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Despite the considerable attention from both academics and practitioners to the effects of big data on firms’
innovation performance, a noticeable research gap remains in understanding how big data influences different
types of innovation—namely, radical and incremental innovation. Many studies recognize that big data can be a
valuable source of innovation, as it enables firms to gather and incorporate insights from customers, partners,
suppliers, and other stakeholders. However, prior research has rarely investigated this relationship through a
granular lens, failing to distinguish the specific effects of big data on radical and incremental innovation.
Focusing on firms’ intent of introducing radical and incremental innovation using big data, we employ the
Knowledge Based View and the four well-known dimensions of big data (i.e., volume, velocity, variety, and
veracity) to explore if and when big data is a source of knowledge for radical and incremental innovation.
Performing an OLS regression analysis on a sample of 155 Italian firms, we find that both big data variety and
veracity positively affect firms’ radical and incremental innovation. These findings provide insights about the
conditions under which big data can improve firms’ innovation processes, contributing to a more comprehensive
theoretical understanding of the opportunities big data bring in the context of firms’ product, service and process
innovation. Moreover, our findings offer valuable guidance to managers navigating the complexities of

leveraging big data for new product development.

1. Introduction

Big data is one of the key drivers fostering firms’ innovation per-
formance (Cappa et al., 2021; Ghasemaghaei and Calic, 2020; Nafizah
et al., 2024; Salomo et al., 2008). The increasing digitalization of society
in general and the business environment in particular stimulates the
generation of large amounts of data on both the demand and the supply
side (de Camargo et al., 2018; Ritala et al., 2024). Analyzing such
amount of data is crucial to understand the behavior of a number of
firms’ stakeholders (especially customers) (Bharadwaj and Noble, 2017;
Chen et al., 2012) and to develop new products that satisfy their needs
(Matthias et al., 2015; Zhang et al., 2015) or even anticipate them. In
this vein, research has shown that four characteristics of big data - also
known as 4Vs (Ghasemaghaei and Calic, 2019) - may reveal important
insights for firms’ innovation performance. The 4Vs of big data are big
data volume (i.e., the amount of data collected); variety (i.e., the
assortment of data collected per observation); velocity (i.e., the speed of
generating and analyzing data), and veracity (i.e., the reliability and
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insightfulness of data) (Cappa et al., 2021).

Accordingly, several scholars claim that big data characteristics do in
fact represent an important source for firm’s new product development
(hereafter NPD) process (Davenport and Stephan, 2016; Davenport
et al., 2012; McAfee and Brynjolfsson, 2012) because firms can benefit
from analyzing large amounts of data to develop new products and
services (Bstieler et al., 2018; Johnson et al., 2017; Tan and Zhan, 2017).
In this sense, as stated by Johnson et al. (2017), “one element that may
improve this NPD process is the extent to which firms incorporate in-
sights from customer knowledge (e.g., big data)” (Johnson et al., 2017,
p. 8). Thus, the adoption of big data can increase the quality of
data-driven decisions and, in turn, be considered as a driver of new
product development process (Johnson et al., 2017).

So far, prior works that examined the impact of big data on firms’
NPD have mostly privileged qualitative methodologies (Capurro et al.,
2021; Jagtap and Nguyen Khanh Duong, 2019; Tan and Zhan, 2017) or
approached this relationship by analyzing the effects of big data on
firms’ innovation efficacy vs efficiency (Ghasemaghaei and Calic, 2020)
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or the effects of firms’ exploration and exploitation orientation on big
data usage (Johnson et al., 2017). Surprisingly, no previous study has
tried to analyze the effects of big data on radical and incremental
innovation' (Bstieler et al., 2018; Cappa et al. 2021; Mariani et al.
2023), which is the object of our paper. The theoretical importance of
this issue is highlighted in the work by Mariani et al. (2023, p. 21), who
claimed that a research area that deserves further investigation is to
understand “what are the features of big data (volume, variety, velocity,
veracity, etc.) that are most likely to support incremental and radical
innovation”. In line with this discourse, Cappa et al. (2021) suggest that
“the effects of big data on firm performance could be further analyzed by
considering firm-specific factors, such as the types of innovations
delivered to the market, for example, incremental versus radical”
(Cappa et al., 2021, p. 62; based on the work of Cammarano et al.,
2019). Similarly, Bstieler et al. (2018) indicate that “there is still a lack
of understanding of whether and how big data drives radical and
disruptive innovation” (Bstieler et al., 2018, p. 304). Taken together,
these studies suggest that an adequate understanding of big data-firm’s
NPD process requires a careful examination of the impact of big data
characteristics on firms’ radical and incremental innovation. In this
paper, we therefore respond to these recent calls (Bstieler et al., 2018;
Cappa et al., 2021; Mariani et al., 2023). From a managerial perspective,
understanding which specific features of big data (e.g., volume, variety,
velocity and veracity) most effectively support firms’ incremental and
radical innovation is crucial to strategically leverage “smart” data in
new product development, optimize resource allocation, and enhance
firms’ market positioning and innovation performance. As such, the
research question of our paper is “what are the features of big data
(volume, variety, velocity, veracity, etc.) that are most likely to support
incremental and radical innovation”?

To tackle this research question, we ground our study on the
Knowledge-Based View (KBV; Grant, 1996) and propose a theoretical
framework that allows to move beyond a holistic approach (Mikalef
et al., 2019). We offer a more nuanced examination of the conditions
under which big data can be advantageous for firms’ radical and in-
cremental innovation. More specifically, drawing on this theory, we
argue that big data characteristics can be a source of knowledge when
firms are prone to introduce radical or incremental innovation in the
market (Cooper et al., 2023). We hypothesize the effects of big data
volume, variety, velocity and variety on firms’ radical and incremental
innovation. To verify these hypotheses, we perform an OLS regression
analysis on a sample of 155 Italian firms. We decided to focus on Italy
given the significant transition of its firms towards Industry 4.0
(Martinelli et al. 2021), also facilitated by government initiatives over
the past decade, making it an intriguing landscape to study firms’
adoption of big data (Petruzzelli et al., 2022).

On the whole, some of the hypotheses have been confirmed from OLS
regression results and suggest that big data contribute to firms’ radical
innovation only in some specific cases. More precisely, our findings
indicate that both variety and veracity positively affect firms’ radical
innovation. Interestingly, the same features also contribute to incre-
mental innovation. These results allow us to provide a deeper theoretical
understanding of the effects of big data on firms’ innovation perfor-
mance (Johnson et al., 2017; Mikalef et al., 2019; Radicic and Petkovi¢,
2023) and therefore provide an answer to unexplored research gaps in
the innovation management literature (Bstieler et al., 2018; Cappa et al.,
2021; Mariani et al., 2023).

The paper proceeds as follows. In the next section, we review the
literature on big data characteristics and NPD and use the KBV to

! Radical innovations represent major departures from existing capabilities in
the firm, and constitute the basis for completely new products, services or
business models (Ritala and Hurmelinna-Laukkanen, 2013). Instead, incre-
mental innovations refer to minor changes and modification to products and
services (Mikalef et al. 2019: p. 279).
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develop hypotheses about the effects of the 4 V of big data on firms’
radical and incremental innovation. Then, we present the research
methodology, the OLS regression analysis, and the results. After this, we
discuss the findings of the study in the big data and NPD literature,
reporting both theoretical and managerial contributions of our study.
Finally, we describe some limitations of our study and related sugges-
tions for further research.

2. Theoretical framework

2.1. Big data as a source of knowledge for firms’ innovation: beyond a
holistic view in favor of the “4Vs”

Advancements in information technology, the rise of digitalization
and the development of social media, coupled with the diffusion of many
devices that contain sensors and applications, can be considered as the
main drivers of the “big data” phenomenon (Cappa et al., 2021). Ac-
cording to Del Vecchio et al. (2018), big data “refers to any set of data
that, with traditional systems, would require large capabilities in terms
of storage space and time to be analyzed” (Del Vecchio et al., 2018, p. 6).
The availability of this kind of data can be a useful source of competitive
advantage for firms (Acciarini et al., 2023; Del Vecchio et al., 2018),
both in terms of innovation in general, and also — perhaps — in terms of
radical innovation (Mikalef et al., 2019).

From a KBV perspective (Cooper et al. 2023; Grant, 1996), this
means that big data can be considered as a valuable source of knowledge
that allows firms to innovate and develop new products and services. In
this sense, big data can be seen as crucial intangible assets for NPD (de
Camargo et al., 2018). Initially conceptualized by the work of Cooper
(1983) and Cooper and Kleinschmidt (1986), with subsequent revisions
(see Cooper, 1990; Cooper, 2018), the NPD process can be conceived as
a series of phases that start from idea generation and initial screening to
the launch of a new product (Huang et al., 2002). In particular, Cooper
(2018) provides insights regarding the importance of customers’
knowledge in NPD process which can be elaborated upon the adoption
and development of big data analytics capabilities and techniques (Tan
and Zhan, 2017). In particular, within the NPD process, a crucial role is
played by the choice of generating incremental or radical innovation
(Eling et al., 2016; Marzi et al., 2021), respectively defined by Mikalef
etal. (2019, p. 279) as “minor changes and modification to products and
services” and “major departures from existing capabilities in the firm,
which constitute the basis for completely new products, services or
business models”.

With regard to KBV, its application in the big data literature is
extensive (de Camargo et al., 2018; Dwivedi et al., 2011). In fact, this
theory has been playing a crucial role in stimulating discussions about
the knowledge developed from handling large volumes of data,
encompassing tasks such as filtering, analysis, and other elaborate ac-
tions (de Camargo et al., 2018). KBV also addresses the methods of
generating knowledge and value from intangible assets such as big data,
thereby contributing to the creation of value and a competitive advan-
tage for organizations (Cooper et al., 2023; Dwivedi et al., 2011).
Following this theoretical reasoning, several studies suggest that big
data can be considered as a valuable source of knowledge for NPD
(Davenport and Stephan, 2016; Johnson et al., 2017; Mikalef et al.,
2019). In this regard, Johnson et al. (2017) argument that “one element
that may improve this NPD process is the extent to which firms incor-
porate insights from customer knowledge (e.g., big data)” (Johnson
et al., 2017, p. 8).

Adopting the KBV (Cooper et al., 2023; Grant, 1996), we therefore
argue that big data can have an impact on firms’ NPD processes, in
particular in the introduction of radical and incremental innovation. In
this regard, Mikalef et al. (2019) found that big data analytics capability,
which is defined as the ability of a firm to capture and analyze data
towards the generation of insights by effectively orchestrating and
deploying its data, technology and talent (Gupta and George, 2016;
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Mikalef et al., 2018), empowers firms to derive insights that enhance
their dynamic capabilities. This, in turn, has a positive effect on firms’
radical innovation (Mikalef et al., 2019). Despite this insightful indirect
correlation, the authors do not examine the specifics of how big data
analytics capability precisely serves as a catalyst for a firm’s radical and
incremental innovation, thus leaving room for deeper examination.

To offer a more nuanced comprehension of big data as a source of
knowledge for NPD and its impact on firm’s radical and incremental
innovation, we focus on its core characteristics, also known as “4Vs”
(Acciarini et al., 2023; Cappa et al., 2021; Ghasemaghaei, 2021; Gha-
semaghaei and Calic, 2019, 2020): volume (i.e., the amount of data
collected); variety (i.e., the assortment of data collected per observa-
tion); velocity (i.e., the speed of generating and analyzing data)
(Ghasemaghaei and Calic, 2020; Johnson et al., 2017); and veracity (i.e.,
the reliability and insightfulness of data) (Cappa et al., 2021; Ghasema-
ghaei and Calic, 2020). 2

2.2. The “4Vs” of big data and firms’ radical and incremental innovation

Johnson et al. (2017) investigated the intricate relationship between
big data dimensions and new revenues. Their investigation uncovered a
positive correlation between a firm’s exploration orientation and the big
data’s dimensions of volume, variety, and velocity. However, intrigu-
ingly, the study revealed that the firm’s exploitation orientation
exhibited no significant association with the “3Vs” of big data. On the
base of this nuanced - exploration-oriented - finding, we might suggest
that volume, variety, and velocity play a more pronounced role in the
development of radical innovation, rather than in the case of incre-
mental innovation. As a matter of fact, this interpretation is aligned with
the notion that a firm’s exploration orientation, characterized by the
quest for and the acquisition of new knowledge and skills, fosters an
environment conducive to stimulating radical innovations
(Andriopoulos and Lewis, 2009; Atuahene-Gima, 2005; Zhang et al.,
2015).

Contrary to this perspective, Mikalef et al. (2019) do not posit a
differential impact of big data on radical or incremental innovation. This
theoretical ambiguity prompts us to consider both outcomes as poten-
tially associated with the “4Vs” of big data. In the following sub-sections
we formulate and expound upon the research hypotheses, which are
summarized in Fig. 1.

2.2.1. The “4Vs” of big data and radical innovation

Relying extensively on vast amounts of data can offer numerous
advantages to a firm, such as facilitating market capturing and
enhancing the understanding of customer needs (Du and Kamakura,
2012). However, the assertion that “big data is not always better data”
challenges such a notion (Ghasemaghaei and Calic, 2020, p. 151).
Building on previous research, we contend that the volume dimension of
big data may particularly undermine firms’ radical innovation (Cappa
et al., 2021). First, in the customer domain of the NPD process (Tan and
Zhan, 2017), large datasets often fail to capture breakthrough insights

2 In addition to the widely acknowledged dimensions of volume, variety,
velocity, and veracity, recent research has proposed further dimensions such as
value (Cappa et al.,, 2021) and variability (Ghasemaghaei and Calic, 2019).
Data value refers to the extent to which data - often derived from volume,
velocity, and variety - can generate meaningful insights for decision-making,
while data variability captures the inconsistency and unpredictability in data
flows, formats, semantics, and quality. Despite the growing interest in these
additional dimensions, our study focuses on the core Vs—volume, velocity,
variety, and veracity—as they remain the most consistently adopted in empir-
ical research on big data. This choice is also aligned with the specific research
gap we found in the literature and highlighted by Mariani et al. (2023, p. 21),
who call for further exploration of "what are the features of big data (volume,
variety, velocity, veracity, etc.) that are most likely to support incremental and
radical innovation.”
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needed for radical innovation, as they tend to reflect mainstream pref-
erences and contain biases linked to specific social groups (Chang,
2021). Second, the cognitive constraints of human resources become
particularly acute when dealing with radical innovation, as managers
struggle to identify which unconventional data patterns merit attention
amidst vast data volumes (Cappa et al., 2021; Prescott, 2016). Conse-
quently, the substantial volume of big data may detrimentally affect idea
generation quality, thereby reducing the likelihood of adopting radical
innovation. In summary, while an ample volume of data can bring
benefits, an excess of data could impede firms from fostering radical
innovation. Therefore, we propose the following hypothesis:

H1. Big data volume has a negative effect on firms’ radical innovation

In contrast to the first dimension, the dimension of data variety
emerges as a particularly potent enabler of radical innovation (Cappa
et al., 2021; Ghasemaghaei and Calic, 2019). More specifically, the
integration of both structured and unstructured data sources provides
firms with heterogeneous knowledge inputs that are critical for identi-
fying disruptive opportunities (Cappa et al., 2021; Dean et al., 2023).
This diversity allows firms to detect latent customer needs and atypical
market patterns that conventional data sources might overlook, directly
enhancing the novelty and originality of generated ideas - two hallmarks
of radical innovation. By combining multiple data perspectives, firms
can overcome the "dominant logic" trap that often constrains break-
through thinking (Johnson et al., 2017). We therefore hypothesize:

H2. Big data variety has a positive effect on firms’ radical innovation.

In line with big data variety, the dimension of data velocity appears
to contribute positively to firms’ radical innovation outcomes
(Ghasemaghaei and Calic, 2019) by enabling real-time adaptation dur-
ing the NPD process (Rakshit et al., 2021). In fast-moving environments
where customer preferences evolve rapidly, the ability to process and act
on fresh data streams allows firms to: (1) identify emerging needs before
competitors (Ahmad et al., 2013), (2) rapidly prototype and test
disruptive concepts (Dobbs et al., 2015), and (3) shorten the learning
cycles essential for radical innovation (Ghasemaghaei and Calic, 2020).
This temporal advantage is particularly crucial for radical innovations,
which often target nascent or shifting market segments (Johnson et al.,
2017). In line with the above arguments, we hypothesize the following
relationship:

H3. Big data velocity has a positive effect on firms’ radical innovation.

In harmony with the big data dimensions of variety and velocity, the
dimension of veracity emerges as a crucial determinant with a positive
impact on firm radical innovation outcomes, as indicated by Cappa et al.
(2021). “Veracity” refers to the imperative of relying on confident and
reliable interpretations of large, diverse, and up-to-date data, a notion
echoed by Del Vecchio et al. (2018). In the context of the NPD process,
high-veracity data plays a crucial role in reducing the uncertainty that
typically characterizes radical innovation efforts. First, it offers vali-
dated and trustworthy signals about customer needs that may not yet be
explicitly expressed or codified, thereby facilitating the anticipation of
latent demands before competitors can act (Urbinati et al., 2018). Sec-
ond, the use of reliable data minimizes the likelihood of false positives in
opportunity identification—a common pitfall in radical innovation,
where managers might otherwise be misled by noise or anecdotal evi-
dence (Cooper et al., 2023). Third, high-veracity data supports more
confident and evidence-based resource allocation toward projects that
are inherently high-risk and potentially high-reward (Cappa et al.,
2021). In this sense, it is plausible to hypothesize that the higher the
veracity of big data, the higher the intensity of radical innovation.
Therefore, we posit the following relationships:

H4. Big data veracity has a positive effect on firms’ radical innovation.
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Fig. 1. Research framework.

2.2.2. The “4Vs” of big data and firms’ incremental innovation

Moving to firms’ incremental innovation, existing studies highlight
that the “4Vs” of big data (i.e. volume, variety, velocity, and veracity)
can represent a source of knowledge for introducing minor changes to
existing products in the market (Mikalef et al., 2019; Cappa et al., 2021).
As regards big data volume, existing studies show that the exponential
increase in big data volume can negatively affect firms’ incremental
innovation processes (Ghasemaghaei and Calic, 2020). While large
datasets promise enhanced decision-making capabilities, their sheer
volume can overwhelm firms, leading to inefficiencies in extracting
actionable insights (Ghasemaghaei and Calic, 2020). Incremental
innovation depends on targeted, context-specific information, while
excessive volume may obscure relevant signals within redundant or
irrelevant information (Mikalef et al., 2019). Moreover, recent studies
highlight the operational bottlenecks caused by data overload (Acciarini
et al. 2023). High volumes of data require substantial computational and
human resources, diverting focus from refining existing processes or
products (Sivarajah et al., 2024). Additionally, biases in dataset con-
struction may lead firms to prioritize misleading insights, resulting in
inefficient innovation strategies (Chang, 2021). In this regard, the
cognitive limitations of decision-makers further exacerbate these chal-
lenges. Employees tasked with processing large volumes of information
may face difficulties identifying relevant patterns, delaying or derailing
iterative improvements (Prescott, 2016). Moreover, managing extensive
datasets often necessitates costly infrastructure upgrades, which may
divert funds from incremental innovation activities (Tan and Zhan,
2017). Therefore, in line with the above arguments, we hypothesize the
following relationship:

H5. Big data volume has a negative effect on firms’ incremental
innovation.

The variety of big data, encompassing diverse sources, such as
customer feedbacks, market trends, and internal operations, plays an
important role in driving incremental innovation. Firms can integrate
heterogeneous data—such as customer feedback, operational metrics,
and market signals—to identify subtle trends and opportunities for
gradual refinement of products or processes (Mikalef et al., 2019). This
diversity enhances adaptive learning and enables more nuanced,
fine-tuned innovations that respond to evolving customer needs, which
is essential for sustaining incremental innovation (Ghasemaghaei and
Calic, 2020). Scholars suggest that the breadth of data variety enables
firms to identify incremental opportunities that might not be apparent
from a single data source, facilitating refined decision-making and
agility in responding to consumer preferences (Capurro et al., 2021).
Moreover, firms can leverage diverse data sources to increase their ca-
pacity for adaptive learning, allowing them to incrementally evolve
their offerings in alignment with changing market conditions (Mikalef
et al., 2021). Therefore, we hypothesize that:

H6. Big data variety has a positive effect on firms’ incremental
innovation.

Big data velocity, characterized by the speed at which data is

processed and analyzed, positively influences firms’ incremental inno-
vation by enabling timely decision-making and quick adaptation to
market changes (Ferrigno et al., 2024; Mikalef et al., 2019). The rapid
processing of real-time data allows firms to quickly identify gaps in their
operations or products, which in turn facilitates continuous improve-
ments (Ghasemaghaei and Calic, 2019). Rapid data flows also foster
dynamic knowledge exchange, both internally and externally, rein-
forcing the agility needed for incremental innovation in competitive
contexts (Erevelles et al., 2016; Dagnino et al., 2021). By accelerating
decision-making cycles, big data velocity fosters quicker responses, en-
hances adaptability, and drives ongoing, small-scale improvements
critical for firms’ incremental innovation. Consequently, we surmise
that:

H7. Big data velocity has a positive effect on firms’ incremental
innovation.

Big data veracity, referring to the accuracy and trustworthiness of
data, is equally vital driving firms’ incremental innovation (Acciarini
et al., 2023; Cappa et al., 2021; Wamba et al., 2021). Accurate and
reliable data allows firms to make informed decisions, reduce uncer-
tainty, and minimize the risk of costly errors (Cappa et al., 2021). When
data is trustworthy, firms can make more confident refinements to
products or internal processes, minimizing the risk of missteps and
reinforcing the effectiveness of innovation routines (Acciarini et al.,
2023). Moreover, Veracity also enhances trust in inter-organizational
collaboration, enabling coordinated incremental innovations across
the value chain (Cappa et al., 2021). Lastly, high trustworthy data en-
ables firms to identify improvement opportunities with greater preci-
sion, supporting the continuous, small-scale innovations that
characterize incremental innovation (Wamba et al., 2021). As firms
increasingly rely on accurate data, they can enhance their
decision-making processes and continuously refine their existing offer-
ings, thereby sustaining incremental innovation. Therefore, we hy-
pothesize that:

H8. Big data veracity has a positive effect on firms’ incremental
innovation.

3. Data and methodology
3.1. Data collection

To test our hypotheses, we collected data on the “4Vs” of big data
from Italian firms. In particular, we decided to consider the Italian
context because in this country a significant percentage of firms are
transitioning toward Industry 4.0 (14.0) (Messeni Petruzzelli et al., 2022;
Mise, 2020). Furthermore, during the last 10 years, the Italian Govern-
ment has launched several plans and ad-hoc interventions with the aim
of stimulating the digitalization of firms and the related adoption of 14.0
technologies, which include big data (Ferrigno et al., 2024; Martinelli
et al., 2021).

We then developed our survey on the basis of the existing literature
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(see Appendix) and before launching it we decided to conduct three
preliminary tests to enhance the quality and the clarity of the ques-
tionnaire, thus increasing the reliability of the data collected (Crick
et al., 2023). In March 2023 we conducted a dual pre-testing phase,
involving both scholars in the fields of NPD and big data (five scholars),
as well as decision-makers and firms’ founders that operate in several
sectors (five individuals). This pre-test was particularly useful to obtain
insights for refining the questions of the surveys, leading to the in-
corporations of established definitions of radical and incremental
innovation (Mikalef et al., 2019), as well as introducing more sophisti-
cated and clear questions toward big data dimensions. Moreover, in
April 2023, a field service company (that was not involved in the
administration of the survey) reviewed the questionnaire. Then, the
survey was validated through multiple rounds of testing with five
companies that utilize big data and with five academics specialized in
big data. In June 2023 we started the data collection by relying on the
support of an external professional agency which targeted a randomly
selected subset of 801 firms. The subset of firms selected by the external
professional agency represented both SMEs and large firms, operating in
different sectors, and representing the geographical distribution of
companies at national level. Between June and August 2023, we con-
tacted the founders and CEOs of these firms using the Computer-Assisted
Telephone Interview (CATI) method and we asked them to fill the sur-
vey. Out of these 801, 210 firms declared to adopt big data and 155 of
them completed the questionnaire, 135 of which were SMEs (less than
250 employees) and 20 were large firms.

To test whether the final sample size was sufficient, we calculated the
minimum number of necessary samples for a finite population which is
the estimated number of Italian firms. The equation for calculating the
sample size is computed as follows:

N

1.4 220D

2N

Minimum sample size =

where N 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 with the survey. In our
case, N is the estimated number of Italian firms which is approximately 6
million, the confidence interval is set at 99 %, while the margin of error
is set at 10 %. We infer the population proportion of Italian firms
implementing big data 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 provides
129 firms as a minimum sample size for our survey.

3.2. Constructs and measures

3.2.1. Dependent variables

In line with Subramaniam and Youndt (2005) and Mikalef et al.
(2019), we measure radical innovation (RI) and incremental innovation
(ID through a three-items, 7-point Likert scale. Specifically, we asked the
following question “Would your firm be able to generate the following
innovations?” and proposed the following items to address RI:

RAD1: “Innovations which make our prevailing product lines
obsolete™

RAD2: “Innovations which radically change our prevailing product
lines”

RAD3: “Innovations which make our experience in the prevailing
product lines obsolete” and the following items for II:

INC1: “Innovations that strengthen our core product/service lines”

INC2: “Innovations that strengthen our existing expertise in pre-
vailing products/services”

INC3: “Innovations that strengthen the way we currently compete”
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3.2.2. Independent variables

To measure the “4Vs” of big data, we rely on previous studies on big
data characteristics (Ghasemaghaei, 2019, 2021; Ghasemaghaei and
Calic, 2020). In line with Johnson et al. (2017) and Ghasemaghaei and
Calic (2019, 2020), we measure volume, velocity and variety according to
a 7-point Likert scale (ranging from 1, “strongly disagree”, and 7,
“strongly agree”). On the other hand, to operationalize veracity, we rely
on the work of Ghasemaghaei (2021). The Likert scale permits us to
assess the magnitude of data collected (volume) (Wamba et al., 2015;
Cappa et al., 2021), the diversity of data per observation (variety)
(Wamba et al., 2015; Cappa et al., 2021), the speed of collecting and
analyzing data (velocity) (Ghasemaghaei and Calic, 2020), and the reli-
ability of data collection and analysis (veracity) (Ghasemaghaei, 2021).
The measures of volume and velocity consist of four items, whereas those
of variety and veracity consist of three items. Specifically, we asked the
following items for volume:

VOL1: “In my firm, we analyze large amounts of data”
VOL2: “In my firm, we explore large amounts of data”
VOL3: “In my firm, we use large amounts of data”
VOL4: “In my firm, we explore copious amounts of data”

We asked the following items for velocity:

VEL1: “In my firm, we analyze data as soon we receive it”

VEL2: “In my firm, the time period between receiving new data and
analysing it is short”

VEL3: “In my firm, we are fast in exploring our data”

VEL4: “In my firm, we analyze data quickly”

Then, we asked the following items for variety:

VAR1: “In my firm, we use different data sources to derive useful
information”

VAR2: “In my firm, we analyze many type of data”

VAR3: “In my firm, we examine data from a multitude of sources”

Finally, we asked the following items for veracity:

VERI1: “In my firm, we deal with reliable and precise data”
VER2: “In my company, we analyze high quality data”
VER3: “In my company, we process reliable and consistent data”

3.2.3. Item reduction and validation

We performed exploratory factor analysis (EFA) and confirmatory
factor analysis (CFA) to extract two factors for the dependent variables
(RI and II) and four factors for the independent variables (volume, ve-
locity, variety and veracity). Before applying factor analysis, we centered
the distribution of each item. The factor loadings are presented in
Table 1, which also reports the Cronbach’s @, composite reliability (CR)
and average variance extracted (AVE) values for all variables.

The factor loadings for all individual items exceed 0.7, which dem-
onstrates strong convergent validity of the scales used in our analysis.
Cronbach’s a and CR for all variables exceed the threshold of 0.7
(Bagozzi and Youjae, 1988; Black et al., 2010; Garver and Mentzer,
1999), and AVE values exceed 0.5 (Fornell and Larcker, 1981) demon-
strating strong convergent validity of the scales used in the analysis and
confirming that the scales demonstrate high reliability and internal
consistency. Moreover, we performed Harman’s single-factor test to
assess common method biases by computing AVE for a factor that in-
cludes all items as proposed by Podsakoff et al. (2003). AVE is equal to
0.35, which is below the critical threshold of 40 % (Harman, 1976);
hence this result indicates that there is no evidence of common method
bias.
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Table 1
Factor analysis.
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Table 3
Frequency distribution of categorical variables.

Variable/items Item loadings

RI (Cronbach’s a = 0.85, CR = 0.865, AVE = 0.543)

RAD1 0.72

RAD2 0.82

RAD3 0.89

II (Cronbach’s a = 0.91, CR = 0.760, AVE = 0.583)

INC1 0.84

INC2 0.90

INC3 0.88

volume (Cronbach’s a = 0.94, CR = 0.832, AVE = 0.584)
VOL1 0.91

VOL2 0.87

VOL3 0.89

VOL4 0.89

velocity (Cronbach’s a = 0.89, CR = 0.732, AVE = 0.576)
VEL1 0.71

VEL2 0.77

VEL3 0.92

VEL4 0.92

variety (Cronbach’s a = 0-87, CR = 0.703, AVE = 0.557)
VAR1 0.86

VAR2 0.75

VAR3 0.90

veracity (Cronbach’s « = 0.87, CR = 0.701, AVE = 0.579)
VER1 0.74

VER2 0.95

VER3 0.83

3.2.4. Control variables

We also consider several control variables to control firm specific
characteristics. We introduce the centered values of age, revenues and
size (proxied by the number of employees) to control for firms’ balance
sheets. To address the role of human capital, we introduce a categorical
variable to control for the percentage of STEM employees subdivided in 6
classes: 1) under 5 %, 2) between 5 and 10 %, 3) between 11 and 20 % 4)
between 21 and 30 %, 5) between 31 and 50 %, and 6) more than 50 %.
In the model, we also account for the percentage of R&D expenditures to
control for the resources devoted to the accumulation of knowledge, by
introducing five classes: 1) under 5 %, 2) between 5 and 10 %, 3) be-
tween 11 and 20 %, 4) between 21 and 30 %, and 5) more than 30 %. To
control for the presence of previous technological knowledge, we
introduce the number of patents present in the patent portfolio as a cat-
egorical variable subdivided into four classes: 1) no patents; 2) one
patent, 3) between two and four patents; 4) more than four patents.
Finally, we computed a dummy variable, High tech sector, which takes
the value 1 when the firm operates in a high-tech sector, and
0 otherwise.

Tables 2 and 3 report the descriptive statistics and the frequency
distribution of the categorical variables, respectively.

Table 4 reports GVIF and correlation matrix for the dependent and
the independent variables.

Table 2
Descriptive statistics of continuous variables.
Obs Mean SD Min Max

Jid 155 0 0.95 -2.49 1.32
RI 155 0 0.93 -1.70 2.33
volume 155 0 0.97 —-2.72 1.35
variety 155 0 0.94 —2.34 1.43
velocity 155 0 0.96 —2.47 1.77
veracity 155 0 0.96 —-2.21 1.49
Age 155 0 1.00 —1.66 3.37
Revenues 155 0 1.00 —0.30 9.14
Size 155 0 1.00 —0.25 10.73

Percentage of STEM employees:

- below 5 % - betw. 5 % and - betw. 11 % and - betw. 21 % and
10 % 20 % 30 %
77 26 17 14
- betw. 31 % and - more than 50 %
50 %
12 9

Percentage of R&D expenditures:

- below 5 % - betw. 5 % and - betw. 11 % and - betw. 21 % and
10 % 20 % 30 %

81 51 15 4

- more than 30 %

4

Patent portfolio:

- no patent —1 patent - betw. 2 and 4 - more than 4

112 7 15 21

High tech sector:

- Low tech sector - High tech sector

128 27

Dummy SME:

- SMEs - Large firms
135 20

3.3. Methodology

We perform the econometric analysis by estimating an ordinary least
squares (OLS) regression as follows:

Y; = Big data Vs; x Dummy SME; + Controls; + ¢;

where Y; is RI or II, Big data Vs; represents the big data characteristics (i.
e.: volume, velocity, variety and veracity), while Dummy SME; is an
interaction term which splits the sample between SMEs and large firms.
Then, Controls; collects all the control variables (i.e.: age, revenues, size,
percentage of STEM employees, percentage of R&D expenditures, patent
portfolio, and high tech sector).

4. Results

Table 5 reports the results for the OLS estimation of RI. Column 1
includes the estimation results of control variables and it shows that
percentage of STEM employees between 5 % and 10 %, percentage of R&D
expenditure between 5 % and 10 %, and patent portfolio with more than four
patents have a positive and statistically significant effect on RI
(p = 0.5705 p-value<0.01, # = 0.3068 p-value<0.1, and, = 0.3976 p-
value<0.1, respectively). From column 2 to column 5 the results for each
big data Vs (i.e.: volume, velocity, variety and veracity) are reported; they
have been estimated separately and we find that velocity, variety and
veracity positive and statistically significant for SMEs (8 = 0.2723 p-
value<0.01, g = 0.1862 p-value<0.05, and, g = 0.2686 p-value<0.01,
respectively). Then, Column 6 shows the estimation results of the model
including Vs altogether. We find that variety and veracity have a positive
and statistically effect on RI for SMEs ( = 0.1853 p-value<0.1, and f =
0.1885 p-value<0.05, respectively), thus confirming H2 and H4. On the
other hand, we could not support H1 and H3 since volume has a negative
but non-statistically significant effect on RI for SMEs, while velocity has a
positive but non-statistically significant effect on RI for SMEs.

Table 6 reports the results for the OLS estimation of II. Column 1
includes the estimation results of control variables and it shows that
every category of patent portfolio has a positive and statistically signifi-
cant effect on II (f = 0.8353 p-value<0.01, = 0.5491 p-value<0.05,
and = 0.7042 p-value<0.01, respectively). Then, from column 2 to
column 5 are reported the results for each big data Vs (i.e.: volume, ve-
locity, variety and veracity) estimated separately and we find that each V
is positive and statistically significant for SMEs (f = 0.3332 p-val-
ue<0.01, g = 0.4020 p-value<0.01, g = 0.2743 p-value<0.01, and § =
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Table 4
GVIF and correlation matrix.
GVIF I RI volume velocity variety veracity Age Revenues Size
I 1
RI 0.4 1
volume 1.451361 0.35 0.24 1
velocity 1.344698 0.29 0.2 0.5 1
variety 1.37671 0.42 0.31 0.6 0.32 1
veracity 1.227135 0.47 0.3 0.37 0.47 0.35 1
Age 1.11342 0 -0.13 0.02 —0.09 0.03 —0.09 1
Revenues 2.997798 —0.01 —0.08 0.01 —0.12 0.06 —0.12 0.27 1
Size 2.709019 0 —-0.07 —0.04 -0.13 0.04 -0.12 0.22 0.92 1
Percentage of STEM employees: 1.084048
- betw. 5 % and 10 % 0.1 0.25 0.13 0.06 0.13 0.05 —-0.11 —0.07 —0.05
- betw. 11 % and 20 % 0 0 0.1 0.1 0.03 —-0.01 0.05 0.26 0.21
- betw. 21 % and 30 % —-0.02 0.02 —0.04 —0.02 0.06 0.01 —-0.01 -0.07 —0.04
- betw. 31 % and 50 % 0.15 —0.08 -0.1 0.1 —-0.01 0.13 —0.08 —0.07 —0.03
- more than 50 % —0.08 —0.03 0.06 -0.07 0.13 —0.02 —0.01 0.11 0.13
Percentage of R&D expenditures: 1.072567
- betw. 5 % and 10 % —-0.02 0.2 0 0.04 0.05 —0.06 —-0.03 -0.13 —0.08
- betw. 11 % and 20 % 0.08 —0.06 0.02 0.01 —0.05 0.04 —0.14 —-0.07 —0.05
- betw. 21 % and 30 % 0.08 0.03 0.05 0.11 —0.04 0.07 —-0.1 —-0.02 —0.01
- more than 30 % 0.03 0.03 0.02 0.2 0.06 0.19 -0.07 —0.04 —-0.03
Patent portfolio: 1.093143
—1 patent 0.18 0 0.01 0.03 0.08 0.02 0.05 —0.05 —0.03
- betw. 2 and 4 0.12 0.08 —-0.09 0.02 0.04 —-0.03 0.03 0.04 —0.01
- more than 4 0.19 0.12 0.1 —0.09 0.2 0.04 0.23 0.1 0.15
High tech sector 1.182093 0.12 —0.01 —0.04 —0.02 —0.08 0.14 —0.04 —0.1 —0.04
Dummy SME 1.281352 0.02 0.02 0.01 0.11 0.05 0.07 —-0.12 —-0.52 -0.4
Percentage of STEM employees: Percentage of R&D expenditures:
- betw. 5 % - betw. 11 % - betw. 21 % - betw. 31 % - more than - betw. 5 % - betw. 11 % - betw. 21 % - more than
and 10 % and 20 % and 30 % and 50 % 50 % and 10 % and 20 % and 30 % 30 %
Percentage of STEM employees:
- betw. 5 % and 1
10 %
-betw. 11 %and  —0.16 1
20 %
-betw. 21 %and  —0.14 -0.11 1
30 %
- betw. 31 % and -0.13 -0.1 —-0.09 1
50 %
- more than 50 -0.11 —0.09 —0.08 —0.07 1
%
Percentage of R&D expenditures:
- betw. 5 % and 0.16 —0.11 0.16 0.05 0 1
10 %
-betw. 11 % and —0.03 0.16 -0.1 0.07 —0.08 -0.23 1
20 %
- betw. 21 % and 0.04 —0.06 —0.05 0.11 —0.04 -0.11 —0.05 1
30 %
- more than 30 —-0.07 0.07 0.09 —0.05 0.13 -0.11 —0.05 —-0.03 1
%
Patent portfolio:
—1 patent —-0.01 —0.08 0.04 0.29 —0.05 —0.02 0.03 —0.04 —0.04
- betw. 2 and 4 0.03 0.02 —-0.03 0.07 0.11 0.14 -0.11 —-0.05 0.08
- more than 4 —0.08 0.1 0.07 —0.04 —0.02 0.04 0.06 0.17 —0.06
High tech sector 0.02 —0.11 0.03 0.31 0.18 0.11 —0.09 0.03 0.14
Dummy SME 0.02 -0.11 —-0.01 0.04 0.01 0.02 0.13 —0.06 0.06
Patent portfolio:
—1 patent - betw. 2 and 4 - more than 4 High tech sector Dummy SME
Patent portfolio:
—1 patent 1
- betw. 2 and 4 —-0.07 1
- more than 4 —0.09 —0.13 1
High tech sector 0.06 0.08 —0.08 1
Dummy SME 0.08 -0.13 0.04 -0.13 1

0.4416 p-value<0.01, respectively). However, the estimation of big data
characteristics cannot be interpreted separately hence we run an OLS by
estimating all Vs. The results are shown in Column 6. On the one hand,
we find that variety and veracity have a positive and statistically signif-
icant effect on II for SMEs ( = 0.2018 p-value<0.05, and = 0.3347 p-
value<0.01, respectively), thus confirming H6 and H8. On the other

hand, we could not support H5 and H7 since volume and velocity have a
positive but non-statistically significant effect on II for SMEs.

5. Robustness check

As robustness check, we estimate the linear regression models by
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Table 5
RI OLS estimation results.
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Dep. variable: RI

Ind. variables: (€8] 2

3) @ (5) (6)
volume
- large firms 0.4968%** 0.44347**
(0.1679) (0.135)
- SMEs 0.1724 —0.0370
(0.1090) (0.1718)
variety
- large firms 0.3320* 0.1007
(0.1683) (0.1695)
- SMEs 0.2723*** 0.1853*
(0.0851) (0.0979)
velocity
- large firms 0.2442 —0.2663
(0.2275) (0.1699)
- SMEs 0.1862** 0.0561
(0.0922) (0.1233)
veracity
- large firms 0.5987%*** 0.5588%***
(0.164) (0.1769)
- SMEs 0.2686*** 0.1885%*
(0.0714) (0.0856)
Age —0.0855 —0.0886 —0.0733 —0.0977 —0.0809 —0.1009
(0.0992) (0.1015) (0.0938) (0.1072) (0.0979) (0.1024)
Revenues 0.0169 —0.0300 —0.0226 0.0108 —0.0063 —0.028
(0.0827) (0.0828) (0.0832) (0.083) (0.0727) (0.0742)
Size —0.0512 —0.0176 —0.043 —0.0235 0.0529 0.0194
(0.1278) (0.1136) (0.1192) (0.1242) (0.1223) (0.1033)
Percentage of STEM employees:
- betw. 5 % and 10 % 0.5705%** 0.4821%** 0.4263** 0.5236** 0.4877** 0.4167**
(0.2107) (0.1896) (0.1961) (0.2072) (0.2013) (0.1895)
- betw. 11 % and 20 % 0.1066 0.0510 0.0734 0.0254 0.0839 0.0704
(0.2167) (0.2135) (0.2175) (0.229) (0.2092) (0.2191)
- betw. 21 % and 30 % 0.0274 0.0339 —0.0649 0.0188 0.0205 0.0107
(0.2547) (0.2513) (0.2842) (0.2381) (0.2464) (0.2685)
- betw. 31 % and 50 % -0.214 —0.1386 —0.3024 —0.315 —0.3457 —0.2737
(0.3498) (0.3551) (0.3419) (0.3994) (0.3369) (0.3429)
- more than 50 % —0.0368 —0.1060 —0.2351 —0.0079 —-0.015 —-0.1167
(0.3439) (0.3313) (0.3219) (0.3339) (0.3461) (0.3617)
Percentage of R&D expenditures:
- betw. 5 % and 10 % 0.3068* 0.2859* 0.2977* 0.2670 0.3212** 0.3041*
(0.1615) (0.1467) (0.1511) (0.1653) (0.1572) (0.1595)
- betw. 11 % and 20 % —0.0810 —0.1074 —0.0439 —0.0928 —0.1092 —0.0865
(0.1836) (0.1896) (0.1758) (0.187) (0.1567) (0.173)
- betw. 21 % and 30 % 0.1224 —0.0146 0.2308 —0.0576 0.0133 —0.0142
(0.4226) (0.496) (0.4884) (0.4822) (0.4945) (0.5447)
- more than 30 % 0.3636 0.2646 0.1983 0.0997 0.0636 —0.0268
(0.5934) (0.6084) (0.5987) (0.5698) (0.5907) (0.6088)
Patent portfolio:
1 patent 0.2565 0.1911 0.1190 0.2570 0.2795 0.1617
(0.3433) (0.3334) (0.3397) (0.3546) (0.3142) (0.3146)
- betw. 2 and 4 0.2314 0.2973 0.2105 0.233 0.2748 0.2848
(0.2992) (0.2972) (0.2931) (0.2844) (0.2543) (0.2824)
- more than 4 0.3976* 0.3651 0.2288 0.4606* 0.3454 0.2949
(0.2315) (0.2378) (0.2435) (0.2418) (0.2417) (0.2476)
High tech sector —0.0428 —0.0459 0.0372 —0.0029 —0.2113 —0.1432
(0.2768) (0.2731) (0.2699) (0.2773) (0.2804) (0.2734)
Constant 0.2180 0.2598 0.3402 0.1832 —0.1513 0.1656
(0.5266) (0.5211) (0.5064) (0.5617) (0.5450) (0.5057)
Observations 155 155 155 155 155 155
R-squared 0.1248 0.1778 0.1921 0.1598 0.2290 0.2710
F statistics 1.44 2.80%** 2.48** 1.98%* 6.55%** 9.58%***

Clustered-robust standard errors are in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.

accounting for sample selection (Heckman, 1976). Firstly, we run a
probit model on the 210 firms who declared to adopt big data in which
the dependent variable is a dummy that takes the value 1 if the firms
completed the questionnaire, and 0 otherwise. Then, we control for the
percentage of STEM employees and sector. Lastly, we estimate OLS
regression models on the 155 firms that completed the questionnaire to
obtain coefficients robust to sample selection. Table 7 reports the results
for the OLS estimation of RI and II that account for sample bias selection.
The results further confirm the support of H3, H4, H6 and H8.

6. Discussion

In this paper, we contribute to the literature on firms’ NPD processes
by exploring if and how radical and incremental innovations are asso-
ciated with firms’ big data. More precisely, adopting a KBV, we
unpacked big data into four dimensions: volume, variety, velocity, and
veracity. Then, we examined whether these dimensions affect firms’
radical and incremental innovations. With this objective, we conducted
an OLS regression on a sample of 155 Italian firms’ survey responses.
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Table 6
II OLS estimation results.
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Dep. Variable: II

Ind. variables: (€8] 2)

3) 4 ) (6)
volume
- large firms 0.6086%*** 0.2494*
(0.216) (0.148)
- SMEs 0.3332%** 0.0833
(0.0927) (0.1022)
variety
- large firms 0.6417%*** 0.3679**
(0.2045) (0.1703)
- SMEs 0.4020%** 0.2018**
(0.0888) (0.0999)
velocity
- large firms 0.5930%* 0.1331
(0.2729) (0.2416)
- SMEs 0.2743%** 0.0043
(0.0862) (0.0919)
veracity
- large firms 0.5484** 0.3413**
(0.2118) (0.1588)
- SMEs 0.4416*** 0.33477*=
(0.0796) (0.1021)
Age —0.0294 —0.0339 —0.0114 —0.0331 —0.0182 —0.0052
(0.1104) (0.1046) (0.0958) (0.1072) (0.0913) (0.0864)
Revenues 0.0347 —0.0412 —0.0312 0.023 —0.0124 —0.0626
(0.0664) (0.0577) (0.0541) (0.0612) (0.066) (0.0559)
Size —0.0087 0.0388 0.0103 0.0656 0.1067 0.1165
(0.0993) (0.0853) (0.0811) (0.0976) (0.0985) (0.0885)
Percentage of STEM employees:
- betw. 5 % and 10 % 0.3042 0.1553 0.0737 0.2185 0.1885 0.0457
(0.2078) (0.1734) (0.1737) (0.1722) (0.1581) (0.1435)
- betw. 11 % and 20 % —0.0493 —0.1443 -0.1133 —0.1881 —0.0686 —-0.1371
(0.3087) (0.3066) (0.3275) (0.3094) (0.275) (0.292)
- betw. 21 % and 30 % —0.0202 —0.0185 —0.1537 —0.0543 —0.0608 —0.1307
(0.2514) (0.259) (0.281) (0.2334) (0.2426) (0.2721)
- betw. 31 % and 50 % 0.2558 0.3568 0.1092 0.0701 0.0318 0.0214
(0.2995) (0.3019) (0.2682) (0.3308) (0.2667) (0.2519)
- more than 50 % —0.3748 —0.5031* —0.6927** —0.3358 —0.3349 —0.5458
(0.3404) (0.2924) (0.3031) (0.3092) (0.3721) (0.3471)
Percentage of R&D expenditures:
- betw. 5 % and 10 % —0.1355 —0.1645 —0.1598 —0.2065 —0.0843 —0.1256
(0.1841) (0.1711) (0.1707) (0.163) (0.1617) (0.1591)
- betw. 11 % and 20 % 0.2091 0.166 0.2612 0.1909 0.175 0.197
(0.1905) (0.1783) (0.204) (0.2092) (0.2087) (0.2182)
- betw. 21 % and 30 % 0.1434 —0.0334 0.3065 —0.1605 0.0431 0.0698
(0.5582) (0.4454) (0.4444) (0.5815) (0.4517) (0.4396)
- more than 30 % 0.2838 0.1216 0.0183 —-0.1111 —0.2412 —-0.3174
(0.3093) (0.385) (0.3502) (0.3319) (0.4288) (0.4402)
Patent portfolio:
1 patent 0.8353*** 0.7354** 0.6276* 0.833*** 0.8665%** 0.7183%***
(0.2864) (0.294) (0.3341) (0.2558) (0.2192) (0.2719)
- betw. 2 and 4 0.5491** 0.6688%*** 0.5274%*** 0.5239%** 0.6023*** 0.5950%**
(0.2178) (0.2124) (0.1954) (0.1904) (0.172) (0.1838)
- more than 4 0.7042%** 0.6349*** 0.4556%* 0.7869*** 0.6237*** 0.4999%*
(0.1963) (0.2085) (0.2248) (0.2161) (0.1983) (0.2321)
High tech sector 0.2946 0.2747 0.4346** 0.3675* 0.1192 0.2635
(0.2034) (0.2042) (0.2019) (0.2057) (0.1856) (0.1796)
Constant —0.2356 —0.1312 —0.0536 —0.4650 —0.5961 —0.4536
(0.5447) (0.5167) (0.4703) (0.5689) (0.5088) (0.5026)
Observations 155 155 155 155 155 155
R-squared 0.1558 0.2852 0.3135 0.2532 0.3462 0.4257
F statistic 1.94%%= 4.60%** 4.35%%* 3.59%#* 4.50%** 8.17*%*

Clustered-robust standard errors are in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.

The first finding of this study is that the variety dimension of big data
positively affects both radical and incremental innovation, providing
support for H2 and H6. This positive effect implies that firms must
leverage a diverse range of data observations and several sources
(Ghasemaghaei and Calic, 2020; Huang et al., 2018) to introduce
breakthrough innovation, but also to improve already existing products.
In other words, managers should recognize the importance of “smart”
over “large” volume of data, as articulated by Cappa et al. (2021) and
George and Martine (2014), in which the relevance and quality of the

source of knowledge become pivotal factors.

Then, in support of H4 and H8, our results show that the veracity
dimension, i.e. the reliability and insightfulness of data (Cappa et al.,
2021), is linked to increased firms’ radical and incremental innovation.
This finding is in line with studies that highlight the need to analyze the
effects of veracity on firms’ innovation (Ghasemaghaei and Calic, 2020).
The outcome suggests that firms will develop new knowledge beneficial
for their innovation performance when big data and their sources are not
biased, and hence their analysis produces accurate results. Our results
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Table 7
Robustness check estimation results.
Dep. variables: RI 1I
Ind. variables: (€8] )
Big Data Volume
- large firms 0.5177%%* 0.2576*
(0.1308) (0.1545)
- SMEs —0.0551 0.0718
(0.1639) (0.0936)
Big Data Velocity
- large firms 0.0397 0.3879**
(0.1454) (0.1790)
- SMEs 0.1768* 0.1621*
(0.0961) (0.0906)
Big Dara Variety
- large firms —0.2978%* 0.1290
(0.1399) (0.2298)
- SMEs 0.0534 —0.0159
(0.103) (0.0896)
Big Data Veracity
- large firms 0.5872%** 0.3787**
(0.1574) (0.158)
- SMEs 0.1627** 0.2761%**
(0.083) (0.0837)
Age —0.1148 0.0619
(0.1018) (0.1184)
Revenues 0.0150 —0.0810
(0.0773) (0.0604)
Size —0.0554 0.1405
(0.1291) (0.0922)
Percentage of STEM employees:
- betw. 5 % and 10 % 0.5201%** 0.2214
(0.1801) (0.1592)
- betw. 11 % and 20 % 0.0869 —0.0552
(0.2596) (0.2597)
- betw. 21 % and 30 % —0.0184 -0.1177
(0.2552) (0.264)
- betw. 31 % and 50 % —0.1901 0.0592
(0.3132) (0.2541)
- more than 50 % 0.1367 —0.0863
(0.3553) (0.3315)
Percentage of R&D expenditures:
- betw. 5 % and 10 % 0.4030%** —0.0710
(0.1503) (0.1379)
- betw. 11 % and 20 % 0.0012 0.2520
(0.1484) (0.2399)
- betw. 21 % and 30 % —0.2628 —0.0174
(0.3004) (0.4559)
- more than 30 % —0.0338 —0.2978
(0.5698) (0.4625)
Patent portfolio:
1 patent 0.1734 10.019%**
(0.2482) (0.2646)
- betw. 2 and 4 0.2911 0.6749%**
(0.2886) (0.1616)
- more than 4 0.4340** 0.4787*
(0.1834) (0.2645)
High tech sector —0.2279 0.0514
(0.2580) (0.1767)
Constant 0.5559 —0.4176
(0.4951) (0.5197)
Sample selection correction Yes Yes
Observations 155 155
R-squared 0.2365 0.4438
F statistic 9.1 9.74%***

Clustered-robust standard errors are in parentheses. ***p < 0.01, **p < 0.05, *p
< 0.1.

thus highlight that the veracity of big data, through efforts in data
analysis, is beneficial for firms’ NPD by allowing the identification of
reliable insights from big data. The above-mentioned outcomes evidence
that big data can be a valuable source of knowledge that positively
impacts firms’ radical and incremental innovations when it is charac-
terized by variety and veracity.

In summary, this study highlights that, regardless of the type of
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innovation (radical or incremental) that firms aim to introduce in their
market, the variety and veracity of big data play a critical role for
enhancing firms> NPD processes. Specifically, leveraging diverse and
multifaceted data sources (variety), alongside ensuring the reliability
and accuracy of data (veracity), also enables firms to drive both
breakthrough innovations and refinements to existing products. These
findings emphasize the need for managers to prioritize data diversity
and quality in order to maximize innovation outcomes. In the sub-
sections below, we explore the contributions, limitations, and potential
avenues for further development inherent in this study.

6.1. Implications for theory

Despite the considerable attention from both academics and practi-
tioners to the effects of big data on NPD (Ghasemaghaei and Calic, 2020;
Johnson et al., 2017; Mikalef et al., 2019), we do not know much about
the theoretical mechanisms and empirical quantification of their impact
on firms’ radical and incremental innovation. In fact, some big data
scholars noted that a research area that requires investigation is un-
derstanding “what are the features of big data (volume, variety, velocity,
veracity, etc.) that are most likely to support incremental vs. radical
innovation” (Mariani et al., 2023, p. 21) and suggested that “the effects
of big data on firm performance could be further analyzed by consid-
ering firm-specific factors, such as the types of innovations delivered to
the market, for example, architectural versus modular and/or incre-
mental versus radical (Cappa et al., 2021, p. 62). The principal impetus
behind our study lays in responding to these calls, resulting in the
articulation of significant contributions outlined below.

Therefore, first, we underscored the significance of employing an
appropriate theoretical foundation to comprehend the circumstances
influencing the beneficial or detrimental impact of big data on firms’
radical and incremental innovation. We followed recent calls about big
data (Bstieler et al., 2018; Cappa et al., 2021; Mariani et al., 2023) and to
this end we have adopted the KBV (Cooper et al., 2023; Grant, 1996).
This approach provides a framework to deepen our understanding of
what form big data should take for it to be transformed into a distinct,
valuable knowledge that impacts firms’ radical and incremental inno-
vation. Specifically, we posited that big data could be conceptualized as
intangible assets that yield valuable knowledge for firms’ NPD pro-
cesses. This KBV perspective on big data is highly important, given the
escalating abundance of data and the increasing levels of knowledge that
can arise from analyzing customers’ data (Cooper et al., 2023; de
Camargo et al., 2018). We hope that both scholars and managers will
embrace this view of big data to better understand how to generate
knowledge to launch new products that can better satisfy customers’
needs.

Second, we undertook an examination of the “multidimensionality of
big data” (Cappa et al., 2021; Tambe, 2014), to empirically assess what
form it should take to be a valuable knowledge for firms’ NPD. This facet
of our study advances existing research that takes a holistic approach in
examining the impact of big data on firms’ radical and incremental
innovation (Mikalef et al., 2019). More specifically, while Mikalef et al.
(2019) found a correlation between big data analytics capability and
radical innovation, they did not explore the specific mechanisms
through which big data analytics capability acts as a catalyst for such
innovations, leaving room for a more in-depth investigation. Therefore,
we contribute to this research by dissecting big data into different di-
mensions. Building upon the work of Johnson and colleagues (2017), we
focused on three established dimensions of big data—volume, variety,
and velocity—and additionally expanded our inquiry to include a fourth
dimension, veracity, in line with recent scholarly works (Cappa et al.,
2021; Ghasemaghaei and Calic, 2020). We contended that the volume of
big data negatively impacts radical and incremental innovation, while
the variety, velocity and veracity of big data have a positive effect. Using
an OLS regression on a sample of 155 Italian firms, our findings revealed
that both variety and veracity positively affect firms’ both radical and
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incremental innovation while volume and velocity do not exert any
statistically significant effect. These results enable us to contribute to the
work of Mariani et al. (2023). In fact, these authors underscore the need
for deeper inquiry into understanding what are the features of big data
(volume, variety, velocity, veracity, etc.) that are most likely to support
incremental and radical innovation (Mariani et al., 2023: p. 21). In our
study, we found that variety and veracity support both radical and in-
cremental innovation.

Third, the findings of our study provide compelling insights into the
application of paradox theory (Smith and Lewis, 2011) for under-
standing how the distinct characteristics of big data influence firms’
innovation strategies. Specifically, our results reveal that certain big
data attributes simultaneously affect both radical and incremental
innovation, suggesting that big data serves as a paradox enabler within
the innovation spectrum. This observation aligns with the broader
discourse in innovation management, which identifies the trade-off
between radical and incremental innovation as a central paradox
(March 1991; Tushman and O’Reilly, 1996). In a nutshell, our findings
suggest that the paradox theory framework, which emphasizes the
coexistence of seemingly contradictory yet interdependent elements,
might be a robust lens for unpacking this phenomenon (Smith and
Lewis, 2011). In the context of big data, its ability to foster both
exploration (radical innovation) and exploitation (incremental innova-
tion) underscores its paradoxical role in innovation processes. For
instance, the data-driven insights enabling incremental improvements
can simultaneously reveal disruptive opportunities for radical trans-
formation. This duality challenges firms to navigate tensions effectively,
balancing the short-term gains of exploitation with the long-term po-
tential of exploration (Benner and Tushman, 2003; Gupta et al., 2006).

6.2. Implications for practice

Our study also offers three important managerial implications, spe-
cifically devoted to firms’ decision-makers. First, the results from our
empirical analysis indicate fruitful suggestions for the improvement of
firms’ innovation performance. More specifically, our findings suggest
firms’ decision-makers to specifically focus on big data technologies’
implementation according to their variety, and veracity dimensions.
Conversely, focusing on the improvement of the amount of big data per
se might constitute an inconsequential activity with negligible impact on
innovation performance. Therefore, firms’ decision-makers should
channel organizational investments towards “smart” rather than merely
“big” data (George and Martine, 2014). In particular, regarding the
development of new products, “smart” data can stimulate a more effi-
cient usage of the scare resources that characterize the small business
context.

Second, our findings evidence that the potential adoption of “smart™
data can help firms to introduce innovative products on the market,
thereby advancing their positioning within the industry. Considering
these findings, firms’ decision-makers should devote considerable
attention to the strategic development of big data technologies, partic-
ularly within the framework of a specific NPD strategy. This strategic
focus can enable them to capture substantial market shares, fostering
both the spread of their radical and incremental innovations and their
individual innovation and financial performance.

Third, the findings of our study suggest that firms’ decision-makers
should actively involve customers’ (and in general, stakeholders’) in
generating new data and the simultaneous hiring/retaining of HR re-
sources, in particular employees with specific skills in big data analytics.
This fact can, on one side, improve the quantity (i.e., “big” data) and the
quality of data (i.e., “smart” data) within the firm and, on the other side,
enhance the effectiveness of the big data analytics within the firm.

6.3. Limitations and future research directions

Our research is not free from limitations, some of which can be
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interpreted as possible research opportunities. First, we unpack the in-
fluence of big data on firms’ NPD by examining the impact of big data
volume, variety, velocity, and veracity on firms’ radical and incremental
innovation. By doing so, we contribute to previous research calling for a
more comprehensive “understanding of big data’s effects by considering
other dimensions of big data” (Cappa et al., 2021, p. 63). Despite this
contribution, we recognize that other dimensions can be studied, such as
data value and data variability. For instance, value—understood as the
ability to derive economic benefit from data—has increasingly been
recognized as a relevant feature of Big Data (Ghasemaghaei and Calic,
2019). Nevertheless, a number of studies contend that value should not
be treated as a characteristic per se, but rather as an outcome or
endogenous variable resulting from effective Big Data use (when
considered together with the other Vs). Data variability—defined as the
inconsistency and unpredictability of data in terms of flows, formats,
semantics, and quality (Katal et al., 2013)—represents another key yet
underexplored characteristic of Big Data. Although its operationaliza-
tion remains methodologically challenging, data variability may gain
increasing relevance, as it exposes firms to diverse and evolving data
inputs that may reveal unmet customer needs or novel use cases, thus
fostering the introduction of breakthrough or revised products in the
market. Future studies could explore these dimensions of big data to
further understand the effects of big data on firms’ NPD.

Second, we have analyzed the impact of big data on firms’ radical
and incremental innovation. Albeit we provide a comprehensive un-
derstanding of whether big data characteristics support radical and in-
cremental innovation (Mariani et al., 2023), we are aware that “the
effects of big data on firm performance could be further analyzed by
considering firm-specific factors, such as the types of innovations
delivered to the market, for example, architectural versus modular”
(Cappa et al., 2021, p. 62; based on the work of Cammarano et al.,
2019). Moreover, prior research has highlighted that firms’ innovation
performance can be shaped by their open innovation search strategies
(Del Sarto et al., 2023). Concurrently, other studies have demonstrated
that specific characteristics of big data can affect how firms engage in
open innovation (Ferrigno et al., 2024). Building on these insights, we
propose that it would be worthwhile to investigate whether certain big
data characteristics—such as value and veracity—moderate the rela-
tionship between open innovation search strategies and firms’ radical
and incremental innovation performance.

Third, we have explored the impacts of big data on NPD within the
Italian context. We acknowledge that the generalizability of our findings
is confined to this particular type of organization operating in the
specified country. Subsequent studies could investigate the effects of big
data dimensions on firms’ innovations across different countries. Simi-
larly, we recognize that most of the firms we analyzed are SMEs. Future
research might investigate how big data dimensions influence radical
and incremental innovations in other types of firms, such as large en-
terprises, or start-ups.

Fourth, in investigating these dimensions within this specific
context, we utilized surveys and self-reported measures, a method
widely established in previous big data research (Johnson et al., 2017).
However, we acknowledge the necessity for observable and measured
indices (Cappa et al., 2021). Given our awareness of the limitations
inherent in survey-based approaches, we intentionally structured our
sample survey to gather responses from firms’ decision-makers. Never-
theless, it is important to recognize that our findings rely on the per-
ceptions of individuals, albeit ones who are knowledgeable informants.
As a result, we advocate for future big data research that incorporates
more observable and measurable data to enhance transparency and
replicability.

Finally, we observe the presence of numerous effects. This suggests
the possibility of an interactive effect among the big data dimensions
influencing the outcome, in our case radical and incremental innova-
tion. Future studies could benefit from employing QCA to investigate
how the combination of multiple big data dimensions impacts radical



G. Ferrigno et al.

and/or incremental innovation performance. QCA offers a more in-
depth exploration of complex relationships between variables,
providing the opportunity to identify patterns and interactions that
might escape more traditional analytical methods (Ragin, 2008). This
approach could yield a more comprehensive and detailed understanding
of how various big data dimensions collectively influence firms’ radical
and incremental innovation performance.
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APPENDIX A. Operationalization of the variables

Variable Definition Operationalization Database Methodological reference
Radical Major departures from existing capabilities in the =~ 7-point Likert scale: Survey firms’ Mikalef et al. (2019)
innovation firm, and constitute the basis for completely new  RAD1: “Innovations which make our prevailing product decision-
products, services or business models (Mikalef lines obsolete” makers
et al. 2019) RAD2: “Innovations which radically change our
prevailing product lines”
RAD3: “Innovations which make our experience in the
prevailing product lines obsolete”
Incremental Minor departures from existing capabilities in the ~ 7-point Likert scale: INC1: “Innovations that strengthen Survey firms’ Mikalef et al. (2019)
innovation firm, and constitute the basis for completely new  our core product/service lines” decision-
products, services or business models (Mikalef INC2: “Innovations that strengthen our existing expertise = makers
et al. 2019) in prevailing products/services”
INC3: “Innovations that strengthen the way we currently
compete”
Volume Amount of data collected (Wamba et al., 2015; 7-point Likert scale: (1) in my firm, we analyze large Survey firms’ Ghasemaghaei and Calic
Cappa et al., 2021) amounts of data; (2) in my firm, the quantity of data we decision- (2019);
explore is substantial; (3) in my firm, we use a great deal =~ makers Ghasemaghaei and Calic
of data; (4) in my firm, we scrutinize copious volumes of (2020);
data Ghasemaghaei (2021);
Johnson et al. (2017)
Variety Assortment of data collected per observation 7-point Likert scale: (1) in my firm, we use several Survey firms’ Ghasemaghaei and Calic
(Cappa et al., 2021; Wamba et al., 2015) different sources of data to gain insights; (2) in my firm, decision- (2019);
we analyze many types of data; (3) in my firm, we makers Ghasemaghaei and Calic
examine data from a multitude of sources (2020);
Ghasemaghaei (2021);
Johnson et al. (2017)
Velocity The speed and the frequency of processing and 7-point Likert scale: (1) in my firm, we analyze data as Survey firms’ Ghasemaghaei and Calic
integrating data (Ghasemaghaei and Calic, 2020) soon as we receive it; (2) in my firm, the time period decision- (2019);
between when we get new data and when we analyze itis  makers Ghasemaghaei and Calic
short; (3) in my firm, we are fast in exploring our data; (4) (2020);
in my firm, we analyze data speedily Johnson et al. (2017);
Ghasemaghaei (2021)
Veracity The reliability and insightfulness of data (Cappa 7-point Likert scale: (1) Within my firm, one has to deal Survey firms’ Cappa et al. (2021);
et al., 2021) with certain and precise data; (2) Within my firm, high decision- Ghasemaghaei and Calic
quality data is analyzed; (3) Within my firm, reliable and  makers (2019)
consistent data is processed in my firm, we analyze data as
soon as we receive it
R&D Exp Percentage of the firm’s R&D expenses on total 0 (percentage lower than 5 %); Survey firms’ Cassetta et al. (2020);
revenues 1 (between 5 % and 10 %); decision- Messeni Petruzzelli et al.
2 (between 11 % and 20 %); makers (2022)
3 (between 21 % and 30 %); 3
4 (higher than 30 %) Zahra and George (2002)

Age Firm’s age at the time of the survey 1-284 Survey firms’ Kelly and Amburgey (1991)
decision- Kelly and Amburgey (1991);
makers Messeni-Petruzzelli et al.

(2022)

Size Firm’s size at the time of the survey 1-250 Survey firms’ Arbore and Ordanini (2006);
decision- Horvath and Szabd (2019)
makers ;

Messeni Petruzzelli et al.
(2022)
Patent Presence of patents in firm’s patent portfolio 1) no patents; 2) 1 patent, 3) between 2 and 4 patents; 4)  Survey firm’ Martinelli et al. (2021);
Portfolio more than 4 patents decision- Damij et al. (2022)
makers
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(continued)
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Variable Definition

Operationalization

Database Methodological reference

Tech int ind Technological intensity of the firm’s industry

1 (manufacturing SMEs with a NACE code classified as
high-technology or medium high-technology, or service
SMEs with a NACE code classified as knowledge intensive

Messeni-Petruzzelli et al.
(2022)

Survey firms
decision-
makers

services); 0 otherwise

Data availability
Data will be made available on request.
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