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The open innovation (OI) paradigm has garnered relevant attention in recent years. Against
this backdrop, this study explores the impact of a relatively recent phenomenon, such as Big
Data, in terms of Volume, Velocity, and Variety, on small and medium enterprises' (SMEs')
OI search. In fact, while issues related to Big Data have been often examined in the con-
text of high-tech firms, the effects on SMEs’ OI search strategies have not been extensively
studied. This paper addresses this gap by developing a quantitative analysis on a sample
of 123 Italian SMEs. The findings reveal that Big Data significantly influences SMEs’ OI
breadth, leading to increased external collaborations. In parallel, they do not affect SMEs’
OI depth. Moreover, the impact varies among the different “3Vs” of Big Data, suggesting
that some characteristics have a more pronounced effect on SMEs’ OI strategies. Drawing
on these insights, this study contributes to the understanding of the interplay between Big
Data characteristics and SMEs’ OI, offering hopefully valuable implications for both OI
and Big Data literature and proposing avenues for further research and practice.

(Dahlander and Gann, 2010) regardless of firm’s size
(Spithoven et al., 2013), most studies have investigated
Ol in large companies, thereby producing an imbalance
in our understanding of OI (Spithoven et al., 2013). As
a matter of fact, despite some recent attention to small

1. Introduction

pen Innovation (OI) has attracted the attention of
both scholars and practitioners in the last two de-
cades (Gassmann et al., 2010; Randhawa et al., 2016;

Enkel et al., 2020; Marullo et al., 2022). In particular,
since its introduction by Chesbrough (2003), extensive
research has been conducted about OI breadth (i.e., the
number of sources used to innovate) and OI depth (i.e.,
the extent to which the sources are involved in the in-
novation process) (Laursen and Salter, 2006; Messeni
Petruzzelli et al., 2022; Nieto et al., 2023). Whereas
OI offers both financial and non-financial benefits

and medium enterprises (SMEs) (Kraus et al., 2020;
Barrett et al., 2021; Carrasco-Carvajal et al., 2023),
searching for new partners (i.e., OI breadth) and de-
veloping intense relationships with them (i.e., OI
depth) can be more challenging for this type of com-
panies, given their size, resource constraints, and
managerial objectives (Spithoven et al., 2013; Dooley
and O’Sullivan, 2018). According to the European
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Commission, SMEs are companies that employ <250
people and have a turnover of <€50 million or a bal-
ance sheet total of <€43 million. They represent an
important industrial component in many countries. For
example, in Italy, SMEs account for over 90% of the
workforce (ISTAT, 2022).

Nowadays, the world is overwhelmed by Big Data
generated every second, with the growth rate increas-
ing approximately 10 times every five years (Del
Vecchio et al., 2018). Over 2025, data are expected to
grow to more than 180 zettabytes (Statista, 2023). Big
Data refers to any set of data that, with traditional sys-
tems, would require large capabilities in terms of stor-
age space and time to be analyzed (Kaisler et al., 2013;
Ward and Barker, 2013). The ability to aggregate, elab-
orate, and analyze Big Data is becoming a key com-
petitive advantage and resource for firms of different
sizes, including SMEs (Del Vecchio et al., 2018). As
such, scholars have explored the impact of Big Data
characteristics mainly in terms of (1) Big Data Volume
— that is, the amount of data (Wamba et al., 2015), (2)
Big Data Velocity — that is, the speed of generating and
analyzing data (Ghasemaghaei et al., 2017), and (3)
Big Data Variety — that is, the diversity of data types,
including both structured (e.g., numbers) and unstruc-
tured (e.g., pictures) data (Ghasemaghaei et al., 2017;
Ghasemaghaei and Calic, 2020) on firms’ performance
(Ghasemaghaei, 2019; Cappa et al., 2021).

The impact of Big Data on SMEs’ OI performance
has been analyzed through qualitative studies. For
instance, Urbinati et al. (2020) have investigated how
digital technologies, including Big Data, can foster
SMEs’ Ol firms’ performance. However, to the best of
our knowledge, research has neglected to develop quan-
titative studies to examine the relationship between Big
Data characteristics and SMEs’ OI search strategies,
which is the object of this paper. The theoretical impor-
tance of this relationship is confirmed in the R&D
Management work by Enkel et al. (2020, p. 165), who
claim that a research area that needs further investiga-
tion is to understand “which influence has big or linked
data on OL.” This relationship may exhibit both positive
and negative aspects. On one hand, there is a potential
positive connection since Big Data can offer insights
into effectively framing business challenges and iden-
tifying relevant external knowledge and resources
for internal integration (Cepa, 2021). Conversely,
there is also the possibility of a negative association,
wherein greater values of Big Data characteristics of
within firms could lead to a reduced inclination toward
adopting OI search strategies because analyzing large
amounts of data can be confusing and yield only a few
useful insights for OI collaboration (Ghasemaghaei
and Calic, 2019). This is why in this paper we focus
on the impact of Big Data characteristics on SMEs’ OI
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search strategies through the following research ques-
tion: what forms of Big Data are relevant for SMEs’
open innovation search and breadth?

To answer our research question, we focused our
attention on developing some hypotheses about the
effects of Big Data Volume, Big Data Velocity, and
Big Data Variety (Johnson et al., 2017; Ghasemaghaei
and Calic, 2019; Pedota, 2023) on SMEs’ OI breadth
and depth (Laursen and Salter, 2006).1

To verify our hypotheses, we conducted an econo-
metric analysis (i.e., a negative binomial regression)
on a sample of 123 Italian SMEs. We decided to focus
on this specific country for two reasons. First, in the
last decade, the Italian Government has launched
many plans and ad-hoc interventions to stimulate
firms’ digitalization and the adoption of Industry 4.0
technologies, including Big Data (Messeni Petruzzelli
et al., 2022). Second, considering the peculiar struc-
ture of the Italian economy, strongly based on SMEs
and the recent national policies aiming at accelerating
digitalization, Italy represents an interesting country to
catch the complexity of SMEs behaviors toward the
adoption of Big Data (Martinelli et al., 2021).

We found that each Big Data characteristic does
impact SME’s OI breadth. More specifically, Big Data
Velocity and Variety both have a positive impact on
SME’s OI breadth, while Big Data Volume has a neg-
ative impact. However, none of them affects SMEs’
OI depth. As a net result, our findings suggest that Big
Data leads SME:s to activate external collaborations but
not to intensify them. Drawing on these findings, our
study aims to provide some theoretical contributions to
OI, Big Data, and SMEs research, which are reported
in the concluding section of the paper.

The remainder of the paper is organized as fol-
lows. In Section 2, we explore the links between Big
Data characteristics and SMEs’ OI breadth and depth
and we develop our six research hypotheses. Then, in
Section 3, we illustrate the methodology, the survey’s
data collected, and the empirical approach. Finally,
we present the results (Section 4) and we discuss
them, together with the main conclusions and impli-
cations, in Section 5.

2. Theoretical background and research
hypotheses

2.1. Big Data and SMEs

The world is flooded with Big Data, and their
growth rate is about 10 times every 5years (Del
Vecchio et al., 2018). Big Data refers to data-
sets so large and complex they create significant
challenges for traditional data management and
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analysis tools in practical timeframes (Deloitte
Consulting, 2012; Ward and Barker, 2013).
Introduced by Laney (2001), Big Data Volume,
Velocity, and Variety are the three main charac-
teristics of Big Data, also known as the “3Vs” of
Big Data (Tan and Zhan, 2017; Ghasemaghaei
and Calic, 2020). First, Big Data Volume relates to
large sizes of data that are collected and analyzed
by companies (Ghasemaghaei and Calic, 2020).
Second, Big Data Velocity refers to the speed of
generating and analyzing data (Ghasemaghaei and
Calic, 2020): the rate of data generation has been
enhanced thanks to the increasing power and num-
ber of computers and digital devices, generating
new possibilities for data analysis (Ghasemaghaei
and Calic, 2020). Last, Big Data Variety indicates
the diversity of data types, including both structured
(e.g., numbers) and unstructured (e.g., pictures)
data (Ghasemaghaei et al., 2017; Ghasemaghaei
and Calic, 2020). Taken together, these three char-
acteristics also represent guidelines that describe
how an organization can develop new knowledge,
improve decision-making processes, and better
address consumers’ needs.’

The ability to aggregate, process, and analyze
big data is becoming a key competitive advantage
and critical resource, especially for SMEs, and can
be analyzed according to the Resource Based View
(RBV) (Wernerfelt, 1984; Barney, 1991; Del Vecchio
et al., 2018; Cappa et al., 2021). In fact, big data rep-
resent a valuable asset that can be difficult for com-
petitors to replicate or substitute (Sena et al., 2019).
As a result, SMEs across various industries are
increasingly embracing digitalization and leverag-
ing big data to enhance decision-making processes
and innovate their products and services (McAfee
et al., 2012; McKinsey Global Institute, 2016; Garg
et al., 2017; Batisti¢ and van der Laken, 2019). Some
interesting examples of SMEs that are interested in
developing Big Data technologies can be found in the
Big Data Value Association (BDVA’s) (2017) report
and in the BDVA webpage (https://bdva.eu/membe
rs/).

2.2. Ol search strategies in SMEs

Since the inaugural work of Chesbrough (2003),
OI has gained increasing attention by both scholars
and practitioners (Bogers et al., 2017; Dahlander
et al., 2021), especially in the innovation/R&D
management field (Ferrigno et al., 2023). OI “sup-
ports the firm’s capabilities to insource external
ideas and resources, to co-develop new products
and processes with external partners, and to mar-
ket internal ideas that fall outside the firm’s current
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business model” (Enkel et al., 2009; Messeni
Petruzzelli et al., 2022, p. 617) and impacts both
firms’ financial and non-financial performance
(Carrasco-Carvajal et al.,, 2023; Martin-Pefia
et al., 2023).

More specifically, there is a strong interest in
firms’ search strategies (Greco et al., 2015; Sa
et al., 2023) and a well-consolidated literature sup-
ports the idea that firms can adopt two different OI
search strategies: (1) OI breadth, that is, the number
of sources used to innovate; and (2) OI depth, that
is, the extent to which the sources are involved in
the innovation process (Laursen and Salter, 2006;
Messeni Petruzzelli et al., 2022). Both OI search
strategies influence firms’ propension toward the
acquisition of external knowledge (Laursen and
Salter, 2006; Garriga et al., 2013) from several
sources, including suppliers, customers, compet-
itors, financial companies, consulting companies,
other private companies, universities and research
centers, and other public organizations (Messeni
Petruzzelli et al., 2022).

Relying on external sources of knowledge is par-
ticularly important for SMEs (Messeni Petruzzelli
et al., 2022; Del Sarto et al., 2023), which have
several constraints in terms of resources, tech-
nological assets, skills, and expertise that can be
devoted to the development of innovative products,
services, or processes (Dahlander and Gann, 2010;
Spithoven et al., 2013; Dahlander et al., 2021).
Opening up to the external environment could help
firms to solve or mitigate these issues (Carrasco-
Carvajal et al., 2023).

Alongside theoretical reasonings, the implemen-
tation of OI search strategies in SMEs undoubtedly
offers practical benefits. The breadth strategy sug-
gests collaborating with universities and innovation
hubs to address knowledge gaps and resource limita-
tions (Kiel et al., 2017), fostering managerial readi-
ness for new technologies (Zangiacomi et al., 2020).
In some cases, horizontal partnerships with competi-
tors can enhance operational and financial awareness
(Shin et al., 2014). Conversely, the depth strategy
emphasizes close ties with technology providers
for knowledge assimilation (Messeni Petruzzelli
et al., 2022), fostering strong relationships to facili-
tate learning processes (Terjesen and Patel, 2017) and
leveraging customer and supplier relationships for
product/service development (Nguyen et al., 2015).
In sum, intensive cooperation with external partners
enables SMEs to acquire the necessary knowledge
over time, enhancing their capabilities.

However, this particular genus of firm (i.e.,
SME) may exhibit lower levels of external search
breadth and depth (Laursen and Salter, 2006). Extant
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research has shown that SMEs do not have sufficient
resources, skills, and competences to search for and
profit from a wide range of external partners (Aslesen
and Freel, 2012); it can be therefore difficult for them
to expand their partners’ network, especially in low-
tech industries. Moreover, SMEs have less resources
to cooperate with a large variety of partners and
develop intense relationships with them (Messeni
Petruzzelli et al., 2022).

Therefore, using the RBYV, in this study, we posit
that SMEs can leverage data (Akhtar et al., 2019) to
address this deficiency and effectively implement OI
search strategies and related practices. In the next
section, we discuss in detail what has been written
about the effects of the characteristics of Big Data on
OI search in the context of SMEs.

2.3. The “3Vs” of Big Data and SMEs’ Ol
breadth and depth

Despite the notable emphasis on Big Data and the
promising contributions they can bring to SMEs’
OI search strategies (Del Vecchio et al., 2018),
extant studies have not investigated the impact of
Big Data on SMEs’ OI breadth and depth, which
is particularly relevant for R&D management. For
instance, the R&D management work by Enkel
et al. (2020) suggests that a research area that needs
further investigation is the one devoted to exam-
ining “which influence has big or linked data on
OI” (Enkel et al., 2020, p. 165). Similarly, Urbinati
etal. (2020) argue that we have only limited knowlI-
edge about the connection between Big Data and
OIL

Drawing on these intuitions, in this article, we
posit that the main characteristics of Big Data
may influence SMEs’ OI breadth and depth. The
relationship between Big Data characteristics
and OI search strategies could be both positive,
since Big Data can help to provide information
on how to appropriately frame business issues

and opportunities and the related external knowl-
edge and resources to internalize (Cepa, 2021),
and negative, since the higher the values of the
firms’ Big Data characteristics, the lower the pro-
pensity toward the adoption of OI search strategies
(Keupp and Gassmann, 2009). In this sub-section,
we hypothesize that each “V” of Big Data impacts
SMEs’ OI breadth and depth. A snapshot of the
research hypotheses is reported in Figure 1.

Existing studies suggest that, without a suffi-
cient amount of data and an appropriate technol-
ogy to analyze them, it is quite difficult for SMEs
to create and/or implement innovative solutions
(Sivarajah et al., 2017; Del Vecchio et al., 2018;
Ghasemaghaei, 2019). As a matter of fact, Big Data
can stimulate the search for best practices and more
efficient solutions outside the firm, relying on the
experience of external actors (Messeni Petruzzelli
et al., 2022). However, the literature is not unan-
imous toward the benefits derived by the data
Volume (Ghasemaghaei and Calic, 2020; Cappa
et al., 2021; Ghasemaghaei, 2021), suggesting the
existence of a phenomenon known as “InfoObesity”
(Whitler, 2018; Cappa et al., 2021), which implies
that very large amounts of data could have negative
effects on SMEs’ OI breadth. First, SMEs might
lack both financial and human resources devoted
to collect and store many data (Giotopoulos
et al., 2017; Agostini and Filippini, 2019; Horvath
and Szab6, 2019; Eller et al., 2020). In this regard,
some scholars found that relevant costs should be
sustained not only to collect and store data but also
to appropriately analyze them (Cappa et al., 2021).
Moreover, SMEs’ employees could have important
cognitive limitations to process large amounts of
data (Prescott, 2016). Therefore, paradoxically, in
a context characterized by lack of resources (i.e.,
SMEs), Big Data Volume might negatively impact
the likelihood of adopting interorganizational rela-
tionships and, in turn, the search breadth of the OI
strategy.

HI1 Big Data H4
P e Volume \\\\
//// \\\\
/// \\
e . ~
“ + H2 Big Data H5 -
Ol breadth N Velocity P 1 OI depth
.
\\ /
\\ ///
+ ~ e -
\\ s
H3 Big Data o
Variety

Figure 1. Theoretical model.

4 R&D Management 2024

© 2024 The Author(s). R&D Management published by RADMA and John Wiley & Sons Ltd.

85U8D 17 SUOWILIOD 3RS0 3(geotdde 3y} Aq peusenob afe Sapiie YO ‘SN Jo S9IN 104 A%eiq 1T 8UIUO AB|IM UO (SUOIPUOD-PUE-SWUS}L0D A8 | IM Al [oul JUO//STNY) SUORIPUOD PUe SWB L 38U} &3S *[7202/0T/20] Uo AigiTauliuo A8|im * 10 euuY Blues aioliedns jonos - oubuised 01N AQ £2/2T WPeTTTT 0T/I0p/wo0 A 1M Arelq 1 pul|uo//Sdny woJ papeojumoq ‘0 ‘0TE6L9YT



Second, analyzing large amounts of data can
be confusing and yield only a few useful insights
(Ghasemaghaei and Calic, 2019). This is especially
true in the case of SMEs because they do not have
reliable information on how and where to find the
appropriate knowledge (Del Vecchio et al., 2018).

As such, Big Data Volume could represent an
internal source of information that may obstacle
fruitful forms of collaboration. In this sense, there
could be enough information within the firm that
can be used to develop internal innovative solu-
tions without relying on external knowledge (Keupp
and Gassmann, 2009). Therefore, in line with the
above arguments, we hypothesize the following
relationship:

H1 Big Data Volume exhibits a negative relation-
ship with SMEs’ OI breadth.

Several studies show that processing data in real
time can allow firms to access external knowledge
(Erevelles et al., 2016; Cepa, 2021). First, a fast
process of data analysis can promptly reveal SMEs’
needs and the collaboration opportunities that can
be activated to satisfy them (Johnson et al., 2017).
In this regard, some scholars suggest that Big Data
Velocity is very helpful in continuously solving
business issues (Ghasemaghaei and Calic, 2019).
Moreover, Cepa (2021) states that architectural
designs enabling a fast process of data analysis are
crucial to collaboration dynamics. In this sense, the
speed of data collected and analyzed could lead to an
increase of OI breadth because fast process of data
analysis can instantly unveil what an SME lacks and
how to fill this gap (Johnson et al., 2017). Practically
speaking, up-to-date information about the needs of
the firm can affect the search for best practices and
solutions according to technological, innovation-
hubs, and research centers, which in turn improve the
SME’s attitude toward the adoption of new technolo-
gies (Zangiacomi et al., 2020).

Second, in a context characterized by a limita-
tion of resources, like in SMEs, the related fast
decision-making process could accelerate the
search for adequate inter-organizational relation-
ships to acquire the appropriate resources and
knowledge (Keupp and Gassmann, 2009). This is
particularly true in dynamic sectors with high com-
petition, where quickly understanding consumer
preferences might foster a competitive advantage
(Dagnino et al., 2021). As previously mentioned,
in order to access to a rich set of diverse and
complementary resources, SMEs can collaborate
with a vast range of external partners (thus imple-
menting an OI breath strategy) (Gopalakrishnan
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and Damanpour, 1994; Messeni Petruzzelli
et al., 2022). In this regard, Erevelles et al. (2016)
find that having access to current and updated data
can help SMEs to improve their entire decision-
making process (Erevelles et al., 2016). This pro-
cess might stimulate the search for the appropriate
external partner. Therefore, we hypothesized that:

H2 Big Data Velocity exhibits a positive relation-
ship with SMEs’ OI breadth.

Existing studies also suggest that the search
for appropriate interorganizational relationships
and the resulting OI breadth strategy can emerge
from the different data types a firm has (Keupp
and Gassmann, 2009). Since “with more heteroge-
neous knowledge, managers have a larger number
of hooks to recognize the value of further knowl-
edge” (Pedota, 2023, p. 4), valuable knowledge can
be found outside the boundaries of the company
(Carrasco-Carvajal et al., 2023) and, in the case of
SMEs, collaboration with other entities can help them
overcome the lack of knowledge for innovative activ-
ities (Narula, 2004; Chesbrough, 2011; Dahlander
et al., 2021; Messeni Petruzzelli et al., 2022).
Furthermore, a varied amount of information
means that SMEs have non-redundant information
(Burt, 1992), which allows them to adequately frame
their problems, stimulating the search for the right
ideas and solutions (Urbinati et al., 2020). In fact,
heterogeneous information allows SMEs to improve
their focus of attention and, consequently, the percep-
tion of the external environment since they have a rich
picture of the environment and, consequently, of the
opportunities to exploit (Pedota, 2023). Practically
speaking, this need can stimulate, for instance, the
co-organization, with universities and research cen-
ters, of educational and training events on a wide
variety of topics, like mathematics, engineering, pro-
graming, and data analysis and processing, which are
useful in the context of big data and, broadly speak-
ing, Industry 4.0 for exchanging viewpoints, ideas,
and best practices among the employees and other
participants with a diverse knowledge base.

Based on the arguments above, we hypothesize
that SMEs relying on diverse data sources can better
build and capitalize on a broad range of collabora-
tion opportunities, thus implementing a breadth of
OI strategies. These opportunities emerge from the
degree of heterogeneity related to the knowledge
that an SME possesses. A heterogeneous degree of
knowledge leads to stimulating the search for the
right ideas and creative solutions within the com-
pany, thus influencing collaboration opportunities
(Pedota, 2023). Therefore, we hypothesize that:
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H3 Big Data Variety exhibits a positive relation-
ship with SMEs’ OI breadth.

Moving to OI depth, extant studies point out that
the “3Vs” of Big Data seem to have less power-
ful insights in the firms’ exploitation orientation
than the effects they may have on exploratory
activities (Johnson et al., 2017). More specifically,
prior works suggest that both (technology) explo-
ration and exploration are related to OI practices
(Carrasco-Carvajal et al., 2023). However, one
crucial factor that seems to distinguish exploration
and exploitation is related to the activities based
on external network that affect the exploitation
side (Carrasco-Carvajal et al., 2023). In this sense,
exploitation orientation “prompts firms to focus
on the refinement of existing routines” (Lisboa
etal., 2011; Johnson et al., 2017, p. 645). As previ-
ously anticipated, the effect of Big Data “Volume”
could have both positive and negative effects on OI
search strategies. Considering OI depth, on one side,
the characteristics of SMEs can lead to an increase
in the propensity to activate external collaboration
as the “Volume” of data increases. As the volume
of managed data increases, SMEs may find it diffi-
cult to support all the activities required to analyze
and derive value from the collected data on their
own. In response, they may be inclined to seek col-
laborations with external partners who have addi-
tional resources, such as advanced analytical skills,
scalable IT infrastructure, and data management
capabilities (e.g., companies specializing in data
analytics or expert consultants), as previously men-
tioned above. On the other side, with an increase in
the “Volume” of data, the complexity of informa-
tion can increase dramatically. This could make it
more difficult for SMEs to manage and analyze data
effectively. If data are not properly organized and
structured, it could become complicated for SMEs
to share and exchange information with external
partners. Data complexity (Lugman et al., 2024)
could then limit the depth of external collabora-
tions, as it may require more time and resources
to properly integrate and interpret the shared data.
Moreover, as the volume of data increases, so does
the risk of data security and privacy breaches (Igbal
et al., 2018). SMEs need to ensure that data shared
with external partners are adequately protected to
prevent unauthorized access or accidental disclo-
sure of sensitive information. This security concern
could lead SMEs to be more reluctant to share sen-
sitive data with external partners, thus limiting the
depth of collaborations. Finally, with an increase in
the volume of big data, SMEs may face challenges
related to data standardization and interoperability
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(Han and Trimi, 2022). If data are collected, stored,
and managed in different formats or using incom-
patible systems and platforms, it could be difficult
for SMEs to integrate and share data effectively
with external partners. This lack of standardization
and interoperability could limit the depth of exter-
nal collaborations as it may be difficult for the par-
ties involved to work together synergistically and
consistently.

In sum, even if a bigger volume of data could
enable firms to better perceive the external envi-
ronment, at the same time, the marginal effect of
an added piece of data decreases its value propor-
tionally (Laney, 2001). This can lead to non-useful
information for the firm, decreasing the return in
exploitation-related activities. This effect, in turn,
can diminish the propensity to intensify (i.e., going
in-depth) the activities based on an external net-
work (Carrasco-Carvajal et al., 2023), leading to a
negative effect on OI depth. Consequently, we sur-
mise that:

H4 Big Data Volume exhibits a negative relation-
ship with SMEs’ OI depth.

The speed of integrating and analyzing data might
affect the routine-based and repetitive approach to
organizational changes (Rust et al., 2002). In this
sense, “analyzing data in real time helps firms to
quickly generate insights about what is happening
now, what is likely to happen in the future, and what
actions they need to take to get the optimal results”
(Ghasemaghaei and Calic, 2019, p. 72).

Faster data management can facilitate com-
munication and information sharing with exter-
nal partners (Yildiz et al., 2024). For example, by
using tools and technologies that enable instant
data sharing, SMEs can collaborate more effec-
tively with their partners, exchanging informa-
tion in real time and facilitating shared decision
making. This improved communication and data
sharing can increase the depth of external collabo-
rations, enabling greater transparency and synergy
among the parties involved (Messeni Petruzzelli
et al., 2022). Moreover, high-speed data process-
ing enables the SME to quickly adapt to chang-
ing market needs and new opportunities (Ferrigno
et al., 2023), even for collaboration with external
partners. By constantly monitoring data and market
trends, the SME can quickly identify opportunities
for collaboration and act promptly to take advan-
tage of them. This agility in adapting can foster the
development of deeper and longer-lasting partner-
ships with external partners, enabling the SME to
remain competitive and innovative in its industry.
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In sum, this speed might improve the perception
of the external environment, affecting the orientation
toward exploitation activities (like collaborations)
(Johnson et al., 2017). Building on this set of argu-
ments, we hypothesize that:

HS Big Data Velocity exhibits a positive relation-
ship with SMEs’ OI depth.

Finally, “exploitation demands efficiency and
convergent thinking to harness current and famil-
iar capabilities and continuously improve prod-
uct offerings” (Wadhwa and Kotha, 2006; Johnson
et al., 2017, p. 645). This leads a firm to avoid using
Big Data Variety, since the related analytical issues do
not meet the requirements of the decision makers in
emphasizing both efficiency and depletion of devel-
opment costs and time (Morgan and Berthon, 2008).
Therefore, Big Data Variety can negatively affect OI
depth.

If a SME has access to data from different
sources, such as market data, financial data, and
operational data, it can provide a completer and
more in-depth overview of the challenges and
opportunities for collaboration with external part-
ners (Del Vecchio et al., 2018). As previously men-
tioned, through the analysis of data from a variety
of sources, SMEs can identify emerging trends,
hidden patterns, or unmet market needs, which
can serve as insights for new collaborative initia-
tives and business strategies. By using detailed and
contextualized information, the SME can tailor its
approaches and offerings to best meet the needs
and expectations of external partners (Wibowo
et al., 2021). This ability to customize can help
create deeper and longer-lasting relationships
with partners as it demonstrates a commitment to
mutual success and satisfaction. In line with the
above arguments, we hypothesize the following
relationship:

H6 Big Data Variety exhibits a negative relation-
ship with SMEs’ OI depth.

3. Data and methodology

To empirically investigate our hypotheses, we
collected evidence on Big Data characteristics in
Italian SMEs, defined according to the European
Commission as companies that employ <250 per-
sons and have a turnover lower than 50 million of
euros or a balance sheet total lower than 43 million
of euros. Italy is notable for its significant weight
of SMEs, which account for over 90% of the

© 2024 The Author(s). R&D Management published by RADMA and John Wiley & Sons Ltd.
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national workforce (ISTAT, 2022). According to a
study by its Ministry of the Economic Development
(MISE, 2020), Italy exhibits a substantial percent-
age of firms transitioning toward Industry 4.0.
In the last decade, the Italian Government has
launched many plans and ad-hoc interventions to
stimulate firms’ digitalization and the adoption
of Industry 4.0 technologies, including Big Data.
Consequently, considering the peculiar structure of
the Italian economy, mainly based on SMEs, and
the recent national policies aiming at accelerating
digitalization, Italy represents an intriguing back-
drop for scrutinizing the multifaceted behaviors
of SMEs pertaining to the adoption of Big Data
(Martinelli et al., 2021).

After gaining an initial comprehension about the
importance of Big Data in the Italian landscape, we
developed and launched a survey drawing insights
from extant literature (see Appendix A). Moreover,
we conducted three preliminary tests aiming at
enhancing the clarity of the questionnaire and for-
tifying the reliability of the data acquired (Crick
et al., 2023). Specifically, in March 2023, we tested
the survey involving both five academic experts in
the fields of OI, Big Data, and SMEs and five deci-
sion makers and founders of SMEs operating in dif-
ferent sectors and obtained insights for refining the
survey (Laursen and Salter, 2006). Additionally, in
April 2023, an independent agency, not involved
in the survey’s administration, reviewed the
questionnaire.

In May 2023, to build our sample, we accessed
the Orbis database by Bureau van Dijk, which is
known to be a reliable resource and has univer-
sal acceptability for investigating Big Data, OI,
or SMEs (Costa et al., 2023; Rammer and Es-
Sadki, 2023). Our search was tailored to identify
Italian SMEs, defined as companies with <250
employees. This search yielded 19,722 SMEs.
Subsequently, we extracted primary information
about these SMEs, including company names, BvD
identification number, telephone number, websites,
and email addresses, and we organized them within
an Excel spreadsheet.

In June 2023, we started the data collection. In
particular, we targeted a randomly selected sub-
set of Italian SME founders and decision makers
across various industry sectors. The data collection
process was carried out via the Computer-Assisted
Telephone Interview (CATI) method, with the
support of an external professional firm. Before
launching the questionnaire, we embarked on an
additional pre-test with 27 SMEs, whose feedback
guided further refinements to the questionnaire. By
August 2023, the companies contacted were 801,

R&D Management 2024 7

85U8D 17 SUOWILIOD 3RS0 3(geotdde 3y} Aq peusenob afe Sapiie YO ‘SN Jo S9IN 104 A%eiq 1T 8UIUO AB|IM UO (SUOIPUOD-PUE-SWUS}L0D A8 | IM Al [oul JUO//STNY) SUORIPUOD PUe SWB L 38U} &3S *[7202/0T/20] Uo AigiTauliuo A8|im * 10 euuY Blues aioliedns jonos - oubuised 01N AQ £2/2T WPeTTTT 0T/I0p/wo0 A 1M Arelq 1 pul|uo//Sdny woJ papeojumoq ‘0 ‘0TE6L9YT



Giulio Ferrigno, Saverio Barabuffi, Enrico Marcazzan and Andrea Piccaluga

591 of which did not engage in big data activities
(discarded) and 210 engaged in big data activities.
Of these companies engaged in big data activities,
55 did not complete the questionnaire, while 155
completed the questionnaire. Excluding the 27
responses gathered as pre-test, we successfully col-
lected complete data from 128 firms. Following a
meticulous review, we excluded five responses, as
respondents indicated that their respective compa-
nies did not meet the SMES’ classification crite-
ria. Consequently, our final sample encompassed
123 SMEs.? Figure 2 illustrates the percentage
frequency distribution of the 123 sampled firms
across various regions in Italy.

Additionally, Figure 3 shows the percentage fre-
quency distribution of respondents’ age categories as
reflected in the survey’s data.

Finally, Figure 4 reports the percentage frequency
distribution of the educational level of the respon-
dents to the survey.

The variables implemented in our empirical anal-
ysis are sourced from the completed questionnaires.

3.1. Dependent variable

We followed previous works to measure OI breadth
and OI depth (Laursen and Salter, 2006; Messeni
Petruzzelli et al., 2022; Carrasco-Carvajal et al., 2023).
First, we operationalize OI breadth as the number of
sources (i.e., suppliers, customers, competitors, finan-
cial companies, consulting companies, other private
companies, universities and research centers, other
public organizations) that collaborate with the firm (in
our case Italian SME) to stimulate innovative activi-
ties. Second, we operationalized OI depth as the num-
ber of sources with which the firm collaborates “very
often” (Messeni Petruzzelli et al., 2022). According to
Carrasco-Carvajal et al. (2023), these variables cap-
ture the role of external knowledge sources (Laursen
and Salter, 2006; Ahn et al., 2017; Messeni Petruzzelli

et al., 2022). The variables are computed summing, on
one side, the number of sources and, on the other side,
the number of sources with which a firm collaborates
“very often.” Therefore, their value lies between zero
(absence of collaboration, min) and eight (max).

3.2. Independent variables

We followed previous studies on Big Data charac-
teristics (Ghasemaghaei, 2019, 2021; Ghasemaghaei
and Calic, 2020) to operationalize our explanatory
variables, namely (1) Big Data Volume, (2) Big Data
Velocity, and (3) Big Data Variety. In particular, in
line with Ghasemaghaei and Calic (2019, 2020),
who followed Johnson et al. (2017), we measured
Big Data Volume, Big Data Velocity, and Big Data
Variety according to a seven-point Likert scale
(ranging from 1, “strongly disagree,” to 7, “strongly
agree”). The Likert scale enables us to indicate the
amount of data collected (Big Data Volume; Wamba
et al., 2015; Cappa et al., 2021), the speed and the
frequency of processing and integrating data (Big
Data Velocity; Ghasemaghaei and Calic, 2020), and
the assortment of data per observation (Big Data
Variety; Wamba et al., 2015; Cappa et al., 2021).
By sourcing from the answers to the questionnaire,
both Big Data Volume and Big Data Velocity consist
of four items, whereas Big Data Variety consists of
three items. Then, to operationalize them, we took
the average score of the several responses (further
details are reported in Appendix A).

3.3. Control variables

Consistent with prior research investigating the
features of SMEs (Scuotto et al., 2017; Messeni
Petruzzelli et al., 2022), our model incorpo-
rated several control variables sourced from the
answers to the questionnaire. First, a crucial fac-
tor in explaining the adoption of Big Data within

Percentage
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Figure 2. Percentage frequency of firms’ regional distribution.
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SME:s is their absorptive capacity, that is, the firm’s
ability to capture and effectively leverage exter-
nal knowledge (Zahra and George, 2002). This
absorptive capacity is quantified through the ratio
of R&D expenditures to total revenues (Zahra and
George, 2002; Cassetta et al., 2020). More con-
cretely, we operationalized it as zero (lower than
5%), one (between 5% and 10%), two (between
11% and 20%), three (between 21% and 30%), or
four (higher than 30%).

Second, we included SME’s age at the time of
the survey because of its influence on the adoption
of Big Data (Kelly and Amburgey, 1991; Messeni

051
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Figure 3. Percentage frequency distribution of respondents’ age
classes.
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Petruzzelli et al., 2022). On one hand, older SMEs
may struggle with organizational inertia issues
(Kelly and Amburgey, 1991). Conversely, younger
SMEs can have a potential lack of human and finan-
cial resources (Messeni Petruzzelli et al., 2022).

Third, we incorporated SMEs’ size by introduc-
ing the number of employees referring to year 2023.
In fact, previous studies found that the relative size of
the company is very relevant among SMEs (Arbore
and Ordanini, 2006; Horvath and Szabd, 2019).

Fourth, we considered the number of patents
related to Big Data (Martinelli et al., 2021), a vari-
able related to the data skills among employees
(Damij et al., 2022).

Fifth, we assessed whether the SME operates in
a high-tech industry or not, since recent studies have
shown that the technological intensity of the busi-
ness sector may exert influence on the likelihood of
adopting Industry 4.0-related technologies (Messeni
Petruzzelli et al., 2022). Lastly, by following Cappa
et al. (2021), we controlled for the Industry R&D
intensity by implementing the taxonomy accord-
ing to firms’ European Classification of Economic
Activities (NACE) developed by Galindo-Rueda and
Verger (2016) and by operationalizing it as a categor-
ical variable: high, medium—high, medium, medium—
low, and low R&D intensity.

Further details pertaining to the operationaliza-
tion of these variables can be found in Appendix A.
Table 1, instead, reports the abbreviations of all
variables included in the empirical models and the
descriptive statistics of discrete and continuous
variables.

0.4+

0.39
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0.1+

0.01

High School Bachelor Degree Master Degree

MBA Other

Respondents' educational levels

Figure 4. Percentage frequency distribution of respondents’ educational level.
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Table 1. Abbreviations and descriptive statistics

Description Abbreviations Observations ~ Mean SD Min  Max
Open innovation breadth Ol breadth 123 3.11 1.87 1 8
Open innovation depth OI depth 123 2.05 1.34 1 7
Average of Big Data Volume Big Data Volume 123 4.96 1.46 1 7
Average of Big Data Velocity Big Data Velocity 123 4.51 1.33 1 7
Average of Big Data Variety Big Data Variety 123 4.7 1.46 1.33 7
R&D expenditures on revenues <5% R&D exp <5%
R&D expenditures on revenues between  R&D exp 5%—10%

5% and 10%
R&D expenditures on revenues between  R&D exp 11%-20%

11% and 20%
R&D expenditures on revenues between  R&D exp 21%-30%

21% and 30%
R&D expenditures on revenues more R&D exp >30%

than 30%
Firm’s age Age 123 4093 2191 3 120
Firm’s size Size 123 101.81 4194 14 200

Dummy variable for patents developed
by using Big Data

Dummy variable for technological
intensity industry

High R&D intensity industry
Medium-high R&D intensity industry

Medium R&D intensity industry
Medium-low R&D intensity industry

Patents Big Data
Tech int ind

High R&D int ind

Med-high R&D int
ind

Med R&D int ind

Med-low R&D int ind

Low R&D int ind

Low R&D intensity industry

In Figures 5-8, we show the frequencies of cat-
egorical and dummy variables: R&D expenditures,
Patents Big Data, Technology intensity industry, and
Industry R&D intensity, respectively.

Table 2 illustrates the variance inflation factor
(VIF) for each independent and control variable and
the correlation matrix among the variables included
in the empirical estimation. The highest correlation
is between the three independent variables Big Data
Volume, Big Data Velocity, and Big Data Variety. To
address possible issues related to multicollinearity,
we checked the value of VIF that resulted below a
cut-off value of 10 for all the variables included in
our regressions (Kutner et al., 2005).

3.4. Estimation method

In the empirical estimation, the dependent vari-
ables are discrete and non-negative count data.
Accordingly, we propose a negative binomial regres-
sion approach by following previous literature
analyzing the relationship between Industry 4.0 tech-
nologies and OI (Messeni Petruzzelli et al., 2022).
The negative binomial model is a generalization of
the Poisson model in which the Poisson parameter

10 R&D Management 2024

is represented as A(X) = VeX'#, where V is a random
variable with a Gamma distribution, and it allows to
address overdispersion (Cameron and Trivedi, 2013;
Hilbe, 2014). We computed our regression models
by using bootstrapped cluster-robust standard errors
at the regional level to correct for heteroskedastic-
ity and to account within-group dependence in the
presence of a small number of clusters (Cameron
et al., 2008). The empirical models that we estimate,
in general, are specified as follows:

Y =f(Big Data Volume, Big Data Variety, Big

Data Velocity, Control variables)

where Y represents OI Breadth and OI Depth in the
empirical models we estimate.

4. Results

Table 3 reports the results of the negative bino-
mial regression models on the variable OI Breadth.
Column 1 shows the results of the baseline model
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in which we regress the 3 “Vs” of Big Data (i.e.,
Big Data Volume, Big Data Variety, and Big Data
Velocity) on OI Breadth. Column 1 indicates that
the estimated coefficient associated with Big Data
Volume is negative but non-statistically significant
(B=-0.0847, p-value>0.1). Big Data Velocity is pos-
itive and non-statistically significant (f=0.0461, p-
value>0.1). Then, Big DaAta Variety is positive and
statistically significant (f=0.0821, p-value<0.1).
However, the baseline model in Column 1 is affected
by omitted variable bias, underestimating the coef-
ficient of the independent variables. Hence, to solve
this issue, we introduced a set of control variables. In

© 2024 The Author(s). R&D Management published by RADMA and John Wiley & Sons Ltd.

Column 2, we added categorical variables to address
the role of R&D expenditures on OI Breadth because
the ratio of R&D expenditures to total revenues indi-
cates firm’s ability to capture and effectively lever-
age external knowledge (Zahra and George, 2002;
Cassetta et al., 2020). In Column 3, we also con-
trolled for Age and Size of the firms to account for
the heterogeneity of Italian SMEs. In Column 4, we
introduced the dummy Patents Big Data to control
firms’ application of patents developed using Big
Data. In Column 5, we also assessed if the SMEs
operate in a high-tech industry by introducing the
dummy Technology intensity industry, while in
Column 6, we controlled for the Industry R&D inten-
sity. We did not find stable effects of the control vari-
ables. However, by controlling for omitted variables,
from Column 2 to Column 6, we have been able to
overcome the underestimation of the coefficients due
to the presence of omitted variable bias in Column
1. Column 2 indicates that the estimated coefficient
associated with Big Data Volume is negative and
statistically significant (ﬁ=—0.0983, p-value<0.1),
while Big Data Velocity and Big Data Variety are pos-
itive and statistically significant (ﬁ:0.0533, p-value
<0.1; ﬁ=0.0934, p-value<0.1, respectively). The
magnitude and statistical significance of Big Data
Volume, Big Data Velocity, and Big Data Variety then
are confirmed from Column 3 to Column 6 and, as
a result, H1, H2, and H3 are confirmed. More spe-
cifically, the impact of Big Data Volume on SMEs’
Ol breadth is negative and statistically significant,
thereby confirming H1. In other terms, the availabil-
ity of large size of data diminishes the development
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of inter-organizational relationships. Moreover, the
introduction of omitted variables leads us to confirm
H2 due to Big Data Velocity being positive and sta-
tistically significant. Hence, Big Data Velocity stim-
ulates the search for the appropriate external partner
in the Italian SMEs. Lastly, Big Data Variety is pos-
itive and statistically significant, confirming H3 and
indicating that different types of data encourage the
search for inter-organizational relationships.

Table 4 reports the results of the negative binomial
regression models on the variable OI Depth. Contrarily
to the findings pertaining to OI Breadth, even after
accounting for potential omitted variables from
Column 2 to Column 6, our analysis shows that Big

104
100
751
50
251
19
o -
0 1

Technology intensity industry

count

Figure 7. Frequency distribution of technology intensity industry.

Data Volume, Big Data Velocity, and Big Data Variety
exhibit positive associations, yet these relationships
are not statistically significant. Consequently, we
do not find support for H4, H5, and H6. Results for
hypotheses testing are reported in Table 5.

5. Discussion

In this paper, we contribute to previous studies by con-
sidering the role of the “3Vs” of Big Data. Drawing
on extant literature, we have examined the impact of
Big Data Volume, Velocity, and Variety on SMEs’ OI
search strategies, being them OI breadth and depth.
Both explanatory and dependent variables have been
computed by following well-known measures in Big
Data and Ol literature (Ghasemaghaei, 2021; Messeni
Petruzzelli et al., 2022). Albeit more objectives mea-
sures can be used (Acciarini et al., 2023), our paper
might be the first attempt to develop a comprehensive
recognition about the influence of Big Data charac-
teristics on Ol in the context of Italian SMEs.

Our results show that each Big Data characteristic
impacts SMEs’ OI breadth, supporting Hypotheses 1,
2, and 3. More specifically, Big Data Velocity and
Variety positively affect SMEs’ OI breadth, while
Big Data Volume has a negative impact. These out-
comes are particularly interesting for three reasons.
First, they confirm what has been found in the work
by Ghasemaghaei and Calic (2020), that is: “Big
Data is not always better data” (Ghasemaghaei and
Calic, 2020, p. 158). Second, our findings enhance
the generalizability of this argument in relation-
ships, whereas the dependent variable is not firm’s

count
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Figure 8. Frequency distribution of R&D intensity.
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Table 2. VIF and correlation matrix

Open innovation and SMEs

VIF Ol breadth OI depth Big Data Big Data  Big Data R&D exp
Variables Volume Velocity Variety <5%
OI breadth 1.0000
OI depth 0.4573 1.0000
Big Data Volume 2.28 -0.0217 0.1137 1.0000
Big Data Velocity 1.53 0.0605 0.1037 0.5348 1.0000
Big Data Variety 1.87 0.0995 0.1277 0.6512 0.3431 1.0000
R&D exp <5% 1.21 -0.1315 —0.1470 -0.0573 —0.1247 0.0035 1.0000
R&D exp 5%-10% 1.26 0.0522 0.0669 0.0151 0.0323 0.0128 —0.6869
R&D exp 11%-20% 1.19 0.1507 0.1544 0.0356 —-0.0228 —0.0481 -0.3757
R&D exp 21%-30% 1.09 —0.0380 —0.0454 0.0315 0.0980 —-0.0156 —0.1594
R&D exp >30% 1.19 -0.0112 —-0.0067 0.0286 0.2235 0.0588 —0.1848
Age 1.11 —-0.1339 —-0.1284 0.0149 0.0308 0.0418 0.1282
Size 1.13 0.0579 —0.1656 0.1991 0.1299 0.1897 —-0.0313
Patents Big Data 1.13 0.1051 0.1078 0.0919 0.0895 0.1371 —-0.1082
Tech int ind 1.08 -0.0171 —0.0331 0.0600 0.1114 0.0720 —0.0887
High R&D int ind 1.23 —-0.0604 -0.0412 —-0.0267 —-0.0193 0.0693 —0.1848
Med-high R&D int ind 1.32 0.0296 -0.1166 0.0694 0.0539 -0.0317 0.0284
Med R&D int ind 1.15 —0.0498 0.0313 0.0526 —0.0249 0.0321 0.0829
Med-low R&D int ind 1.22 —-0.0201 0.0291 —-0.0432 -0.0139 0.0616 0.1617
Low R&D int ind 1.06 0.0339 0.0907 -0.0612 -0.0219 —-0.0497 —-0.1055
R&Dexp R&D exp R&Dexp R&D exp Age Size Patents Big
Variables 5%-10%  11%-20%  21%-30% >30% Data
R&D exp 5%-10% 1.0000
R&D exp 11%-20% —0.2539 1.0000
R&D exp 21%-30% -0.1077  -0.0589 1.0000
R&D exp >30% -0.1249  -0.0683 —-0.0290 1.0000
Age 0.0317  -0.1549 —0.0985 —0.0730 1.0000
Size —-0.0049 0.0635 -0.0674 0.0425 —-0.0339 1.0000
Patents Big Data 0.0765  -0.0513 0.0593 0.1472 0.1705 0.0476 1.0000
Tech int ind 0.1379  -0.1091 0.0637 0.0340 0.0169 0.1027 —0.1150
High R&D int ind 0.2691 —-0.0683 —-0.0290 —0.0336 0.1287 -0.1122 0.0296
Med-high R&D int ind -0.0117  -0.1112 —-0.0027 0.1580 —-0.0324 0.1411 —0.1255
Med R&D int ind -0.0911 0.0573 —0.0496 —-0.0575 0.0375 —-0.0013 0.0689
Med-low R&D int ind -0.1063  —-0.1225 0.1256 —-0.0603 0.0148 —0.1868 -0.0171
Low R&D int ind 0.0309 0.1710 —-0.0337 —0.0698 —0.0454 0.0177 0.0799
Tech int High R&D Med-high  Med R&D Med-low Low R&D int
ind int ind R&D int int ind R&D int ind
Variables ind ind
Tech int ind 1.0000
High R&D int ind 0.2732 1.0000
Med-high R&D int ind -0.1124 —0.1320 1.0000
Med R&D int ind —0.1463 —-0.0575 —-0.2257 1.0000
Med-low R&D int ind -0.0105 —-0.0603 —-0.2368 —0.1030 1.0000
Low R&D int ind 0.1001 -0.1622 —0.6370 —0.2772 -0.2909 1.0000

innovation performance but a firm’s process-related
variable, that is, OI breadth. Third, these findings
reveal that both speed of data and a heterogeneous

© 2024 The Author(s). R&D Management published by RADMA and John Wiley & Sons Ltd.

degree of knowledge lead a SME to stimulating
the search for the right ideas and creative solutions
enhancing the decision-making process within the
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Table 3. OI breadth negative binomial results

Dependent variables: OI breadth

(1) 2 (3) ) 5 (6)
Big Data Volume —-0.0847 —0.0983* —-0.1033* -0.1039* —0.1041%* —-0.1106*
(0.0547) (0.0558) (0.0573) (0.0584) (0.0610) (0.0651)
Big Data Velocity 0.0461 0.0533* 0.0582%* 0.0598** 0.0600%* 0.0578*
(0.0317) (0.0273) (0.0268) (0.0285) (0.0300) (0.0312)
Big Data Variety 0.0821* 0.0934* 0.0941%* 0.0877* 0.0879* 0.0974*
(0.0489) (0.0496) (0.0474) (0.0475) (0.0485) (0.0591)
R&D exp 5%—10% 0.1222 0.1185 0.1009 0.1021 0.1253
(0.1282) (0.1252) (0.1229) (0.1242) (0.1464)
R&D exp 11%-20% 0.3352% 0.2925 0.2882 0.2875 0.3176
(0.1740) (0.1959) (0.1928) (0.1895) (0.1968)
R&D exp 21%-30% -0.0732 —-0.1245 -0.1918 —-0.1899 -0.1960
(0.4144) (0.4231) (0.4948) (0.4998) (0.5191)
R&D exp >30% -0.0661 -0.1182 —-0.1965 -0.1960 —0.2485
(0.5237) (0.5085) (0.5225) (0.5222) (0.4880)
Age -0.0036 —-0.0044 —0.0044%* -0.0041
(0.0025) (0.0027) (0.0027) (0.0025)
Size 0.0005 0.0004 0.0004 0.0001
(0.0012) (0.0012) (0.0013) (0.0010)
Patents Big Data 0.1901 0.1886 0.2148%*
(0.1191) (0.1218) (0.1051)
Tech int ind —-0.0096
(0.1173)
Med-high R&D int ind 0.3700
(0.2615)
Med R&D int ind 0.1977
(0.3262)
Med-low R&D int ind 0.2837
(0.3358)
Low R&D int ind 0.2673
(0.3197)
Constant 0.9566%*%* 0.8563%%#%* 0.9643 %% 0.9993 %% 0.9985%***  (.7060%*
(0.2741) (0.3011) (0.3422) (0.3453) (0.3445) -0.3417
Num. Obs. 123 123 123 123 123 123
AIC 488.33 491.35 493.05 493.07 495.06 499.2
BIC 502.39 516.66 523.99 526.81 531.62 544.2
Loglikelihood -293.16 -236.67 -235.53 -234.53 -234.53 -233.6
Wald test 468.7%** 497 1%#%* 511.6%** 523 3%** 5233 527.3%%*
Pseudo R’ 0.032 0.072 0.090 0.106 0.106 0.12

Bootsrapped cluster-robust standard errors with 1,000 replications.

*Statistical significance at 10% level.
**Statistical significance at 5% level.
***Statistical significance at 1% level.

company, thus influencing collaboration opportuni-
ties (Erevelles et al., 2016; Pedota, 2023).

However, contrary to the expectations, none of the
“3Vs” affect SMEs’ OI depth, rejecting Hypotheses 4,
5, and 6. We did not find any statistically significant
effect. Similar results have been found in the work by
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Johnson et al. (2017), which evidences that a firm’s
exploitation orientation exerts no effect on the 3Vs of
their big data usage. These results may be explicable
through the recognition that possessing an adequate
reservoir of data with requisite attributes, encompass-
ing volume, real-time velocity, and diverse variety,
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Table 4. OI depth negative binomial results

Open innovation and SMEs

Dependent variables: OI depth

(D 2) (3) 4) () (6)
Big Data Volume ~ 0.0097  —0.0018 0.0033 0.0028 0.0028 0.0040
(0.0829)  (0.0922) (0.0860) (0.0880) (0.0921) (0.0933)
Big Data Velocity ~ 0.0303  0.0372 0.0477 0.0507 0.0506 0.0486
(0.0769)  (0.0779) (0.0745) (0.0739) (0.0771) (0.0745)
Big Data Variety ~ 0.0420  0.0518 0.0667 0.0599 0.0598 0.0620
(0.0574)  (0.0605) (0.0537) (0.0568) (0.0581) (0.0645)
R&D exp 5%—10% 0.1533 0.1520 0.1301 0.1297 0.1693
(0.1217) (0.1235) (0.1068) (0.1041) (0.1183)
R&D exp 0.3481 0.3423 0.3343 0.3345 0.3289
11%-20% (0.2407) (0.2652) (0.2635) (0.2722) (0.2803)
R&D exp -0.1341 —0.2640 -0.3317 -0.3328 -0.3287
21%-30% (0.3926) (0.2988) (0.3612) (0.3812) (0.3603)
R&D exp >30% -0.0094 —0.0464 -0.1186 -0.1193 -0.0666
(0.4670) (0.3716) (0.4565) (0.4635) (0.4273)
Age -0.0040 -0.0050 -0.0050 -0.0047
(0.0030) (0.0032) (0.0032) (0.0032)
Size —0.0036%** —0.0037%* —0.0037%** —0.0038%*
(0.0015) (0.0015) (0.0015) (0.0015)
Patents Big Data 0.2169 0.2174 0.1956
(0.2578) (0.2616) (0.2509)
Tech int ind 0.0034
(0.1413)
Med-high R&D 0.2427
int ind (0.3218)
Med R&D int ind 0.3671
(0.3314)
Med-low R&D int 0.3545
ind (0.2733)
Low R&D int ind 0.3363
(0.3174)
Constant 03310 02151 0.5997% 0.6382%* 0.6385%* 0.3125
(0.2460)  (0.2455) (0.2891) (0.3164) (0.3178) (0.3635)
Num. Obs. 123 123 123 123 123 123
AIC 40539  409.4 406.63 406.9 408.9 4137
BIC 41945 43471 437.57 440.64 44546 458.7
Loglikelihood -197.69 -195.7 -192.32 -191.45 -191.45 -190.86
Wald test 133.4%%%  40.3%%% 151.8%*x 154. 7% 154. 7% 156.6%+*
Pseudo R’ 0.024 0.068 0.142 0.161 0.161 0.174

Bootsrapped cluster-robust standard errors with 1,000 replications.
*Statistical significance at 10% level.

**Statistical significance at 5% level.

*##%Statistical significance at 1% level.

within a SME, imparts a comprehensive understand-
ing of the potential environmental threats and oppor-
tunities. This heightened awareness, in turn, may
prompt SMEs to actively seek and acquire finely
tailored external knowledge tailored to its specific
context. Consequently, this obviates the necessity

© 2024 The Author(s). R&D Management published by RADMA and John Wiley & Sons Ltd.

for intensifying interorganizational relationships in
pursuit of domain-relevant knowledge, as the firm is
already equipped with the capacity to address its dis-
tinctive informational requirements effectively.

The above-discussed results underscore that
Big Data can be a valuable resource that can bring
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Table 5. Results for hypothesis testing

Hypotheses Confirmed

3Vs of Big Data and SMEs’ OI breadth
H1: Big Data Volume is negatively Yes
correlated with SMEs’ OI breadth
H2: Big Data Velocity is positively Yes
correlated with SMEs’ OI breadth
H3: Big Data Variety is positively Yes
correlated with SMEs’ OI breadth
3Vs of Big Data and SMEs’ OI depth
H4: Big Data Volume is negatively No
correlated with SMEs’ OI depth
HS: Big Data Velocity is positively No
correlated with SMEs’ OI depth
H6: Big Data Variety is negatively No
correlated with SMEs’ OI depth

SMEs to activate external collaborations with dif-
ferent types of organizations, thereby overcoming
the limitations that attain to their size, resource
constraints, and managerial ambitions (Spithoven
et al., 2013; Dooley and O’Sullivan, 2018): that
is, when it is characterized by high velocity and
variety. However, Big Data only contributes to
the formation of new collaborations not to their
strengthening. SMEs can eventually collaborate
more often with their partners in the presence of a
high value of veracity, further benefiting the “qual-
ity” of the collaboration. In the following sub-
sections, we document papers’ contributions and
limitations and identify some avenues for further
research.

5.1. Contributions

Based on the above results, this article provides three
substantive theoretical contributions. First, our arti-
cle augments the corpus of literature dedicated to
OlI by offering insightful revelations that facilitate a
more nuanced comprehension of the nascent associa-
tion between Big Data and OI, as delineated in extant
studies (Enkel et al., 2020; Acciarini et al., 2023;
Cappa et al., 2023). Differently from the findings
advanced by Messeni Petruzzelli et al. (2022), who
have posited that OI breadth engenders the pro-
pensity of SMEs to embrace Industry 4.0 technol-
ogies, encompassing Big Data analytics, our thesis
posits, and substantiates, an opposite proposition.
Specifically, in accordance with the empirical under-
pinnings of our research, it is evident that the salient
attributes of Big Data — that is, Volume, Velocity,
and Variety — exert a discernible influence upon the
ambit of OI initiatives undertaken by SMEs. More
importantly, the theoretical salience of our findings
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contributes to the R&D management field and more
specifically to the work by Enkel et al. (2020). In fact,
these authors underscore the need for deeper inquiry
into “which influence has big or linked data on OI”
(Enkel et al., 2020, p. 165). In our study, we tackle
this issue by examining the impact of the 3Vs of
Big Data on SMEs’ OI search strategies. Moreover,
our findings contribute to other studies close to the
R&D management field that convey suggestions
converging upon the notion that, within the milieu
of SMEs, “Big Data can support the conception and
execution of an OI strategy for making companies
more competitive (Chesbrough, 2011; Ollila and
Elmquist, 2011) and opening new entrepreneurial
opportunities (Eftekhari and Bogers, 2015)” (Del
Vecchio et al., 2018, p. 10). As such, our study also
suggests that Big Data can represent a valuable inter-
nal resource for SMEs, thereby contributing to extant
studies claiming the urgency to develop a RBV of
Big Data (Akhtar et al., 2019).

Second, our article contributes to the Big Data lit-
erature by suggesting that the influence of Big Data on
SMESs’ Ol is not always positive (Johnson et al., 2017,
Ghasemaghaei and Calic, 2019). In other terms, tak-
ing into consideration that the Big Data characteristics
can reveal the “dark side” of this technology thereby
implies that their use has not always good outcomes
(Ghasemaghaei and Calic, 2019). As such, our study
suggests that while the velocity and variety of data,
that SMEs process, bring them to form OI relationships
with different partners, the volume of data processed
implies a negative effect on OI breadth. As a net result,
the influence of Big Data depends on the Big Data
characteristic we consider. This finding seems to be in
line with previous literature investigating the impact
of Big Data characteristics on innovation performance
(Ghasemaghaei and Calic, 2020). More specifically,
our findings augment the generalizability of the thesis
“Big Data is not always better data” (Ghasemaghaei
and Calic, 2020, p. 158) in relationships, whereas the
dependent variable is not firm’s innovation perfor-
mance but a firm’s process-related variable, namely,
Ol breadth. Moreover, in line with previous studies, we
found that both data velocity and data variety lead a
SME to stimulate the search for the right ideas and cre-
ative solutions enhancing the decision-making process
within the company, thereby influencing collaboration
opportunities (Erevelles et al., 2016; Pedota, 2023).

Third, our article enriches the flourishing por-
tion of literature investigating OI in the context
of SMEs. The extant body of literature predomi-
nantly relies upon empirical substantiation gleaned
from extensive investigations conducted within
the milieu of large firms (Spithoven et al., 2013).
Prevalent paradigms of best practices in the realm

© 2024 The Author(s). R&D Management published by RADMA and John Wiley & Sons Ltd.

85U8D 17 SUOWILIOD 3RS0 3(geotdde 3y} Aq peusenob afe Sapiie YO ‘SN Jo S9IN 104 A%eiq 1T 8UIUO AB|IM UO (SUOIPUOD-PUE-SWUS}L0D A8 | IM Al [oul JUO//STNY) SUORIPUOD PUe SWB L 38U} &3S *[7202/0T/20] Uo AigiTauliuo A8|im * 10 euuY Blues aioliedns jonos - oubuised 01N AQ £2/2T WPeTTTT 0T/I0p/wo0 A 1M Arelq 1 pul|uo//Sdny woJ papeojumoq ‘0 ‘0TE6L9YT



of OI have been extensively documented and
applied in diverse sectors, including manufactur-
ing (Laursen and Salter, 2006), healthcare (Hughes
and Wareham, 2010), pharmaceuticals (Bianchi
et al., 2011), automotive (Ili et al., 2010), and
the food industry (Sarkar and Costa, 2008). It is
noteworthy, however, that the diffusion and imple-
mentation of OI practices within the context of
SMEs can be favored by the rapid adoption of Big
Data. SMEs can reveal unexpected and surprising
results since their limitations and flexibility might
lead them to innovative solutions in this context.
As such, the findings of our article seem to reveal
some nuances that contribute to recent studies call-
ing for more quantitative studies on the impact of
Big Data on OI in the specific context of SMEs
(Del Vecchio et al., 2018). Utilizing Big Data can
serve as a valuable resource for SMEs, enabling
them to initiate partnerships with a diverse range
of organizations. This allows them to overcome the
constraints associated with their size, resource lim-
itations, and managerial aspirations, as emphasized
by previous studies (Spithoven et al., 2013; Dooley
and O’Sullivan, 2018). This is particularly true
when Big Data is marked by rapid data generation
and diverse sources. Nevertheless, it is essential to
note that while Big Data facilitates the creation of
new collaborations, it does not necessarily enhance
existing ones.

This study also offers valuable practical insights
for SMEs’ owners-managers. In fact, our findings
underscore how SMEs can benefit from leveraging
Big Data to initiate and facilitate external collabo-
rations, which can enhance their innovation efforts.
However, SMEs’ decision makers should be cau-
tious about expecting Big Data to directly impact
the depth of these collaborations. Moreover, they
should carefully consider how to utilize Big Data in
their innovation and collaboration strategies, tak-
ing into account that the impact may vary depend-
ing on the specific characteristics of the Big Data
involved.

5.2. Limitations and future research
directions

Although this paper may contribute to a better
understanding of Big Data characteristics affecting
SMEs’ propension to adopt OI, a few limitations
must be taken into account: first, the OI typology
on which we based our study. We are aware that
extant studies recognize other OI practices that
we do not consider in our research. For instance,
Gassmann et al. (2010) take a “process perspective”
by discussing these practices in terms of inbound,

© 2024 The Author(s). R&D Management published by RADMA and John Wiley & Sons Ltd.
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outbound, and coupled OI processes. Future stud-
ies may replicate our approach by also considering
alternative OI practices.

Second, the “Vs” of Big Data characteristics we
consider. As noted by Ghasemaghaei (2021), both
Big Data Veracity and Big Data Value are crucial
characteristics that work as functions of Big Data
Volume, Variety, and Velocity. It would be interesting
to understand whether they mediate or moderate the
relationships we found in our study or they are more
related to OI depth.

Third, we have examined the effects of Big Data
on SMEs’ Ol in a very specific context: Italian SMEs.
We recognize that the generalizability of our results is
limited to this type of organization operating in this
specific country. Future studies could investigate what
are the effects of Big Data characteristics on SMEs’
Ol in other countries. Likewise, this study focuses on
SMEs. Future research may examine the impact of
Big Data characteristics in other types of firms, such
as older firms, large firms, or start-ups.

Fourth, these effects are analyzed separately
instead of following an integrated logic. Albeit the
VIF test has shown that there are no critical values of
multicollinearity between Big Data Volume, Big Data
Velocity, Big Data Variety, we are completely aware
about the fact that there could be an important expla-
nation effect by considering the interaction of the Vs
(Cappa et al., 2021). Therefore, we suggest that future
research may conduct a Qualitative Comparative
Analysis to enrich our understanding of the impact of
the 3Vs of Big Data on firm’s innovation outcomes.

Fifth, other Industry 4.0 technologies may affect
SMEs’ OL In this study, we have focused our atten-
tion on Big Data. It might be interesting to study
whether the impact of other Industry 4.0 technologies
on SMEs’ OI differ by considering the technologi-
cal features that epitomize a specific technology. For
instance, future studies may explore whether Industry
4.0 base technologies and front-end technologies
(Frank et al., 2019) impact differently on SMEs’ OL

Sixth, a limitation of the paper is its exclusive focus
on SMEs’ strategies for addressing Big Data, overlook-
ing detailed insights into data collection and analysis
methods. This raises important questions for future
research: How do SMEs collect and analyze data?
Which business functions predominantly engage with
Big Data in SMEs? Exploring these areas could offer a
more comprehensive understanding of Big Data’s role
in SMEs and its operational and strategic implications.

Finally, in this study, we have analyzed what Big
Data characteristics affect SMEs’ propensity to adopt
OI. However, we have not investigated whether Big
Data characteristics impact on OI can be reflected in
SME’s innovation performance. Future studies may
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conduct econometric analysis that can assess the
mediation effects of Big Data characteristics on the
relationship between the SMEs OI and their innova-
tion performance.
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Notes

' We decided to analyze the individual attributes (3Vs)
of Big Data separately instead of following an in-
tegrated logic according to the empirical work by
Ghasemaghaei and Calic (2020), which suggests this
kind of approach in investigating the effects of the
3Vs of Big Data on innovation outcomes. This may
be related to the fact that, for instance, relying on a
huge amount of data does not necessarily mean rely-
ing on up-to-date data and/or data based on multiple
sources. Moreover, up-to-date data do not necessar-
ily mean multiple sources of data. In this sense, the
3Vs of Big Data represent the main basic charac-
teristics upon which other Vs can be built, like, for
instance, “veracity” and “value” (Cappa et al., 2021;
Ghasemaghaei, 2021). The VIF test that we will
provide later in this work supports this discourse.
However, we are completely aware about the fact
that there could be an important explanation effect
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while considering the interaction of the Vs (Cappa
et al., 2021). Therefore, the individual analysis can
be considered both a limitation of our study and a
fruitful avenue for further research. We are grateful to
Reviewer 3 for suggesting us to clarify this aspect in
our paper.

Alongside these three dimensions, the research has
recently suggested the introduction of other two Vs,
namely Data Veracity and Data Value (Ghasemaghaei
and Calic, 2020; Ghasemaghaei, 2021). Data verac-
ity arises from high quality of data (Ghasemaghaei and
Calic, 2020). Data value, instead, emerges from high
data in terms of volume, velocity, and variety. Despite
their importance, we do not include these Big Data
characteristics in our study because “despite the differ-
ences in conceptualization of the BDAC construct, most
scholars seem to settle on a three-dimensional approach:
volume, variety, and velocity (McAfee et al., 2012;
Chen and Zhang, 2014; Johnson et al., 2017; Vitari and
Raguseo, 2020). In following these studies, therefore, we
conceptualize BDAC as a three-dimensional construct,
with the component elements volume, variety, and veloc-
ity of big data” (Olabode et al., 2022, p. 1219).

To test whether the final sample size is reliable, we cal-
culated the minimum number of necessary samples for a
finite population. The equation for calculating the sample
size is: Minimum sample size = %, where N

1+ %

represents the population size, z is the z score for the
confidence interval, € is the margin of error, and p the
population proportion which represents the percentage
of the value associated to the survey. In our case, N is
equal to 19,722, the confidence interval is set at 95%,
while the margin of error ¢ is set at 8%. The population
proportion of firms implementing big data is unknown,
but we infer it by calculating the ratio of sampled firms’
implementing big data over the total number of firms
contacted. Then, we set the population proportion at
26.22% (210/801), which provide 116 firms as a mini-
mum sample size for our survey.
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