and competitiveness evolve, finding that
larger firms and those in more complex technological sectors show
more varied behavior but lower inefficiency. The findings offer
implications for theory, best practices, and digitalization policies.
The robustness of our analysis has been validated by demonstrating
substantial differences between the patterns obtained under the
standard static and our dynamic evaluation environments.

Managerial Relevance Statement—Engineering managers can
use the findings of this study to recognize that digital transfor-
mation yields differentiated efficiency trajectories, depending on
firm size and technological complexity. Small and medium-sized
firms, particularly those operating in low- and medium-technology
sectors, should avoid pursuing digitalization in isolation. Instead,
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strategic alignment with technologically advanced firms within
their value chains can accelerate knowledge absorption, stabilize
performance during technological transitions, and reduce persis-
tent inefficiencies. The convergence patterns identified in this study
provide a practical benchmark for assessing a firm’s relative digital
and innovation performance, as well as for supporting phased
decision-making on R&D investment, technology adoption, and
process upgrading under resource constraints.

Policy makers can draw on the findings of this study to design
more effective and targeted digitalization and innovation policies.
The evidence indicates that uniform policy approaches are un-
likely to close efficiency gaps across firm groups. Differentiated
instruments should therefore reflect the dynamics of the conver-
gence club phenomenon, accounting for firm size and technological
content. Targeted measures, including incentives for supply-chain
integration, collaborative R&D platforms, and technology transfer
partnerships, can accelerate convergence and reduce structural
inefficiencies. The dynamic evaluation framework presented in
this study also provides a practical and robust mechanism for
monitoring the long-term effects of industrial digitalization policies
and refining interventions based on observed efficiency trajectories,
rather than relying on standard static indicators.

This article also contributes to the following SDGs: SDG 8 and
SDG 9.

Index Terms—Collaborative dynamic capabilities, convergence
clubs, digital value chains, digitalization, dynamic data enve-
lopment analysis.

1. INTRODUCTION

HE implementation of emerging digital technologies into
T industrial processes and their effect across different market
sectors have been consistently analyzed in the literature [1], [2].
Information and communication technologies (ICTs) have been
used to transform traditional value chains into network systems,
further leading to the development of innovation ecosystems and
the introduction of new products and services [3], [4]. Applying
ICTs to manufacturing firms and their inherent production and
distribution processes has intensified firm competition and led
to the emergence of Industry 4.0.

The evolution of firms and their capacity to innovate are
conditioned by their ability to implement and assimilate digital
technologies [5]. That is, the relative level of technological
development has conditioned the capacity of Industry 4.0 to
enhance the efficiency of the supply and value chains of the
adopter firms [6], [7].

Digital technologies have a direct effect on the evolution of
value chains and their subsequent influence on the technological
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innovations introduced by firms through either interaction with
customers [8] or modifications in the supply chain [9]. The
competition triggered by the process of digital transformation
incentivizes firms to introduce new products and processes
[10], fostering innovations and the competitive advantage of
successful firms [11].

We focus on the effects of digitalization and cooperation
through the value chain on firms’ productive capacity and
ability to innovate. The digital transformation of firms and the
subsequent modifications in their organizational structure have
fostered the advent of business ecosystems within which inno-
vation processes are developed [12], [13]. Introducing patents
and technological innovations in the form of new products or
processes confers an important competitive advantage to firms
and, as such, defines some of the main potential outcomes
derived from digitalization [14]. Digitalization processes are
also reinforced as firms internationalize [15].

On the other hand, digitalization processes are constrained
by the investment requirements imposed particularly on smaller
firms, which must enhance their knowledge acquisition capac-
ities to remain competitive [16]. Cost constraints are compen-
sated by a series of benefits derived from digital technologies,
which include logistic and communication improvements en-
hancing, for instance, the capacity of firms to source knowledge
and reduce transaction costs [17].

The standard empirical models within the business and man-
agement literature do not generally consider the evolution of
firms when implementing a series of technological improve-
ments through time. The introduction of digital technologies
within their value chains constitutes a dynamic process and must,
therefore, be studied as such.

A. Dynamic Capabilities Theory and Its Evolution Into
Collaborative Dynamic Capabilities

The intuition motivating the current research builds on the
extension defined by the dynamic capabilities theory (DCT)
presented in [18] and [19] relative to the static resource-based
view of the firm [20]. The latter was not designed to analyze
the preservation of competitive advantage in evolving market
environments. DCT highlighted the fact that the structural dif-
ferences conditioning the performance of firms across different
market environments go well beyond their unequal endowment
of resources and capabilities and are determined by their ability
to learn continuously and maintain their competitive advantage
in changing market environments [21].

DCT demonstrates how organizations combine and restruc-
ture their resources to maintain their competitive quality amidst
rapidly evolving industries, highlighting the importance of on-
going learning skills and innovation outcomes. The consis-
tent importance of dynamic capabilities (DC) among indus-
try managers—enhancing our understanding of how firm-level
competitive advantage is created and maintained—remains re-
flected in its current relevance within the management literature
[22].

Digitalization processes have a significant effect on the scale
and speed of ecosystemic evolution [23], fostering redefinitions
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of the industry boundaries [24], with manufacturing firms being
especially affected by these induced changes [25]. Witschel
et al. [26] noted that manufacturing firms generally focus on
increasing their efficiency via digital technologies instead of
implementing growth-oriented strategies such as business model
innovation (BMI) [25]. BMI requires rethinking and transform-
ing the way an organization creates and captures value, defining a
strategy thatis usually hampered by path dependencies, resource
rigidity, and the fear of cannibalization [27].

Zare and Persaud [28] reviewed the literature describing the
complementary relationship between digital transformation and
BMI, fostered by the implementation of digital technologies
across industries and supply chains. The changing conditions
of BMI in digitalization environments require DCs from firms
to remain competitive [29], exploiting their relationship with
innovation and organizational performances [30]. These inter-
connections have been analyzed by Witschel et al. [31], who
applied a microfoundations approach to evaluate the importance
of DCs as enablers of digital transformation in a variety of case
studies.

These analyses, while essential for the development and
validation of a formal theory, do not describe the dynamic
interactions across the factors determining the evolution of
firms and their convergence processes, which has led to the
introduction of a networked strategic version of DCT. That is,
DCs display a reciprocal reinforcing relationship with collab-
orative practices and open innovation [32], with cooperation
conditioning the strategic evolution of firms competing in highly
technological environments [33]. Collaborative dynamic capa-
bilities (CDCs) were introduced by Kodama [34] to analyze
corporate dynamics in changing and evolving environments dis-
playing convergence across industries, particularly those driven
by ICTs.

The general-purpose quality of ICTs fosters their implemen-
tation across industries, allowing CDCs to focus on conver-
gence through cross-sectoral integration and the development of
knowledge assets via strategic communities (SCs). In particular,
CDCs nurture co-creation and innovations leading to new busi-
ness models with SCs acting as platforms to span collaboration
across sectorial boundaries within networked environments [35].

CDC:s build on the DCs model presented in [18], highlighting
the importance assigned to the reciprocal strategies developed
within an ecosystem. The theoretical framework developed by
CDCs focuses on the changes taking place at the corporate-
level in scenarios of cross-sectoral convergence where firms
exchange knowledge resources intensively across organizational
boundaries to increase the flexibility of their capabilities [36].
CDCs suggest exploiting dissimilar knowledge assets existing
across organizational and sectoral boundaries, going beyond the
standard approach of DCs [30]. The analyses performed consider
mainly large firms, leaving aside the complex dynamics arising
across horizontal networks [37].

Jucevicius and Juceviéiené [35] extended the CDCs frame-
work from a firm-centric to a network-centric environment, fos-
tering the synthesis of capabilities and co-specialization across
firms and industries within strategic ecosystem communities.
Firm-centric SCs develop vertically integrated architectures
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based on their internal learning processes and interactions with
the knowledge and capabilities of external partners. On the
other hand, network-centric SCs develop horizontally integrated
architectures focused on diversifying their knowledge base and
enhancing their absorptive capacities when collaborating across
different sectors. As a result, the authors focused on trust build-
ing, co-specialization, and capability synthesis as key factors
enabling this strategic extension.

All in all, CDCs are designed to integrate different tech-
nologies in the development of new products and processes
across industries. In this regard, our research serves as an em-
pirical counterpart to the dynamic strategic tendency identified
in the literature on managerial and firm capabilities, evaluating
whether the dynamic evolution of digital value chains and the
subsequent productivity and innovation outcomes validate the
main conclusions of CDC theory.

When validating the corresponding theoretical frameworks,
the empirical literature on DCs consists mainly of economet-
ric models that lack the capacity to illustrate the evolution of
the various cumulative factors that determine the behavior and
efficiency of firms as they interact in changing environments
triggered by their digitalization processes. The literature on
engineering management has extended the findings of econo-
metric models applied by business and economics scholars [38],
[39] by shifting the focus to the analysis of efficiency and to
the implementation of more flexible data envelopment analysis
(DEA)—based hybrid models. This engineering-based approach
has several advantages relative to the statistical one, ranging
from its nonparametric nature to its ability to simultaneously
account for multiple output variables arising from firms’ pro-
duction processes.

However, most of these models assume static environments,
substantially limiting the extent and generalizability of their
analyses. This limitation applies to a variety of hybrid mod-
els combining DEA with evaluation techniques such as rein-
forcement learning [40] and the analytical hierarchy process
[41]. This is also the case when the malleability of DEA
is exploited to account for fuzzy evaluation settings [42] or
regrettable decisions inherent to the risk faced by decision-
makers [43]. DEA models with multiple stages have also been
implemented to formalize the sequential nature of production
processes [44]. Despite this enhancement, they cannot yet in-
corporate the dynamic interactions needed to evaluate industry
evolution.

B. Contribution

We perform a dynamic analysis of interactions within firms
regarding the digital transformation of the value chain and their
relationships with the various actors that compose it. These
processes develop simultaneously with firms’ R&D activities,
patent introductions, new products and processes, and their ex-
pansion into international markets. At the same time, these latter
qualities evolve through the assimilation of knowledge from
digitalization and through vertical and institutional interactions
along the value chain.
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The dynamic slack-based measure data envelopment analysis
(SBM-DEA) model implemented in this article explores the
effects of different sources of technology and knowledge on
the evolution of the innovation outputs characterizing the firms
over the period analyzed. We analyze a sample of 1369 manu-
facturing firms evaluated over the period 2000-2016 and located
in Spain, a country with subpar innovation scores operating in
a digitally competitive environment [39]. We also define two
structural evaluation environments, dividing the sample by the
technological complexity of the sector in which firms operate
and their relative size.

The results obtained indicate that small firms and those
competing in low- and medium-technology sectors exhibit a
decreasing inefficiency trend over the period analyzed, whereas
large firms and those competing in high-technology sectors
display more volatile behavior within a decreasing inefficiency
pattern. Firms belonging to the latter groups are consistently
more efficient than those within the former ones over the period
analyzed.

These results imply that strategic interactions should be fos-
tered both across industries and industrial sectors; that is, firms
should not only interact horizontally with members of their clus-
ters but also create alliances and consistently collaborate with
vertical competitors. The dynamic behavior of the main factors
that determine firms’ productivity and innovation outcomes sup-
ports the CDC model’s intuition, as corporate capabilities that
foster strategic collaborations within and across organizations
enhance co-evolution among companies, leading to the creation
of new business models and value chains [34].

Furthermore, artificial intelligence (Al) defines the same type
of dynamic patterns, spreading faster than ICTs and across a
wider variety of technologies. Damioli et al. [45] used a global
dataset on patenting activities from 2000 to 2016 to suggest
that the introduction of Al constitutes a shift in the technolog-
ical paradigm relative to the one previously defined by digital
ICTs. The authors highlight that patenting of Al accelerated
and became more pervasive from 2000 to 2016. At the same
time, Al innovators shifted from their initial ICT core industries
to other non-ICT service sectors. Moreover, there has been
a decrease in the concentration of innovation activities, with
younger and smaller patent applicants across industries success-
fully challenging leading ICT incumbents. The general-purpose
technology quality of Al has driven innovation and accelerated
its introduction.

The findings derived from our model validate these features
for digital ICTs over the same period of analysis, namely
throughout the emergence and consolidation phases of digital-
ization up to 2016. More importantly, our results imply that,
given the efficiency, productivity, and innovation trajectories
observed during this historical period of digitalization, engineer-
ing managers and policymakers should consider Al to generate
similar, but more widespread and pervasive, patterns across
technological sectors and firm sizes. The faster evolution of Al
should also encourage them to define and continuously update
cross-sectoral strategic operations. If these features were not
fully acknowledged, the divergent patterns arising from the
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implementation of ICTs would be exacerbated, leading to a
progressive worsening of the main characteristics that define the
performance of the less efficient sectors. These consequences
will be illustrated in the discussion of the data evolution pre-
sented in Section V.

From a robustness perspective, our analysis highlights biased
results arising from the use of a static DEA framework to
evaluate firm behavior. The differences between SBM-DEA and
the standard DEA approach are presented in the online Appendix
A, where we illustrate how the static optimization models used
in the literature to assess efficiency on a per-period basis fail to
capture the convergence processes identified in a dynamic for-
malization environment. That is, a static evaluation framework
remains insufficient to observe the dynamic interactions among
the main variables defining value chains, thereby limiting the
ability to observe innovations and the relative efficiency of the
corresponding firms.

The following section describes in detail the variables cho-
sen to evaluate the efficiency of firms and their evolution.
The variables selected condition firms’ innovation incentives,
which, at the same time, determine their innovation poli-
cies. Section III describes and implements the dynamic SBM-
DEA model. Section IV discusses the results. Section V dis-
cusses the subsequent managerial and policy implications. Fi-
nally, Section VI concludes and suggests potential research
extensions.

II. FORMAL STRUCTURE AND ANALYSIS

The efficiency evaluation models implemented by the man-
agement literature tend to consider static environments [46],
lacking a dynamic orientation that would allow us to analyze
the evolution of firms, instead of focusing on discrete indi-
vidual or two-period Malmquist-based events [47]. Including
multiple time periods into a DEA framework requires extending
static models to account for the dynamic patterns that occur
throughout the planning horizon to obtain unbiased efficiency
measures [48].

We build on the dynamic SBM-DEA framework presented
by Tone and Tsutsui [49] to study the cumulative quality of the
efficiency processes governing the behavior of decision-making
units (DMUs). These authors expanded the dynamic model pre-
sented in [50] using the slacks-based measure setting defined by
Tone [51]. SBM-DEA incorporates carryover activities, named
links, across periods and utilizes nonradial measures, which do
not require inputs and outputs to change proportionally when
moving through the efficiency space.

Carry-overs serve as the primary link across different periods
and shape the dynamic nature of the production process among
DMUs. These variables are included in the analysis to account
for the accumulated impact of both positive and negative out-
comes stemming from the productive and structural capacities
of DMUs [52].

The inclusion of carry-overs linking sequential periods rep-
resents the main difference between the dynamic SBM-DEA
framework and standard static DEA models. Carry-overs are
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used to account for the digitalization process of the value chain
and the consistency of the vertical and institutional relationships
with its different components. At the same time, the evolu-
tion of the value chain reflects the structural and technological
characteristics of the strategic knowledge acquired and imple-
mented by firms.

A. Variable Definition

The dynamic persistent effects that digitalization has on the
innovation output of firms take the form of patents, products,
and process innovations. Furthermore, digitalization processes
also condition the productivity and export intensity of firms. As
a result, two scenarios have been analyzed based on the struc-
tural characteristics defining the firms within the corresponding
markets.

1) First, firms have been categorized in terms of the level of
technological complexity of the market segment within
which they compete, being either high, medium, or
low.

2) Second, a specific framework has been defined to dif-
ferentiate SMEs from larger firms. That is, while size
constitutes one of the inputs defining the production pro-
cess of firms, the specific market structure determined by
their categorization as large firms or SMEs has also been
analyzed.

The evaluation and comparison of the different results ob-
tained over seventeen years summarizes the behavior and evo-
lution of manufacturing firms across various structurally con-
strained scenarios. Table I presents multiple empirical references
describing the relationships between the different input and
output variables as well as the structural features defining the
market sectors considered.

III. DYNAMIC SLACKS-BASED MEASURE DEA

The dynamic framework analyzed by Tone and Tsutsui [49],
described in Fig. 1, presents a model composed of n DMUs
(7 =1,...,7n) whose inputs and outputs are evaluated through
T periods of time (¢t = 1,...,T). The endowment of DMUs at
the time ¢ consists of a set of m inputs ( = 1,...,m) and a
series of carryovers or links shifted across periods. DMUs use
inputs to produce a set of s outputs (i = 1,...,s) per period,
while carry-overs account for cumulative outcomes derived
from the production process across periods. We denote the
inputs used and outputs produced by DMUj at time ¢ by ;4
(t=1,...,m)and y;;: (i =1,...,s), respectively.

Tone and Tsutsui [49] categorized four different types of
carry-overs. We consider only those defined as desirable links,
29904 which are equivalent to outputs; that is, higher values
represent efficient behavior. Three additional types of links could
be incorporated into the analysis: undesirable, z°*?, which are
equivalent to inputs—namely lower values represent efficient
behavior; discretionary, which DMUs can decrease or increase
freely; and nondiscretionary, over which DMUs do not have any
control.
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TABLE I
RELATIONSHIPS BETWEEN THE VARIABLES AND STRUCTURAL FEATURES DEFINING THE MARKET SECTORS ANALYZED
Outputs
Inputs Productivity Patents Produ.ct Procgss Export intensity
Innovations Innovations
Estensoro et al. [55] Chung et al. [57]
Size th;g ot 214 [53] Miller et al. [16] World Trade
im [34] Masood and Sonntag [56] Organization [58]
Forte and Carvalho
Age Du et al. [59] Bouncken et al. [61] [63]
Lopez et al. [60] Balasubramanian and Lee [62] (-) Johanson and Vahlne
[64]
Audretsch et al. [65] Zhu et al. [67] Benfratello et al. [70]
R&D Intensity Audretsch and Hammar and Belarbi [68] Guckenbiehl et al.
Belitski [66] Acs and Audretsch [69] [71]
Digitalization
Links
Radicic and
Digital Value Petkovié [72] Belhadi et al. [75] Eller et al. [77]
Chains Gaglio et al. [73] Luo etal. [76] Rachinger et al. [78]
Papadopoulos et al. Hahn [9] '
[74]
L Freire and Marin et al. [39] Krammer et al. [83]
Institutional
Cooperation Gonga}ves [79] Yang et al.‘ [81] (?athell and
Zekhnini et al. [80] Radicic and Pinto [82] Piscitello [84]
Aubry and Wang Domnich [87]
Vertical [85] Fatorachian and Kazemi [88] Griffith et al. [91]
Cooperation Malacina and Pesch et al. [89] Reis and Forte [92]
Teplov [86] Kamble and Gunasekaran [90]
Structural
Features
Technological Bodendorf and Huynh et al. [95] Xic and Li [97]
cector Franke [93] Zhao et al. [96] Salomon and Shaver
Kadarova et al. [94] ) [98]
[ggﬁj}oﬁi E:?Z]l Saratchandra et al.
SMEs [100] ’ Estensoro et al. [55] (-) [10'3]
L Alhusen and Bennat [102] (-) Obradovic¢ et al.
Radicic and Pugh
[101] [104]

Note: A minus sign between parentheses next to a reference describes a negative relationship.

Inputs,
Size,
Age,

R&D Int,

Timet

Outputs,

Productv,
Patents,
Prod Inn,
Proc Inn,
Exp Int,

Fig. 1.

Inputs,,, Inputs,,,
Sizey,y Sizey,,
Ageyy Agey,

R&D Int,,, R&D Int,,,

> Time t+1 > Time t+2
Outputs,,, Outputs,,,
Productv,,, Productvy,,
Patents,,, Patents,,,
Prod Inn,, Prod Inny,,
Proc Inng,, Proc Inny,,
Exp Int,,; Exp Int,,,

Implementation of the dynamic framework formalized by Tone and Tsutsui [49].

DVC,,,
Inst Cpr,,,
Vert Cpr,,,
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Given the cumulative nature of technological development
and innovation processes, we focus on the desirable aspects
inherent to digitalization along the value chain. Carry overs
are defined per period ¢, item i, and DMU, j, via zf’;’to (i =
1,...,ngood;j=1,...,n;t=1,...,T), where ngood corre-
sponds to the total number of desirable links. Carry-overs are
treated as outputs since improvements in the value chain’s dig-
italization or interactions with its main components constitute
desirable outcomes from firms’ technological enhancement and
growth. Since we analyze the use of resources available and
knowledge generated and assimilated by firms as the value chain
evolves, we implement an output-oriented framework, which
focuses on potential output increments while maintaining input
levels constant.

The optimization problem faced by DMU, (o = 1,...,n)1is
subject to the following set of constraints:
Tiot = Y Maige 45y (=1, m;t=1,...,T) (1)

j=1

n
Yiot :Z)‘Eyzjt _S; (Z:L 7S;t:1, 7T)
j=1
n
zf(ffd = Z Az f]otOd sftwd (i=1,...,g900d; t =1,...,T)

=1
A5 >0, 8, >0, 55 >0, 59790 >0 (Vi, t)

where A% € R" (t=1,...,
period of time, whereas sjt, sy, and sftwd define the slack
variables corresponding to the outputs, inputs, and desirable
links, respectively. Equation (1) could be easily extended to
account for desirable and undesirable links, allowing for a direct
comparison between both structural settings.

The reliability of the dynamic framework formalized through
the optimization problem is preserved across successive periods
through the carryover variables. In particular, the consistency of
the intensity vectors is upheld across periods by imposing the
following set of constraints.

T') denotes the intensity vector per

n n

t good t+1 good
> Mt =2 x e

j=1 j=1

(Vist=1,....,T—1). (2

The subsequent output-oriented problem maximizes the
slacks of the outputs and desirable links to derive the overall
efficiency of DMU, (0 =1,...,n)

T
o
— w
T
t=1
1 s ngood good

R

i=1 Yiot
subject to the set of constraints described in (1) and (2). The
weights assigned to the period of time and the output, w’ and w;" ,
are exogenous and used to highlight the importance of a specific
period or output. In this case, the following sets of constraints

G\‘-x-‘ =

3

qood
7.ot

s + ngood
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must be incorporated into the optimization problem

T m
Zwt:Tand Zw?‘:s. 4)
t=1 i=1

We simplify the presentation by allocating identical unitary
values to all the period and output weights via w® = 1 (Vt) and

=1 (V1).
The term efficiency of DMU, is defined as follows:
; 1
Tot = 1 B v ngood Sgo0diN
L+ s+ngood (Z— ;wzm + E ng?:d )
(t=1,...,7) 5)

and is determined by the set of optimal values {{A"*},
{s;*Y, {si}, {s9°" 1) obtained from the maximization of (3)
constrained by (1) and (2). — € [0, 1] denotes the overall effi-
ciency of DMU,, that is, the welghted average of the term efﬁ-
ciencies through the sample period analyzed, % = T thl 7 .
DMU, can then be classified as ’ "
1) termt efficientif - = 1,ie., s, = 0 (Vi) and 900l
0 (V1), at time t; ’
2) overall

9000 — 0 (4,1,
We assume a constant returns to scale framework; that is, we
do not impose the following constraints on the intensity vector

variables as part of (1):

=0 (Vi,t) and

=1, ie, s, =

The subsequent convex combinations would force firms to
focus on targets across the efficiency frontier when defining their
objectives. On the other hand, a constant return to scale frame-
work allows firms to focus on specific target firms composing
the frontier when designing potential strategies to improve their
efficiency.

The dynamic SBM-DEA model allows us to evaluate the evo-
lution of the main variables defining the digitalization strategies
of firms across the value chain. The model accounts for the
simultaneous interactions between inputs and outputs —as part
of the production process—and across the different actors com-
posing the value chain. The efficiency slacks obtained describe
the trends displayed by these variables across market sectors
categorized in terms of the technological complexity and size of
the firms operating within them.

A. Sample Selection

The Survey on Business Strategies (Encuesta sobre Estrate-
gias Empresariales—ESEE)' collects data periodically on firms
from 20 manufacturing industries in Spain. The survey accounts

IThe authors would like to thank Fundacién SEPI for grating us access to the
data. The specific questions composing the survey and the methodology applied
by the SEPI Foundation to define the different categories based on the answers
retrieved can be found at https://www.fundacionsepi.es/investigacion/esee/en/
svariables/disponibles.asp.
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TABLE II
VARIABLE DEFINITION

Variable Description
Inputs
Size Firm size (number of employees)
Age Firm age

R&D intensity

R&D expenditure (as a percentage of sales)

Links

Digital value chain

Firm sales to or purchases from other companies through the Internet (1 yes, 0 no)

Institutional cooperation

Technological cooperation with universities or R&D centers (1 yes, 0 no)

Vertical cooperation

Technological cooperation with customers or suppliers (1 yes, 0 no)

Outputs

Productivity

Labor productivity (value added by employee, € millions)

Patents granted

Patents granted to the firm (1 yes, 0 no)

Product innovations

Firm introduces new or significantly improved products into the market (1 yes, 0 no)

Process innovations

The firm introduces some significant modifications in the production process (1 yes, 0 no)

Export intensity

Export volume (as a share of sales)

Structural Characteristics of Firms

Technological sector |

High, medium, and low technological content (1 yes, 0 no, per dummy)

SMEs

Small and Medium Enterprises (1 yes, 0 no)

for all firms with more than 200 employees and is representative
of firms employing between 10 and 200 workers. In addition to
the standard microlevel data describing the productive activities
of firms, the survey focuses on their specific technological activi-
ties. Starting in 2000, the survey has since incorporated variables
to evaluate the effects of digitalization and internet-based digital
communication technologies.

We analyze the evolution of digitalization and its effect on
firms’ innovation output and productivity while considering the
level of technological sophistication of the market within which
they operate and their size. The variables defining the dynamic
SBM-DEA model are described in Table II.

The input variables are standard characteristics considered in
the innovation literature as determinants of the technological
performance of firms, namely R&D intensity, defined as the
percentage of R&D investments over sales, size, defined in
terms of the number of employees, and firm age. R&D intensity,
age, and size define basic input categories that determine the
productivity of firms together with the potential outputs derived
from their innovation processes, namely patents and product and
process innovations.

Consider now the set of binary links accounting for the
intertemporal behavior firms. The digital value chain variable
equals one if the firm sells to customers or purchases from
suppliers through Internet-based channels requiring electronic
data interchange processes. The reliance of firms on external
networks is exacerbated by the integration of the different
actors composing the value chain via digitalization [105]. The
importance of the network determining the outcome of the
innovation processes is incorporated through the technological
interactions of firms with customers and suppliers via vertical
cooperation and with research centers and universities via
institutional cooperation. These variables are assigned a value
of one if the firm cooperates with the actors composing the
value chain and zero otherwise.

The output variables considered include patents, product and
process innovations, which constitute the main potential out-
comes that may be obtained from firms’ innovation processes.
Productivity is another standard output variable defined in terms
of the value added by an employee. The volume of exports as a
share of sales describes the firms’ export intensity and accounts
for the knowledge exchanged in international markets and the
subsequent learning process.

Finally, firms are categorized in terms of the technological
content of the sector within which they operate and their size to
account for the main structural factors determining their output
and innovative activities.

B. Data Requirements Relative to Standard Regression
Methods

The entire sample retrieved from the survey consists of 1369
firms, 862 of which are SMEs, whose number of employees
ranges between 10 and 250, and 508 large firms, with more
than 250 employees, evaluated over the period 2000-2016. Data
availability limits the official period of analysis to 2018. Still,
the existence of missing values across several variables in the
last two years has constrained the analysis to seventeen years.

The nonparametric quality of DEA contrasts with the para-
metric approach followed by standard regression methods. Be-
sides the absence of an assumed functional form, several sig-
nificant differences must be highlighted, particularly regarding
sample selection. Considered as a panel of data, the sample
consists of a series of firms from which observations have been
retrieved at some point through the period analyzed.

This analytical approach is not valid in DEA, where obser-
vations are required for all the firms’ variables over the whole
period analyzed, imposing a constraint on the actual number
of firms that can be evaluated. For instance, when performing
a standard panel data econometric analysis, a total of 1369
firms compose the sample. However, many of these firms lack
observations for the whole period analyzed and must therefore
be eliminated from the sample when implementing any DEA
variant.

Furthermore, firms are eliminated from the sample if they
shift category—in terms of technological sector or size—at some
point through the period analyzed. The set of firms composing
a given sector must be evaluated and compared every period
of the sample and must therefore remain consistent through
the analysis. Fig. 2 shows a flowchart summarizing the main
differences between the structural requirements imposed on the
data by econometric models and those of standard DEA and
dynamic SBM-DEA frameworks.

To preserve a sufficiently large number of firms, we have
maintained those whose category status differs for a unique
period. That is, if a firm shifts from a low technological sector
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Fig. 2.  Structural data requirements: Econometric models, DEA, and dynamic SBM-DEA frameworks.

TABLE III
SAMPLE DISTRIBUTION ACROSS EVALUATION CATEGORIES
Technological Content (385) Size (298)
Category High Med Low Large SMEs
Firms 48 156 181 65 233

to a medium one for a unique period, it has been kept in the
sample as a low technology firm throughout the whole period
of analysis. The firm was eliminated from the sample if the
shift occurred for two or more periods. The consistency and
homogeneity of the firms have been preserved at the cost of
decreasing the size of the samples analyzed. The relative size
of the samples and their distribution across categories are both
summarized in Table III. For completeness, and to illustrate
the consistency of our results, Appendix B presents the results
obtained when considering only those firms whose category
status has remained unchanged through the entire period of
analysis.

We conclude by noting that firms have been distributed across
different categories to compare the evolution of their efficiencies
relative to that of other firms with similar structural charac-
teristics. That is, focusing on a common sample of firms of
different sizes, namely large and SMEs, would bias the results
obtained, given the different structural benchmarks imposed by
the endowments of the firms within each category.

IV. RESULTS

We illustrate how firms display a consistent coordinated evo-
lution of their digitalization and innovation processes, as well
as their interaction strategies throughout the value chain across
market scenarios. Figs. 3 and 4 show the dynamic behavior of
the average inefficiencies across technological sectors and firm

sizes. More precisely, these figures illustrate the evolution of the
averages across firms of the outputs’ and links’ slacks relative to
the values of the corresponding variables. Fig. 5 completes the
analysis by presenting the percentage of efficient firms and the
average efficiency of the firms composing each category within
the different scenarios studied. The results obtained are quite
heterogeneous regarding slacks, firm efficiency, and their evo-
lution through time, although several patterns can be identified
across scenarios.

A. Technological Sophistication of Firms

The first set of scenarios categorizes firms according to the
technological content of the industrial sector within which they
operate, defined as high, medium, or low. The behavior of the
output and link variables across sectors is shown in Fig. 3.

1) High: These firms display a substantial variability in
the behavior of product and process innovations, which
is slightly contained when considering patents. Ineffi-
ciencies in productivity decrease consistently over time,
whereas the consistency in export intensity should relate
to the focus of this group of firms on the international
market.

2) Medium: Firms operating in this technological sector con-
solidate their productivity and innovation efficiencies—
patents, products, and processes—through time, a pattern
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coupled with their relatively constant efficiency in export
intensity.

3) Low: Lesstechnologically sophisticated firms exhibit con-
sistent consolidation patterns in productivity and innova-
tion efficiency—similar to those of the firms composing
the medium sector—as well as export intensity.

In all sectors, there is an apparent variability in product
and process innovations and, to a lesser extent, patents, which
intensifies among firms within the high technological content
category. The efficiency in export intensity decreases slightly in
the latter years across less technologically sophisticated firms,
emphasizing their reliance on domestic markets.

Links display a more homogeneous behavior across mar-
ket sectors. Firms within all sectors underperform when
considering the digitalization of the value chain, whose inef-
ficiency prevails above the others throughout the period ana-
lyzed. We also observe a consistent convergence process to-
wards efficiency in institutional and vertical collaborations in
all technological sectors. Thus, firms differ in their capacity
to implement digitalization within their value chains but have
consistently increased their cooperation through the chain in all
sectors.

The upper-left panel of Fig. 5 shows the average efficiency
of the firms in each sector. We observe that firms in the high-
technology sector are consistently more efficient throughout the
period analyzed, a feature that persists across sectors as tech-
nological sophistication decreases. A concave efficiency pattern
is also evident across all sectors, with the least sophisticated
firms displaying the largest relative increase through the period
analyzed.

B. Firm Size

Firms are categorized by size as either large or SMEs. First, we
consider the output variables, which exhibit patterns similar to
those observed when distinguishing between high and medium
or low technological sectors. Fig. 4 shows the behavior of the
output and link variables by firm size, given as follows.

1) Large: These firms display substantial variability in pro-
cess innovations, a quality that is slightly more contained
when considering product innovations and patents. Pro-
ductivity efficiency remains quite stable over time, but
decreases in the final periods. An interesting feature is the
increase in export intensity inefficiency, which contrasts
with the reliance on international markets displayed by
firms operating in high-technology sectors.

2) SMEs: These firms exhibit a consistent efficiency consol-
idation pattern throughout the period analyzed, a trend re-
versed in the latter years in terms of export intensity. Prod-
uct and process innovations exhibit the greatest volatility
in efficiency.

Both types of firms exhibit greater variability in product and
process innovations, and the inefficiency of export intensity
consistently increases in both cases. However, SMEs exhibit
a decreasing inefficiency pattern across most variables, whereas
larger firms exhibit an increasing trend.
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Links exhibit a fairly consistent behavior across size cate-
gories. SMEs underperformed in the digitalization of the value
chain, whose inefficiency consistently prevails above that of the
other variables. These firms also exhibit a uniform convergence
process toward efficiency in institutional and vertical collab-
oration. Large firms maintained a relatively stable inefficient
behavior throughout the period analyzed, lacking the capacity
to digitalize their value chains but managing to preserve coop-
eration over time.

The lower-left panel of Fig. 5 shows the evolution of the
average efficiency by size category. The variable follows a
concave pattern, with larger firms consistently more efficient
within a narrower gap than SMEs.

Overall, small firms and those operating in medium- and low-
technology sectors consistently reduce inefficiency throughout
the period analyzed. This is the case for both output variables
and links — except for export intensity and digital value chains.
These firms are less efficient than larger ones, as well as those
operating within high-technology sectors. This second group of
firms exhibits more heterogeneous behavior in the efficiency of
inputs and links, with product and process innovations, as well
as digital value chains, displaying the most volatile behavior.

C. Percentage of Efficient Firms Across Categories

As the upper-right panels of Fig. 5 show, the percentage
of efficient firms differs substantially across the defined cate-
gories. Those competing in high-technology sectors display a
higher percentage of efficient firms, a feature that decreases
significantly in medium- and low-technology sectors. Firms
competing in the low sector managed to close the gap with those
in the medium sector, although a substantial difference persists
throughout the period relative to the highly sophisticated firms.

A considerable initial difference in efficiency percentages can
also be observed between large firms and SMEs. However, the
gap decreases in the last years of the sample due to a significant
decrease in efficiency among large firms.

Thus, efficiency tends to increase as firms grow and become
increasingly competitive. At the same time, the variability in
product and process innovations and patents tends to be higher
among firms operating in high-technology sectors, which in-
volve intense competition while developing complex innova-
tions. The variability in the efficiency of institutional and vertical
collaborations is also higher as firms become more techno-
logically complex and larger. That is, competitiveness fosters
heterogeneous collaboration strategies and variable outcomes
while enhancing efficiency among firms.

SMEs and firms operating in medium- and low-technology
sectors improve their efficiency over time through innovation,
patents, and collaborations along the chain. Despite this, their
overall efficiency remains consistently below that of large firms
and those operating in high-tech sectors. That is, the observed
convergent efficiency patterns occur within, not among, market
sectors. Countries display a similar behavior when evolving
within convergence clubs, a feature consistently analyzed in the
economics and business literature [60], [106].
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Fig. 6 shows the main results of this section, illustrating the
behavioral patterns observed among firms within and across
market categories. Firms across market sectors have access
to similar institutional and digitalization sources but generally
differ in their vertical connections and capacity to introduce
product and process innovations, develop patents, and operate
in the international market. Therefore, best practices and pol-
icy recommendations must be defined with these features in
mind.

Interactions across market sectors are essential to improve
the efficiency of lagging firms, especially SMEs and those com-
peting in less technologically advanced sectors. This important
conclusion becomes particularly relevant when comparing the
structural recommendations derived from the static and dynamic
DEA frameworks. A detailed description of the static evaluation
framework is provided in Appendix A, and the outcomes derived
from both settings are compared in Fig. A4.

V. DISCUSSION AND STRATEGIC IMPLICATIONS

Digital technologies substantially benefit adopting firms, al-
though the size and financial constraints faced by SMEs limit
their capacity to adopt [55]. As a result, their ability to source
external knowledge constitutes an important determinant of in-
novation [103]. The implementation of digitalization processes
and the strategic cooperation with the different actors composing
the chain led to the introduction of technological innovations
among firms in Spain during the period 2000-2016, an effect
particularly relevant among SMEs [39]. Thus, policies should
aim to enhance the creation and stabilization of connections
throughout the value chain and provide incentives for firms to
foster and implement digitalization processes.

CDCs and SCs are essential to tackling challenges posed by
industry convergence, especially when creating interconnected
ecosystems in environments that involve diverse actors such
as ICT firms and high-tech industries. SCs enhance the abil-
ity of firms to access and integrate knowledge across sectoral

Structural framework and behavior of the main efficiency determinants within and across market sectors.

boundaries through the design of different learning architec-
tures designed by their corporate leaders [35]. Our analysis
validates these conclusions while emphasizing the fact that
strategic interactions should not remain limited to horizontal
cluster environments but extend across technological sectors.
Thus, managers of less technologically sophisticated firms and
SMEs should aim to establish stable links with their market
counterparts, namely larger firms operating in developed tech-
nological sectors, to improve their productive and technological
assimilation capacities and enhance the subsequent efficiency
patterns.

Given the importance of SMEs in the sample analyzed, we
now focus on their digitalization, innovation incentives, and po-
tential evolution, based on the results obtained. Throughout the
emergence and consolidation phases of digitalization up to 2016,
SMEs displayed a consistent pattern of efficiency consolidation
through institutional and vertical collaborations while increas-
ingly lacking in export intensity. A similar pattern is observed
when examining their productivity and innovation outcomes. On
the other hand, these firms underperform in digitalizing their
value chains.

Our empirical analysis illustrates how firms converge in ef-
ficiency terms within their respective categories through the
2000-2016 period, but convergence does not occur across mar-
ket categories. That is, the interactions among the factors
conditioning convergence have been consistently satisfied by
those firms operating within the corresponding sectors, but do
not suffice to guarantee convergence across sectors. Larger,
technologically advanced firms perform better than their coun-
terparts in the scenarios studied.

The performance of SMEs was positive throughout the period
analyzed, but did not suffice to close the efficiency gap relative
to larger firms. The structural consequences derived from the
divergent quality of the efficiency processes can be observed in
the evolution of the variables described in Table IV. Over the
2016-2023 period, SMEs display a consistent lack of linkages
and an inability to attract sufficient funding; both features imply
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TABLE IV
PERFORMANCE OF INNOVATION SCORES AND LINKAGES AMONG SPANISH SMES

2016 2017 2018 2019 2020 2021 2022 2023
EU 100 100 100 100 100 100 108.693 | 116.637
Digitalisation
Spain 148.199 | 148.199 | 148.199 | 148.199 | 148.199 | 148.199 | 160.789 | 169.032
EU 100 100.962 | 107.539 | 111.303 121.11 140.682 | 146.445 133.39
Linkages
Spain 79.767 81.444 98.078 98.218 104.676 | 122.694 | 127.231 | 117.637
EU 100 107.152 | 106.335 | 107.621 110.616 | 114.155 | 119.537 | 121.863
Finance and support
Spain 78.736 91.015 89.865 90.403 90.226 96.442 93.182 98.854
EU 100 100.525 | 101.049 | 112.035 | 112.559 | 111.373 | 112.159 | 108.776
Firm investments
Spain 54.41 53.886 53.886 56.578 57.627 66.706 68.804 66.338
Sources: Values relative to EU in 2014 = 100. Retrieved from the European Innovation Scoreboard 2023, which is available at

https://ec.europa.eu/research-and-innovation/en/statistics/performance-indicators/european-innovation-scoreboard/eis.

a decrease in the efficiency of their production and innovation
processes, despite the substantial digitalization efforts observed
over these past years.

We must note that the definition of digitalization used to
elaborate Table IV differs from ours, extending to the digital
abilities of the general population. The European Innovation
Scoreboard defines digitalization as the combination of two
indicators: broadband penetration among enterprises and the
number of people with above-basic overall digital skills. That
is, the indicator combines a measure of digital culture with the
actual capacity of firms to implement and exploit ICTs. However,
the same intuition prevails regarding the capacity of firms to
incorporate digital information technologies into their market
interactions and production processes.

As highlighted in the introduction section, the results derived
from the SBM-DEA model complement and extend those ob-
tained by the econometric literature regarding the main factors
determining the behavior of firms [38], [39] and, in this case,
their evolution.

VI. CONCLUSION

In this article, we illustrated the evolution of efficiency that
resulted from the digitalization process of the value chain among
firms located in Spain through the emergence and consolidation
phases of digitalization up to 2016, including its effects on
the introduction of patents and technological innovations. The
knowledge sourced from the digitalization process, together
with the vertical cooperation of firms and their institutional
links, constituted critical factors determining the development
of innovations.

The empirical literature on DCs and innovation consistently
highlighted the significant role of R&D activities in developing
patents, products, and process innovations. We showed that
R&D activities, size, and age enhanced productivity and the
output variables differently when considering the technological
content of the sectors within which firms operated. From a man-
agerial perspective, our results validated the evolving cumulative
quality of business environments identified by CDCs theory,
whose strategic collaborative propositions are empirically com-
plemented by our analysis. Thus, future research could catego-
rize firms combining different sets of characteristics to study the
effects of digitalization processes or the implementation of Al

tools on their strategic interactions across and the evolution of
their value chains.

A key formal contribution of the model lay in its robustness.
Specifically, we demonstrated substantial differences in the
interactions among variables and the subsequent convergence
processes when comparing a series of standard static DEA
optimization models with the dynamic evaluation framework
defined by SBM-DEA.

One of the main drawbacks of implementing DEA models
was the loss of observations due to the removal of all firms
lacking observations on any of the variables at any point during
the evaluation period. As a result, sequential hybrid models
consisting of econometric regressions to determine the effects
of different factors on efficiency scores were defined in the
literature, although they are generally implemented within static
DEA environments [107]. The standard technique for evaluating
these effects was the Tobit censored regression model, which
was a natural choice given the bounded outcomes produced by
the different DEA variants. In this regard, the determinants of
dynamic efficiency could be analyzed by regressing the scores
obtained from the SBM-DEA model on an extended set of inde-
pendent variables, which constitutes one of the main potential
extensions of the current research framework.

Finally, a variety of scenarios could be generated by in-
corporating additional variables into the analysis, particularly
those related to sustainable practices [108], with a focus on
the interactions between digitalization and sustainable processes
across different business models [109], [110].
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