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ARTICLE INFO ABSTRACT

Keywords: The age of digitisation has resulted in an explosion of studies investigating the benefits of Big Data Analytics

SME (BDA) as a means to enhance competitive advantage in organisations. However, the best way to leverage BDA is

?noganon still inconclusive. Moreover, there is paucity of studies investigating how SMEs, who are recognised as having
ig Data

Marketing Analytics
Knowledge Integration

high levels of entrepreneurial orientation, can utilise big data and marketing analytics to support innovation and
competitive advantage in dynamic environments. This study employs dynamic capabilities as a lens to investi-

gate the nuanced relationships. Adopting a partial least squares (PLS) path modelling method with 194 UK SMEs,
this study finds that knowledge integration mechanisms are particularly critical value creation enablers by
transforming EO and BDA into organisational wide capabilities in support of innovation and competitive
advantage. These novel and nuanced insights are of value to both practitioner and researchers.

1. Introduction

Small and Medium Enterprises (SMEs) represent over 90% of en-
terprises worldwide (The World Bank, 2022), and are credited as a major
force in driving economic growth and innovation in many OECD coun-
tries (Coltorti and Venanzi, 2017; Genc et al., 2020; Thrassou et al.,
2020). Yet, increasing global uncertainty and competition, changing
customer demands, rapidly evolving technologies, and global events
such as Covid-19 and the war in Ukraine, have had a major impact on the
competitiveness and survival of SMEs (Adam and Alarifi, 2021; Ciampi
et al., 2021; Dubey et al., 2020 Gurria, 2020). SME’s have long since
been recognised as a hotbed of entrepreneurship and innovation and
having key advantages over larger firms, such as being more agile and
responsive due to their flatter structures and size and having higher
levels of entrepreneurial orientation (EO) capabilities (Hervé et al.,
2020; Miroshnychenko et al., 2020; Miller et al., 2021). EO capabilities
typically include a culture of innovativeness, proactiveness and risk
taking (Hervé et al., 2020; Lumpkin and Dess, 1996). Yet, it appears that
possessing a set of higher-level EO capabilities alone does not always
translate into increased innovation or competitive advantage for SMEs

(Ozer and Dayan, 2015; Thrassou et al., 2020). It is estimated that
almost 50% of global SMEs currently are not translating their EO ca-
pabilities into some aspect of innovation, and this in turn is having a
negative impact on their competitive position (Genc et al., 2019).

This has resulted in SME’s having to reassess their businesses to find
ways to try to solve this innovation conundrum in order to enhance their
competitive position (Miroshnychenko et al., 2020). One area that is
showing promise in unlocking the entrepreneurial and innovation po-
tential of SMEs is the development of big data analytics capabilities
(BDAC) (Del Vecchio, 2018; Miller et al., 2021; Trabucchi and Buganza,
T, 2019). In an era of digitisation, the emergence of big data analytics
(BDA) has resulted in much higher volumes and variety of data than ever
before being readily accessible to firms (Brintrup et al., 2020). Big data
comprises data sets whose size is beyond the capacity of standard
database software tools to capture, record, manage and analyse (Hoff-
mann, 2017). BDA has evolved from capturing and interpreting vast
volumes and variety of data that exist today to providing timely and
accurate knowledge to support strategic decision making. New BDA
tools and software, such as Cloudera and Rapidminer are transforming
this previously untapped information and knowledge into clear and
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concise customer behaviours, patterns and trends in support of inno-
vation (Del Vecchio et al., 2018; Trabucchi and Buganza, 2019) and
enhanced competitive advantage (Dubey et al., 2019a; Gupta and
George, 2016; Maheshwari et al., 2021; Wamba et al., 2017).

A seminal paper by Gupta and George (2016) examined the resources
required to build BDAC and provided an architecture and theoretical
framework for researchers and practitioners alike to further explore and
conduct empirical research into BDAC. This framework has since
become a fundamental foundation and inspiration for many scholars
investigating BDAC across different sectors and organisational settings
(refer to Cadden et al., 2020; Wamba et al., 2017; Wamba and Akter,
2019). The framework proposed three categories of big data resources
(BDR’s) that supports the development of BDAC namely: tangible re-
sources (resources that are easily replicable or purchased), for example,
basic resources, data resources and technology, human resources (such
as technical and management skills), and intangible resources (resources
that are difficult to replicate and are ‘deep rooted’ such as intellectual
capital, knowledge, culture and organisational learning).

Whilst it is argued in the literature that all three categories of BDR’s
are included in developing a holistic set of BDAGCs, it the strategic dif-
ferentiator of the BDAC framework that lies within the intangible
BDAC’s. Intangible capabilities are much more challenging to under-
stand, measure and develop due to a lack of clear boundaries (Teece
2007) and are ‘highly context dependent’ (Gupta and George, 2016:
1053), but are recognised as an elixir of competitive advantage if these
capabilities can be developed and utilised by the firm (Teece 2014;
Gupta and George, 2016).

However, whilst there is much promise through the lens of intangible
capability development in support of competitive advantage, the SME
data driven innovation capabilities literature is currently inconclusive
and a neglected area of academic enquiry in this regard (Ciampi et al.,
2021; Genc et al., 2019; Hervé et al., 2020; Miller et al., 2021; Mir-
oshnychenko et al., 2020). This paper attempts to address this much
needed research gap by investigating the salient literature in this
domain and empirically testing an SME data driven innovation capa-
bilities model that has intangible capabilities at the heart of the model to
support competitive advantage.

This paper addresses the following central research question: How
can SMEs develop a set of data driven innovation capabilities in support of
competitive advantage in turbulent environments?

Dynamic capability theory (DCT) is the underpinning theoretical
basis for this study. DCT is defined as the “ability to integrate, build, and
reconfigure internal and external resources/competencies to address, and
possibly shape, rapidly changing business environments” (Teece, 2012,
p135). In particular, DCT is an important theoretical lens for under-
standing the key DCT orchestration processes: ‘sense, seize and trans-
formation’ for SMEs in a data driven world who are recognised as
possessing entrepreneurship and innovation capabilities, and the ability
to adapt much more quickly than their larger counterparts (Heider et al.,
2020).

This paper makes a number of important contributions. Firstly, this
paper provides a theoretical contribution by developing an SME Data
Driven Innovation Capabilities Model for enhanced innovation and
competitive advantage. The theoretical model is underpinned by DCT
and charts the sense, seize and transformation orchestration processes by
highlighting the key capabilities and interrelationships required at each
stage in an SME Data Driven Innovation context to promote enhanced
competitive advantage. SMEs level of innovation, globally, is still rela-
tively low which is surprising given the level of EO reported in SMEs
(Genc et al. 2019). This study investigates this innovation deficit from
EO to innovation by providing additional insights and a pathway to
increased innovation for SMEs.

Secondly, current studies on SMEs fail to investigate the interrelated
mechanisms through which innovation can thrive in a changing global
environment with increasing digitisation. This paper explores the in-
fluence EO has in an age of digitisation. Moreover, the research provides
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important insights into how this knowledge can be exploited and
embedded through big data, marketing analytics and knowledge inte-
gration to drive innovation and ultimately competitive advantage
(Canakoglu et al., 2018; Ciampi et al. 2021; Dubey et al., 2019b). This
study applies a moderating methodology to study and address these
interrelationships and, therefore extends the current literature beyond
linear relationships to provide SMEs with a roadmap to enhanced
innovation and competitive advantage. These issues are particularly
pertinent to SMEs that are the lifeblood of the global economy.

Employing DCT at the technology-innovation interface is a further
contribution of this study. It is posited in this study that SMEs will only
thrive and survive if they possess the capabilities to sense, seize, and
transform data and information, both external and internal, into
knowledge to stimulate innovation (Mikalef et al., 2019; Miller at al,
2021). The theoretical lens employed builds on current studies in the
literature through providing an additional framework for deconstruct-
ing the complex pathways and mechanisms necessary to assist SMEs
with increasing innovation in a dynamic environment.

This paper also aims to provide a number of important managerial
insights. Informing SME managers on how best to sense, seize and
transform data in a turbulent environment to drive innovation and
competitiveness is much needed. An understanding of the importance of
knowledge integration as a set of intangible capabilities and how best to
integrate and develop these capabilities will aid SME managers decision
making and organisational learning and communication strategies to
support the development of a data driven culture. Also, the importance
of investing in marketing analytics tools to increase market insights and
building its internal knowledge base to transform this knowledge into
innovation and competitive advantage.

This paper is presented as follows. A theoretical underpinning to the
study is presented including the operationalisation of the constructs via
the hypotheses development section. Section 4 presents the research
methodology section and findings. In section 5, both the theoretical and
managerial implications of the findings are discussed. Limitations of the
research study, followed by proposed future research directions and
conclusions are then presented.

2. Theoretical underpinning and literature review
2.1. Dynamic capability theory

DCT is now a widely accepted theory in strategic management
literature as a theory that provides a valuable lens to assess a company’s
ability to sense, build, and reconfigure both internal and external ca-
pabilities and resources to respond to environmental changes (Defee and
Fugate, 2010; Teece, 2007). Further, the development of DCT is posi-
tioned as having three key elements: (1) sensing, (2) seizing and (3)
transforming/reconfiguring (Teece 2014). The sensing capability is a
higher-order capability that contributes to competitive advantage by
leveraging company resources to identify, capture and proactively assess
market changes and customer needs. This foundational ability serves to
support the second capability, seizing, whereby firms leverage their
resources to interpret key market knowledge and information to inform
strategic decision-making. The third element builds on the seizing
capability through transforming and reconfiguring the firm dynamically
to position its resources to proactively respond to changing customer
requirements. These three elements combine to result in value creation
and competitive advantage (Ciampi et al. 2021; Mikalef and Pateli,
2017). The more quickly firms can develop these capabilities and inte-
grate this knowledge within their strategic decision-making process, the
more proactive and successful a firm can become in responding to
dynamically changing environments (Dubey et al., 2019b).

The seizing capability term coined by Teece (2014) was extended in a
study by Wilhelm et al. (2015) to refer to learning. The ability of a firm
to learn in a dynamic and volatile marketplace is central to mitigating
challenges and exploiting opportunities. The result of this learning
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capability will enable firms to sense key changes in customer demands
and translate and act on this knowledge rapidly resulting in superior
performance (Dubey et al. 2020; Mikalef and Pateli, 2017). Firms that
possess and utilise the capabilities to be proactive and agile in such
marketplaces have reported increased profits, improved service,
improved quality, more efficient processes, better strategic decision-
making and increased customer satisfaction (Ciampi et al., 2020;
Dubey et al., 2019a; Lokshina et al. 2018). A range of studies employing
DCT have demonstrated and reported that such capabilities may be
created and developed over time (Mikalef et al., 2019; Wilhelm et al.,
2015), thus maximising both technical and human resources necessary
for surviving and thriving in the external environment (Mikalef et al.,
2020). DCT, therefore, is a suitable theoretical lens for investigating the
key mechanisms through which the use of BDA enables EO to stimulate
innovation in SMEs.

2.2. Entrepreneurial orientation

EO has been employed as a construct in academic research since the
early 1980 s (Miller, 1983; Genc et al., 2019). It has been operationalised
as a construct to comprise three key sub-elements including innova-
tiveness, proactiveness and risk-taking. The first element, innovative-
ness, suggests that firms with high levels of innovation capabilities, such
as having the research skills to capture customer requirements and
swiftly translate this knowledge into new value-added products and
services to reach the market before their competitors, will typically
result in improved competitive advantage (Shepherd and Rudd, 2013).
The proactiveness component refers to a firm’s capability to adopt a first
mover advantage approach and have the practices and processes to
rapidly identify and respond proactively to market needs (Nwankpa and
Datta, 2017). Firms that can adopt the latest technologies to support
their proactiveness approach should attain competitive advantage
(Hervé et al., 2020). Risk taking is the third element of the EO construct.
Within this element firms that thrive have a culture of risk taking. A firm
tends to embrace higher risk projects and have an organisational
structure, and a set of results-based decision-making processes and
practices that makes it more responsive to changing market needs
(Covin and Slevin, 1989; Wiklund and Shephard, 2005; Ciampi et al.,
2021; Dai et al., 2014).

EO has endured in academic discourse and remains a relevant and
much valued construct across different sectors (Dubey et al., 2019b;
Hervé et al., 2020). For example, Basco et al. (2020) found that EO has a
direct impact on firm performance irrespective of context. Whereas
Genc et al. (2019) found that EO significantly impacts innovation per-
formance in emerging SMEs. EO continues to be at the heart of corporate
strategy and firms that nurture EO capability development appear to be
better prepared to exploit market opportunities, have a high level of
variety and volume of innovations (market, production, process or
managerial; Weerawardena et al., 2015), and achieve higher levels of
competitive advantage (Ciampi et al. 2021; Nwankpa and Datta, 2017).

EO represents the firm’s policies and practices that guide entrepre-
neurial decisions and actions (Pérez-Luno et al., 2011). Possessing EO is
regarded as a higher order dynamic capability as it shapes and directs
the firm towards transformational activities, such as structural and
cultural change in support of high-performance outcomes (Dubey et al.
2020).

2.3. Environmental dynamism

ED refers to the rate and unpredictability of change in a business
context (Dubey et al., 2020; Eisenhardt and Martin, 2000; Mitchell et al.,
2021). It is well recognized that organisations should bring new prod-
ucts and services to market to meet the challenge of constantly changing
customer requirements in a dynamic business environment (Pérez-Luno
et al., 2011). ED as a construct has been widely used in association with
studies that have employed DCT as a theoretical basis (Chen et al., 2015;
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Dubey et al., 2019b; Baum and Wally, 2003; Rai and Tang, 2010), and
has been reported as making a significant contribution to operational
performance (Dubey et al., 2020).

ED is a construct also prevalent in innovation management research
(Mitchell et al., 2021; Miller et al., 2021) as many firms face strong
competition in a rapidly changing business environment characterised
by high uncertainty and complexity. Therefore, firms need to actively
engage in innovation activities in response to changes in the business
environment (Ciampi et al. 2021). This is especially relevant for SMEs
that often have the flexibility to adapt very quickly, but lack the re-
sources of larger firms. Exhibiting these unique compositions of capa-
bilities, such as learning orientation capabilities, entrepreneurial
capabilities and communication skills could be a very attractive selling
point for larger firms that are typically less entrepreneurial and such
cultures are difficult to imitate and can lead to competitive advantage.
Joint asset specificity is one such technique larger firms adopt in supply
chain management in order to engage with SMEs and benefit from SMEs
capabilities to swiftly adapt and respond to market needs (Cadden et al.,
2020; Gupta and George, 2016; Miller et al., 2021).

2.4. Big data and big data analytics

There are three widely recognised characteristics that form big data:
volume, variety, and velocity (Johnston et al., 2017; Cadden et al.,
2022). These three BDC’s lay the foundation for BDA value creation
(Hofman et al., 2017). Volume refers to every piece of data that is
obtainable, internally or externally. Variety comprises of the differing
types of information and data available to firms, this could be changes in
customer demands, or buying patterns, or new way to collect data such
as RFID, Blockchain, cloud computing or Al (Hoffmann 2017; Dubey
et al., 2022; Mikalef et al., 2023). Velocity is the speed that collected
data can be processed (Wamba & Akter, 2019; Maheshwari et al, 2021;
Talwar et al, 2021).

Increasingly firms are turning to BDA as a potential source of
competitive advantage in today’s volatile and changing marketplace
(Cadden et al, 2022; Dubey et al., 2019; Gupta and George, 2016;
Wamba et al, 2017). BDA is generally accepted as a term that comprises
two elements namely big data and analytics. Big data is recognised as
“data sets whose size is beyond the ability of typical database software
tools to capture, store, manage and analyse” (Hoffmann, 2017: 5109).
These rich data assets that firms have at their disposal are largely due to
increasing digitisation and cloud computing technologies. The analytics
element of big data has emerged almost as a separate element, whereby
a range of tools have appeared on the market. Such tools enable firms to
analyse huge volumes and varieties of data much more quickly than ever
before to reveal hidden patterns, trends, and correlations (Gupta and
George, 2016; Wamba et al., 2017; Cadden et al., 2022). Advanced BDA
tools such as Rapid Minor and Apache Flink, supported by data driven
practices, allow companies to create value through timely knowledge
that informs strategic decision-making (Chae et al., 2014; Duan et al.,
2020; Mikalef et al., 2020). However, investing in BDA resources alone,
such as hardware and software can be easily imitated by competing
firms, and therefore access to such resources does not automatically lead
to competitive advantage (Cadden et al., 2022). Value creation and
inimitability is derived through having a set of knowledge and learning
capabilities within the firm to transform data that can contribute to
competitive advantage (Brinch, 2018; Gupta and George, 2016).

The development of BDA not only focuses on the internal organisa-
tional, but also across the supply chain. It has been reported that firms
with successfully developed BDA capabilities, both technical and human
can achieve superior supply chain performance (Chen et al., 2015, Gupta
and George, 2016; Wamba et al., 2017; Wamba et al., 2020). Cadden
et al. (2022) presented a framework for exploring the role of supply
chain intangible capabilities, such as human resources and a data driven
culture as an enabler of value creation and supply chain agility. Simi-
larly, Wamba et al. (2020) found that BDA has a significant impact on
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supply chain capabilities, such as agility, adaptability in support of
performance enhancement. BDA has the potential to provide a platform
for novel innovative approaches across supply chain practices and pro-
cesses in support of SC innovation and collaboration (Conboy et al.,
2020; Sanders, 2014). Whilst BDA has shown much promise inside the
firm and across the supply chain, it is not proving to be a panacea or
‘magic pill’ in enhancing competitive advantage. More empirical
research into the nuances and interrelationships are required to provide
deeper and richer insights (Ben-Daya et al., 2019; Cadden et al., 2021;
Dubey et al., 2019b).

2.5. Marketing analytics usage

Marketing analytics has evolved within big data analytics literature
as a specific strategic activity for the collection, management, and
analysis of data to extract useful insights to support marketing decision-
making (Germann et al. 2013). Through the focused deployment of big
data analytics, firms can sense emerging market opportunities and
threats, generate critical insights, and adapt their operations based on
trends observed in the competitive environment (Chen et al. 2012;
Mikalef et al. 2019).

Marketing analytics aims to transform large amounts of unstructured
market data to derive valuable insights (Cao et al., 2019). Deployment of
customer analytics has a positive effect on firm performance (Germann
etal. 2014; Wamba et al. 2017). It is increasingly argued that marketing
analytics enable effective firm-level decision-making by generating
useful insights and knowledge about the market and competition in real-
time (Xu et al., 2016) and allows organizations to create more idiosyn-
cratic customer value enabling competitive advantage (Cao et al., 2019).

2.6. Knowledge integration

Knowledge integration is regarded as a fundamental process through
which firms can gain the benefits of newly acquired knowledge for
competitive advantage (Jarrahi & Sutherland, 2019; O’Dell & Daven-
port, 2019). Rather than relying on knowledge acquisition alone some
researchers have argued that such knowledge should be integrated with
existing firm knowledge to enable firms to explore new market oppor-
tunities (Salunke et al., 2019). This will involve having formal structures
and processes to acquire and integrate knowledge from multiple sources
into and across distinct business units in the firm (Davenport, 2019;
Jarrahi & Sutherland, 2019; Salunke et al., 2019). This includes con-
verting tacit knowledge into explicit and actionable knowledge (Yang,
2005: Narayanan et al., 2009). Knowledge integration supports the
competitive strategy of the firm in two ways. Firstly, integrating supe-
rior knowledge sets can create stronger value-adding innovations that
allow a firm to obtain an advantage over its competitors (Bhatt, 2001;
Prusak and Cranefield, 2016). Secondly, novel knowledge configura-
tions diffused into organizational routines, that are difficult to imitate by
a firm’s closest competitors, enable firms to achieve competitive
advantage (Salunke et al., 2019).

2.7. Innovation

Innovation is generally defined as a new product or service, a new
production technology, a new process, or a new management or mar-
keting innovation (Weerawardena et al., 2015), and has been shown to
reduce costs, and provide increased product differentiation and in turn
competitive advantage (Duan et al., 2020; Heider et al., 2020).

Typically, SMEs are more resource limited, both in financial and
human terms, than their larger counterparts (Miller et al., 2021) and
therefore, innovation capabilities are critical capabilities for SMEs in
competitive and volatile environments (Heider et al., 2020). Product
and process innovation together constitute technical innovation in the
widely adopted organizational innovation typology by Damanpour
et al., 1989 (Miller et al., 2021; Rosenbusch et al., 2011). While product
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innovation is defined as the adoption of a new idea pertaining to a new
product or service, process innovation is defined as the introduction of
new elements in an organization’s production process or service oper-
ations (Damanpour et al., 1989). The latter may aim for reduction of
labor costs or improved manufacturing flexibility (Leiponen and Helfat,
2010). Based on newness and value addition criteria that have been
widely used to determine the degree of innovation, product innovations
may range from incremental to radical (Weerawardena et al. 2015). The
degree of innovation indicates the extent of new knowledge embedded
in an innovation (Verona 1999) The organizational subsystem view that
has been used in the literature to explain sources of innovation suggests
that technical innovation stems from the socio-technical subsystem of
the organization, which includes R&D and other experimental learning
activities (Weerawardena et al. 2015).

2.8. Sustained competitive advantage

Sustained competitive advantage (SCA) occurs ‘when current and
potential competitors are unable to duplicate the value creating strategy
adopted by the firm and the benefits of such a strategy’ (Barney 1991, 102).
Central to this is the notion of durability or inimitability. The concept of
‘competitive duplication’ has been used for capabilities or innovations of
the focal firm where the inimitability of distinctiveness of firm capa-
bilities is suggested as the key source of sustainability (Day and Wensley
1988; Cao et al., 2019). Similarly, the ‘capability differential’ on which
competitive strategy is founded is at the core of competitive advantage
(Teece et al., 1997). There is general agreement that a measure for SCA,
includes both financial and financial indicators, such as market pene-
tration, increased market share, increased customer satisfaction, a
higher return on investment and higher than average gross profits
(Anning-Dorson 2016; Lee and Falahat 2019; Swink and Song 2007).

2.9. Hypothesis development

Based on the theoretical discussion in section 2, a research model
was developed from the current literature as shown in Fig. 1. Based on
the key concepts of DCT we suggest that SMEs can sense and seize op-
portunities using big data and marketing analytic capabilities to respond
to the dynamic external environment and combine existing knowledge
with new knowledge. The new knowledge resources developed through
this process enable SMEs to pursue greater innovation and in turn ach-
ieve competitive advantage.

The following sections will operationalise the constructs under study
and present testable hypotheses.

2.10. EO and big data

Having an EO is critical for business survival and success, especially
for SMEs (Covin and Wales, 2019). A highly entrepreneurially oriented
firm often adopts a more proactive approach for identifying and
exploiting opportunities for innovation that leads to better performance.
Such a firm will continuously direct its attention to scanning and
monitoring the business environment in order to identify any market
opportunities (Keh et al., 2007), and this follows closely the logic of
sensing in DCT (Mikalef et al., 2021). Therefore, SMEs in a rapidly
changing environment must expand their capabilities to embrace big
data and marketing analytics (Chen et al., 2012). Whilst resource scar-
city is the norm in many SMEs, higher levels of engrained entrepre-
neurial orientation traits within SMEs are a platform for identifying and
employing contemporary digital technologies (Gupta et al., 2016; Pérez-
Luno et al., 2011). In our research context, it is argued that
entrepreneurial-oriented SMEs will actively engage in employing big
data technologies and marketing analytics to scan the market environ-
ment for improved innovation, which in turn can be a source of dynamic
capabilities. For example, Gupta et al. (2016) analysed the role of EO in
influencing technology adoption and found that individual EO has a



T. Cadden et al.

Journal of Business Research 168 (2023) 114225

Sense Seize Transform Outcomes
Environmental
Dynamism (ED)
€~ Innovation (IN)
\\~~“~. H Big Data /|:\
\\ 4 .§~‘ (BD) \ \)\% ’9\9
\~ ~y \/76 \
63~ N
~ & z Knowledge Sustained
Entrepreneurial < J Integration (KI) Competitive
Orientation (EO) \*2 /Qi\ Advantage (SCA)
Market
i a
\B Anal:/ltlcs Use Control
(MAU) Variables
e Industry
e Firmsize
e Job title

Fig. 1. Research model.

significant role in employee acceptance and engagement with new
technologies. Therefore, this study presents the following hypotheses:

H1: EO is positively related to big data.

H2: EO is positively related to MAU.

Big data is often referred to as data with high volume, variety, and
velocity (Johnston et al., 2017; Hoffman, 2017). With the increasing use
of accessible digital technologies, such as the Internet of Things, orga-
nisations of all sizes can collect big data. However, to make sense of big
data, companies have to use various analytical technologies as the value
of big data can only be realised through the use of relevant and effective
analytics (Brinch, 2018). Adopting BDA technologies can facilitate rapid
decision-making which is necessary for competing in many industry
contexts for SMEs (Matarazzo et al., 2021; Maroufkhani et al., 2020) and
for improving overall supply chain and operational performance (Dubey
etal., 2019a). In this research context, the use of marketing analytics can
transform big data into valuable business and marketing insights, and
this in turn is related to the sensing process of DCT where SMEs can
mobilise resources to avail of market opportunities and capture value
(Mikalef et al., 2021). Data availability has been found to be a critical
foundation for an SME when using marketing analytics (Cao et al.,
2019). Therefore, this study proposes that:

H3. Big data is positively related to MAU.

2.11. Role of Environmental dynamism

Extant literature shows that ED has been especially potent when
considered an important moderator in relevant studies such as innova-
tion tendency (e.g. Pérez-Luno et al., 2011), firm performance (Wiklund
and Shepherd, 2005; Covin and Wales, 2019), strategic decision-
making, (Shepherd and Rudd, 2014; Rajagopalan et al., 1993), explo-
ration and exploitation (Wang and Li, 2008; Jansen et al., 2009), and in
analytics studies (e.g. Mikalef et al., 2019; Srinivasan and Swink, 2018).

Engelen et al. (2014) conducted a comprehensive analysis of
moderating variables including EO relationship to performance and
revealed that numerous studies have examined the moderating role of
ED between EO and firms’ performance. Yet, there have been mixed
results. For example, Pérez-Luno et al. (2011) have revealed that ED
moderates the relationship between proactivity and innovative ten-
dency. Wiklund and Shepherd (2005) suggest that the relationship be-
tween EO and SME performance is positively moderated by ED in that
performance increases when an EO is present, albeit at a more rapid pace
than in dynamic environments. However, the findings on the moder-
ating effect of dynamic environments on EO and firm performance are
inconclusive (Engelen et al. 2014).

SMEs operate in dynamic and rapidly changing environments, and
have to be more active in utilizing available BDA technologies to scan
and monitor their market environment to find opportunities for new or
improved products, services or processes. Further, this will be especially
true for SMEs who possess higher levels of EO and a high degree of
flexibility in their modus operandi (Herhausen et al., 2020; Thrassou
et al., 2020; Coltorti and Venanzi, 2017). Moreover, the logic of DCT is
that when entrepreneurial-oriented SMEs have to deal with a higher
level of ED, they will be more active in sensing environmental changes
and seizing opportunities by using BDA. Therefore, this study proposes
the following hypotheses:

H4. ED moderates the positive relationship between EO and big data.

H5. ED moderates the positive relationship between EO and mar-
keting analytics.

2.12. Big data and marketing analytics to knowledge integration

Knowledge integration capability (KIC) refers to an SME’s ability to
obtain, process and apply knowledge to exploit opportunities in the
market. KIC can also include the ability of an SME to develop new
knowledge from disparate knowledge, integrate this knowledge into
value creating activities (Kogut and Zander, 1992; Salunke et al., 2019;
2011). This will allow the SME to continuously adapt and refresh this
knowledge in order to respond to changes in its product and service
markets. This involves developing knowledge generated from BDA and
marketing analytics into the SME’s value creating activities to contin-
uously deliver new and value-adding innovations, which is aligned with
the logic of the transforming process of DCT. However, the knowledge
generated from BDA and marketing analytics must already be present in
the SME. As an SME acquires new knowledge, particularly through
external sources, it may not be aligned with existing knowledge and
therefore such knowledge has to be processed and integrated with cur-
rent knowledge (Davenport, 2019; Jarrahi & Sutherland, 2019). More-
over, some acquired knowledge may not be relevant for dealing with
customer needs, and vary across different projects. Such new knowledge
combinations will facilitate entrepreneurial SMEs gaining competitive
advantage through the delivery of high-value-adding innovations that
cannot be easily replicated by their competitors (Mitchell et al., 2021).
Therefore, this study proposes the following hypothesis:

H6: Big data is positively related to knowledge integration.

Marketing analytics has its origins in business analytics and is con-
cerned with collecting, managing and analysing data to develop insights
to enhance decision-making in a marketing context (Germann et al.,
2013). The integrative nature of BDA allows entrepreneurial managers
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to build dynamic capabilities to effect internal changes and address
external market opportunities (Defee and Fugate, 2010; Rojo et al.,
2018). Business analytics helps SMEs establish knowledge creation
routines to capture new market opportunities that facilitates learning
about customer and competitor behaviour in the wider market envi-
ronment and these have a stronger sensing capacity (Cao et al., 2019;
Chen et al., 2015; Wilden and Gudergan, 2014). Such knowledge rou-
tines will enable an SME to rapidly meet customer needs and highlight
new business opportunities, whilst at the same time redesigning their
business processes to improve performance (Wamba et al., 2020).
Customer knowledge gained from marketing analytics has to be inte-
grated with existing knowledge inside the SME to allow this to happen.
We therefore hypothesize:

H7: Marketing analytics is positively related to knowledge
integration.

2.13. Knowledge integration to innovation

The knowledge-based view of innovation suggests that new knowl-
edge forms the foundation for innovation (Davenport, 2019; Jarrahi &
Sutherland, 2019; Zhou and Li, 2012, Nonaka and Takeuchi 1995). The
accumulation and integration of disparate knowledge in innovation has
attracted a lot of attention in the innovation literature (Almeida et al.,
2002; Baker et al., 2022; Brown and Eisenhardt, 1997; Menon and
Pfeffer, 2003). However, as argued by Salunke et al., (2019) and Ken-
nedy (2019), knowledge generation on its own is not sufficient but has to
be combined along with existing knowledge to address high-value
adding market opportunities. (Leiponen, 2006; Okhuysen and FEisen-
hardt, 2002). Adhering to the logic of the sensing and seizing processes
of DCT, we posit that the knowledge generated through BDA and mar-
keting analytics should be integrated to pursue value creating strategies.
Similarly, as noted earlier, dynamic capabilities can allow an SME to
develop new knowledge to enhance its competitive position. We there-
fore theorize that BDA and marketing analytics represent strategic
knowledge acquisition capabilities through which the SME senses mar-
ket opportunities and seizes such opportunities through knowledge
integration for greater innovation. We therefore hypothesize:

H8: Knowledge integration is positively related to organizational
innovation.

2.14. Innovation to competitive advantage

Innovation is widely accepted as a gateway to competitive advantage
(Amarakoon et al., 2018 Damanpour & Aravind, 2012; Datta et al.,
2015; Hullova et al., 2016). Many studies on innovation have reported
that having a high degree of innovation capability results in superior
operational and financial performance (Baker et al., 2022; Datta et al.,
2015). Today’s markets are increasingly volatile and unpredictable.
Firms that have higher levels of innovation and can respond and adapt to
customer needs can outperform their competitors. Firms require the
ability to sense market trends, absorb this knowledge and transform
information into new innovations. For example, a study by Amarakoon
et al., (2018) highlighted how firms who have a learning orientation
towards innovation can achieve increased performance. Further, a sys-
tematic literature review by Baker et al., (2022) reported thirty six
studies that reported where innovation lead to competitive advantage.
However, many studies investigate innovation through a generic
construct lens; whereas increasingly innovation is recognised as more
complex; and includes multiple facets including product, process,
managerial and marketing (Weerawardena et al., 2015). Innovation
includes product innovations and improvements; process innovations,
both incremental and radical, and managerial, both incremental and
radical, and marketing innovations (Baker et al., 2022; Weerawardena
et al., 2015).

Further, work by Kahn (2018) suggests innovation is a culture and a
process leading to an outcome. With much work being focused on the
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technical aspects of innovation, this study is underpinned by DCT, and
deconstructs innovation into its constituent parts to identify which el-
ements are most important in driving innovation and capturing value in
an era of digitisation. Therefore, we posit:

H9: Innovation is positively related to competitive advantage.

3. Research methodology

The partial least squares (PLS) path modelling method was used, and
implemented in the SmartPLS3 software, to test our hypotheses empir-
ically. PLS is suggested as suitable for testing research models where
relevant theories are not well refined (Gefen et al., 2011; Hair et al.,
2013). Although all our constructs are well developed in the literature,
their relationships examined in this research are original. Thus, PLS path
modelling is appropriate for this study.

3.1. Measures of constructs

All the constructs were measured reflectively using indicators
modified from the literature (Table 1), while all their indicators were
five-point Likert scales, anchored from 1 = strongly disagree to 5 =
strongly agree. The indicators used to measure big data were adopted
from Johnson et al. (2017), including three lower-order constructs
volume, variety, and velocity. The indicators used to measure ED were
adopted from Baum and Wally (2003) and Rai and Tang (2010). EO was
measured via three lower-order constructs: innovativeness, responsive-
ness, and risk-taking (Covin and Slevin, 1989; Dai et al., 2014).
Knowledge integration was measured in terms of four indicators adapted
from Salunke et al. (2019). The indicators used to measure MAU were
adapted from Germann et al. (2013) and Cao et al. (2019). The in-
dicators used to measure innovation were adopted from Weerawardena
(2003) and Weerawardena et al. (2015), using four lower-order con-
structs: product innovation, product process innovation, managerial
innovation, and marketing innovation. To measure sustained competi-
tive advantage, five indicators were adopted from Day and Wensley
(1988). Moreover, based on prior studies (Cao et al., 2019; Duan et al.,
2020; Weerawardena et al., 2020), firm size (number of employees),
industry type, and job title were controlled for in the present research as
they might influence informants’ perceptions of sustained competitive
advantage.

To measure the research constructs, a questionnaire survey was used
to collect data in the UK, which is summarized in Table 1. The survey
was developed from the literature review, examined by five domain
experts, and revised six times. The survey was then piloted with a sample
of 10 marketing and innovation academics, 30 senior marketing man-
agers, and 50 students studying MSc Marketing and MSc Innovation
programmes. As a result, amendments were made to improve the
appropriateness of the scale items.

600 SMEs were chosen randomly from 1,946 companies across the
sectors included in a UK national database. The survey was forwarded to
SME senior managers using an online-based survey platform, Qualtrics.
The total design method suggested by Dillman’s (1978) was followed to
build trust with the recipients and improve the response rate. The first
electronic survey included a cover letter summarizing the aim of the
study and the social usefulness, assuring anonymity and confidentiality,
a clear instruction guide, and evidence that the survey was adminis-
trated by three professors from universities in the UK, UAE, and
Australia. After four follow-ups, 199 respondents returned the ques-
tionnaires and 194 were usable, with a response rate of 32%.

3.2. Respondents

Of 194 respondents, 42.3% of them were senior managers, while the
rest of them included operations, marketing, IT and other middle man-
agers; 68% of the managers were from small companies, and the rest of
them were from medium-sized companies; while 24.7% of the
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Table 1
Constructs and indicators of the study.
Construct Indicator (using a five-point Likert scale with 1 = strongly disagree and 5 = strongly agree) Reference
Big Data (BD) BD1-Volume Johnson et al. (2017)

Environmental Dynamism
(ED)

Entrepreneurial Orientation
(EO)

Knowledge Integration (KI)

Marketing Analytics Use
(MAU)

Innovation (IN)

Sustained Competitive
Advantage (SCA)

My company analyses large amounts of data

The quantity of data we explore is substantial

We use a great deal of data

We scrutinize copious volumes of data

BD2-Variety

We use several different sources of data to gain insights

My company analyses many types of data

We have many databases from which we can run data

We examine data from a multitude of sources

BD3-Velocity

We analyze data as soon as we receive it

The time period between us getting and analyzing data is short

My company is lightning fast in exploring our dataMy company analyses data speedily

e ED1-Products and services in our industry become obsolete very quickly Rai and Xinlin (2010); Baum and Wally
ED2-The product/services technologies in our industry change very quickly (2003)
ED3-The rate of change of customer preferences cannot be predicted
ED4-We can’t predict what our competitors are going to do next
ED5-Our industry is experiencing tough price competition’

DEO1-InnovativenessOur firm is very often the first to introduce innovative (new and value adding) Covin and Slevin (1989); Dai et al. (2014);
products and services Nwankpa and Datta (2017)

Our firm actively invests in research to provide customers with new and value adding products and

services

DEO2-Proactiveness
In dealing with competition, our firm initiates actions to which competitors respond
Our firm believes in adopting modern digital technologies in products and services if we are remaining
competitive
DEO3-Risk-taking
In dealing with competition, our firm adopts a ‘beat the competitor’ approach
Our firm tends to invest in high-risk projectsOur firm raises finance by using external borrowings
e KI1- Our firm uses existing know-how in different ways to create new products or services Salunke et al. (2019)
KI2- Our firm creates new opportunities by combining new knowledge with existing knowl-
edgeKI3- Our firm identifies further use(s)
for existing resources by blending technological knowledge with market knowledgeKI4- Our firm
improves current products and services by using knowledge gained through combining diverse
knowledge resources
e MAUI1-We extensively use marketing analytics to make sense of market information (customer (Germann et al., 2013); Cao et al. (2019)
preferences, competitor behavior)
MAU2-Our employees are very good at identifying and employing the appropriate marketing
analysis tool given the problem at handMAU3-Our employees master many different quantitative
marketing analysis tools and techniques
IN1-Production innovationProduct innovations introduced by our firm during the last five years have Weerawardena (2003); Weerawardena
been et al. (2015)
(from 1- limited to 5-extensive)Product improvements have been mainly
(from 1 to incremental to 5-radical)
IN2-Production process innovationProcess innovations introduced by our firm during the last five years
have been
(from 1- limited to 5-extensive)Process innovations have been mainly
(from 1 to incremental to 5-radical)
IN3-Managerial innovationsManagerial innovations introduced by our firm during the last five years
have been
(from 1- limited to 5-extensive)Managerial innovations have been mainly
(from 1 to incremental to 5-radical)
IN4-Marketing innovationsMarketing innovations introduced by our firm during the last five years
have been
(from 1- limited to 5-extensive)Marketing innovations have been mainly
(from 1 to incremental to 5-radical)
Our firm has gained the following advantages over competitors for the last three years (from 1-notallto ~ Day and Wensley (1988)
5-a great deal):
CA1l-Entering new markets
CA2-Increased market share
CA3-Increased customer satisfaction
CA4-Gain a higher return on investmentsCA5-Gross profits higher than our industry average

" dropped after the measurement evaluation.

informants worked below five-years, 36% worked five to 15 years, and 3.3. Common method and non-respondent bias

the rest 39.2% had over 15 years; 36.6% of respondents came from

manufacturing, 28.9% from finance and professional services, and In order to mitigate common method bias, both procedural and
34.5% from other business services. Thus, each informant was seen to statistical remedies were used, in line with the recommendations of
have the relevant background and expertise to answer the survey Tehseen et al. (2017). Three procedural approaches were used to
questions (Bagozzi et al., 1991). Table 2 summarises the respondents’ minimize common method bias when data was collected, including as-
demographic characteristics. suring respondents’ complete anonymity to reduce the need for making

socially desirable responses (Podsakoff et al., 2003), defining scale items
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clearly (Podsakoff et al., 2003), and separating scale items from the
reported constructs so that respondents were less likely to guess and
match the link between variables (Parkhe, 1993). Additionally, two
statistical remedies were performed to assess potential common method
bias in the research, including (a) the partial correlation procedure
(Lindell and Whitney, 2001) using job tenure as the marker variable and
(b) checking if there were any highly correlated factors (r > 0.90) in the
correlation matrix (Pavlou et al., 2007). The results summarized in
Table 4 indicated that common method bias did not occur in this study.

To determine whether there was non-response bias, a t-test was
performed to contrast early (n = 100) and late (n = 94) respondent
groups on each of the measures. The result suggested that the present
study had no serious non-response bias (Armstrong and Overton, 1977)
as there were no significant variances between the early and late groups.

3.4. Model testing and findings

3.4.1. Evaluation of the measurement model and the structural model

First, the measurement model was evaluated in terms of the widely-
accepted internal consistency (composite reliability), indicator reli-
ability, convergent validity and discriminant validity (Hair et al., 2014).
The results were satisfactory as summarized in Tables 3 and 4. Recently,
Henseler et al. (2015) proposed that the heterotrait-monotrait ratio of
correlations (HTMT) is a more suitable approach to assess discriminant
validity in variance-based SEM. Thus, this research also checked the
HTMT scores, summarized in Table 5, which confirmed discriminant
validity as all the scores came in below the strictest threshold of 0.85
(Benitez et al., 2020).

Second, following Hair et al. (2014), we assessed the structural
model in terms of collinearity and the significance and relevance of the
structural model relationships. The structural model had no collinearity
issues since the VIF (variance inflation factor) value for all constructs in
this research, generated from SmartPLS3, ranged from 1.01 to 1.65,
below the threshold of 5 (Hair et al., 2014; Benitez et al., 2020). The
significance and relevance of the path coefficients were also satisfactory,
as shown in Fig. 2.

The predictive power of the research model was assessed and
confirmed by the amount of variance attributed to the latent variables (i.
e., R?) and the value of the predictive relevance Q2 that should be larger
than zero (Hair et al., 2014). The full model explained 31% in sustain-
able competitive advantage (SCA) with a Q2 value of 17, 29% in inno-
vation (IN) with a Q2 value of 0.19, 41% in marketing analytics use
(MAU) with a Q2 value of 0.31, 38% in big data with a Q2 value of 0.25,
17% in knowledge integration (KI) with a Q? value of 0.12. According to
Wetzels et al. (2009) the effect size of KI was between small and me-
dium; the effect sizes of BD and MAU were large; and the effect sizes of
IN and SCA were between medium and large.

3.5. Hypothesis testing

H1 and H2 propose that EO has a positive influence on big data and
MAU, respectively. Both are supported, with path coefficients of 0.57 (p
< 0.001) and 0.31 (p < 0.001). H3 proposes that big data has a positive
influence on MAU, supported with path coefficient of 0.37 (p < 0.001).
H4 and H5 posit that ED moderates the relationships between EO and (a)
MAU and (b) big data. These moderation effects were tested based on

Journal of Business Research 168 (2023) 114225

bootstrapping (5,000 samples) (Hair et al., 2014; Hayes, 2009; Preacher
and Hayes, 2004), using a two-stage method provided by SmartPLS3,
with ED as a moderator and big data and MAU as predictor variables. H4
is rejected as the moderation effect is not statistically significant,
whereas H5 is supported as the moderation effect is 0.13 (p < 0.05), as
shown in Figure 3.

H6 posit that big data has a positive influence on knowledge inte-
gration, supported with a path coefficient of 0.18 (p < 0.01). H7 assumes
that MAU has a positive influence on knowledge integration, which is
confirmed with a path coefficient of 0.28 (p < 0.001). H8 postulates that
knowledge integration has a positive influence on innovation, which is
supported, with a path coefficient of 0.54 (p < 0.001). H9 assumes that
innovation positively influences sustained competitive advantage,
which is supported with the path coefficient of 0.51 (p < 0.001).

3.6. Discussion

This study examines the mechanisms through which SMEs leverage
the benefit of big data and marketing analytics to support innovation
and competitive advantage via knowledge integration. The motivation
for this study was influenced by several gaps in the BDA literature, a
strand of literature that has grown in significance over the last two de-
cades. First, there is significant evidence that information and insights
generated by BDA supports innovation and competitive advantage.
Second, a further gap in the BDA literature includes the suggested direct
link between BDA and competitive advantage, which remains incon-
clusive. As a result of this gap academics have turned their attention to
the mediating mechanisms where innovation has become prominent.
Third, the research supports the growing view that BDA will particularly
be helpful to SMEs that have resource constraints.

Underpinned by the key concepts of DCT, a research model was
developed and tested to help understand if and to what extent EO en-
ables the use of big data and marketing analytics to stimulate innovation
in SMEs. It examines several hypotheses that link the SMEs’ dynamic
capability building and deploying process of sensing, seizing and trans-
forming of capabilities (Teece, 2004; 2007) for innovation through
knowledge integration. The findings, based on the responses from 194
SME:s in the UK broadly support our hypothesized relationships. Table 6
summarises the results of the hypotheses tests and shows that seven of
eight hypotheses are supported.

3.7. Entrepreneurial orientation and capability development

The results have shown that EO has a positive influence on BD (H1)
and marketing analytics capabilities (H2), suggesting that firms that are
entrepreneurial in their strategic decision-making tend to engage in
sensing market opportunities through BD and marketing analytics ca-
pabilities (Covin and Wales, 2019). As a foundational capability BD
facilitates marketing analytics capability. Consistent with DCT, EO
emerges as the driver of organizational capability development and
deployment, and in turn innovation-based competitive advantage. This
supports the view in DCT that capabilities that provide the foundation
for firm competitive advantage are built on the conscious efforts of
entrepreneurial managers (Dubey et al., 2020). Therefore, our findings
extend DCT literature through applying such theories to a BDA context
(e.g., Gupta and George, 2016; Pérez-Luno et al., 2011).

Table 2

Respondent profiles (n = 194).
Job title No (%) Tenure (x) No (%) Company size (y) No (%) Industry type No (%)
CEO or equivalent 82 (42.3) x<5 48 (24.7) y <10 65 (33.5) Manufacturing 71 (36.6)
Operations managers 29 (15.0) 5<x<10 48 (24.7) 10 <y <50 67 (34.5) Financial and Professional services 56 (28.9)
Marketing managers 4(2.1) 10<x<15 22 (11.3) 50 <y <249 62 (32.0) Other services 67 (34.5)
IT managers 6 (3.1) 15 <x < 20 21 (10.8)
Other managers 73 (37.6) 20 <x 55 (28.4)
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Table 3
Convergent validity and internal consistency reliability.
Construct Indicators Loading Indicator Reliability Cronbach’s a Composite Reliability AVE
BD BD1 0.87 0.76
BD2BD3 0.820.86 0.670.74
ED ED1 0.51 0.26
ED2ED4 0.980.50 0.960.25
EO DEO1 0.86 0.74 075 0.85 0.66
DEO2DEO3 0.860.71 0.740.50
IN IN1 0.81 0.66 0.84 0.89 0.68
IN2 0.84 0.71
IN3IN4 0.840.79 0.710.62
KI KI1 0.87 0.76 0.88 0.92 0.74
KI2 0.91 0.83
Ki3KI4 0.780.88 0.610.77
(MAU) MAU1 0.91 0.83
MAU2MAU3 0.810.92 0.660.85
SCA SCA1 0.78 0.61 0.84 0.89 0.62
SCA2 0.90 0.81
SCA3 0.76 0.58
SCA4SCAS5 0.840.62 0.710.38
Table 4
Inter-Construct Correlations and Summary Statistics.
1 2 3 4 5 6 7 8
1. BD 0.85
2. ED 0.29" 0.70
3. EO 0.59™ 0.34” 0.81
4.IN 0.34" 0.29" 0.52" 0.82
5. KI 0.34" 0.24" 0.53" 0.54" 0.86
6. MAU 0.58" 0.28" 055" 0.53" 0.39" 0.88
7. SCA 0.37" 0.32" 0.53" 0.53" 0.41" 0.48" 0.79
8. Tenure’ —0.02 ™ —0.04 —-0.02 " —0.07 ™ -0.10™ —-0.00 ™ 0.06 ™ 1
“marker variable.
Table 5 an explanation may be that BDA is independently driven by entrepre-
aple neurial SME managers in their pursuit of outperforming competitors
HTMT Result. : .
through greater innovation. SMEs have been shown repeatedly to
BD ED EO IN KI MAU ScA possess high levels of EO and it may be that the traits of risk taking,
BD - proactiveness and proactiveness result in higher levels of flexibility and
ED 0.24 - responsiveness to market demands (Herhausen et al., 2020; Miller et al.,
EO 0.72 0.45 R 2021; Genc et al., 2019).
IN 0.39 0.37 0.62 - ! bili d Keti vt
KI 0.39 0.33 0.62 0.62 N RetSl:l ts supp.ort.HS. that BDA capability and mar etlng analytics
MAU 0.68 0.21 0.64 0.61 0.41 _ capability (H5) indicating that when the markets are perceived to be
SCA 0.43 0.39 0.63 0.61 0.45 0.52 - dynamic, entrepreneurially oriented SME managers tend to engage in

3.8. Capability development and ED

This study theorized that the entrepreneurial capability development
does not occur in isolation but is also influenced by external factors. As
discussed in section 3.2, the moderating role of ED has been considered
in studies related to firm performance (e.g., Dubey et al., 2020; Wiklund
and Shepherd, 2005), innovation strategy (Wang and Wang, 2012),
exploration and exploitation (e.g., Jansen et al., 2009; Wang and Li,
2008), and analytics. However, the suggested relationship has escaped
empirical scrutiny in a BDA context. Broadly the literature suggests that
entrepreneurs who perceive their operating environment as uncertain
tend to be more entrepreneurial and innovative in their competitive
strategies (Miller et al., 2021). Accordingly, ED was placed as a
moderator influencing relationships from EO to BD capability (H4) and
marketing analytics capability (H5).

Interestingly, results reject the hypothesis H4 that ED moderates the
relationship between EO and MAU (H4). The rejection of this hypothesis
is unexpected, yet on reflection perhaps not surprising. First, an expla-
nation could be that big data has a significant effect on the use of
marketing analytics, and the moderating role of ED may become less
effective in moderating the relationship between EO and MAU. Second,

extensive market learning through a marketing analytics capability.
Overall, our study represents the first attempt to examine the moder-
ating role of ED in the context of SMEs’ use of big data and marketing
analytics. The findings demonstrate that the positive influence of EO on
the use of big data will become stronger when the level of ED is higher.
This suggests that entrepreneurially oriented SMEs operating in a highly
dynamic environment will be more proactive in sensing and seizing
opportunities, thus strengthening their dynamic capabilities.

3.9. Capability deployment, knowledge integration and innovation

Following Salunke, (2011, 2019) we theorized that knowledge
acquisition per se will not be helpful in firm competitive strategy and
such integrated knowledge addresses the needs of the incumbent firm to
create new knowledge sets to take advantage of innovation opportu-
nities. As noted earlier, this acquired knowledge in its original form may
not be useful for addressing customer needs and vary across different
projects (Baker et al., 2022; Grant, 1996; Kogut and Zander, 1992).
Supporting this theorization, we find that both BDA capability (H6) and
marketing analytics capability (H7) leads to knowledge integration
capability.

Similarly, we hypothesized that knowledge integration can result in
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Moderating Effect
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—ED at-1 SD —ED atMean —ED at+1 SD
Fig. 2. Moderation role of ED.
Table 6
Summary Results of Hypotheses Testing.
Hypothesis Hypothesized Path Path coefficient (or Empirical evidence
Moderating) effect
H1 Entrepreneurial orientation -> Big data 0.57"" Supported
H2 Entrepreneurial orientation -> Marketing analytics use 0.317" Supported
H3 Big data -> Marketing analytics use 0.37"" Supported
H4 Environmental dynamism x Entrepreneurial orientation -> Marketing analytics use 0.07 "(moderating) Rejected
H5 Environmental dynamism x Entrepreneurial orientation -> Big data 0.13* (moderating) Supported
H6 Big data -> Knowledge integration 0.18" Supported
H7 Marketing analytics use -> Knowledge integration 0.28"" Supported
H8 Knowledge integration -> Innovation 0.54""" Supported
H9 Innovation -> Sustainable competitive advantage 0.51"" Supported

greater innovation. This is supported by (H8) indicating that integrated
BDA and market learning knowledge enable entrepreneurial SMES to
achieve greater innovation. This is in line with the current literature on
the knowledge-based view of innovation that suggests that new
knowledge configurations are requirements for innovation (Jarrahi &
Sutherland 2019; Nonaka and Takeuchi, 1995; O’Dell & Davenport,
2019; Powell et al., 1996). However, this view has escaped empirical
scrutiny in BDA-based competitive advantage literature. Broadly, H6,
H7 and H8 represent the seize (Teece, 2004, 2007) stage of the dynamic
capability process for greater competitive advantage thereby providing
empirical support for DCT in a BDA context.

3.10. Innovation and competitive advantage

The findings support H9 that innovation leads to competitive
advantage, thereby indicating SMEs that undertake new and value
adding innovations are well-positioned to outperform their competitors.
Further insights can be gained from how the two constructs are
conceptualized. Innovation is suggested as the integration of knowledge
resources in the value creating activities of the firm. Accordingly, the
new knowledge configurations that are built through the interplay of
BDA, marketing analytics and knowledge integration capabilities facil-
itates innovation in technical, for example, product, process and non-
technical, for example, managerial and marketing activities (Amar-
akoon et al., 2018; Damanpour & Aravind, 2012; Datta et al., 2015;
Hullova et al., 2016). On the other hand, competitive advantage can be
in the form of financial and non-financial market advantages and com-
petitors’ inability to replicate the market advantages of their
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competitors (Datta et al., 2015).

In summary, our study addresses the knowledge gaps that were
identified earlier. It contributes to advancing the BDA and innovation-
based competitive advantage literature in an SME context which is
fragmented and at an early stage of development. By considering the
inconclusive literature on BDA and competitive advantage our findings
indicate that the suggested link occurs through several knowledge-based
capabilities and innovation. As we theorized EO drives this process.

3.11. Theoretical contributions

This paper provides a number of useful theoretical insights. Firstly,
underpinned by DCT and the three key orchestration processes that
underpin DCT, namely sensing, seizing and transformation, a theoretical
SME data driven innovation capabilities model was presented. This
model was empirically tested and highlights the significance of
employing DCT in this context to develop key capabilities to enable
innovation and sustained competitive advantage. The DCT theory was
further extended in the model through the deconstruction of the trans-
formation orchestration into transformation and outcomes to recognise
and unveil the results of ‘transformation’ in this context. Key outcomes
identified in a SME data driven capabilities context in this study are
innovation and competitive advantage.

Secondly, the paper provided new insights into the pathway and
interrelationships that are required to support SMEs in a data driven
context to enable innovation and competitive advantage. SMEs are
subject to ‘bounded rationality ‘by virtue of their size and resources. In
particular, this study highlights and identifies the key role and
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positioning of intangible capabilities in enabling innovation and
competitive advantage for SMEs. For example, entrepreneurial orien-
tation and knowledge integration are the two key intangible capabilities
found to have significant impact in supporting SMEs develop data driven
innovation and competitive advantage. It is interesting that entrepre-
neurial orientation is a set of intangible capabilities that are positioned
at the sensing phase of the DCT orchestration process in an SME data
driven innovation context. Whilst there are a number of studies that
have investigated the relationship between entrepreneurial orientation
and big data (e.g. Ciampi et al., 2021; Dubey et al., (2020), there are few
studies that have provided valuable insights into the role of entrepre-
neurial orientation in an SME data driven context. Entrepreneurial
orientation is recognised as a first order intangible capability which
supports the shaping and informing of the firm’s organisational routines
and behaviours in respect of entrepreneurial decisions and actions
(Pérez-Luno et al., 2011), and supports structural and cultural change in
support of high-performance outcomes (Dubey et al. 2020). Therefore,
the proactiveness, risk taking and innovative characteristics of an SME
with high levels of entrepreneurial orientation provide a fundamental
platform for SMEs in an era of digitisation to swiftly adapt, embrace and
exploit data and information supported by the latest BD technologies
and tools.

Knowledge integration was the second key intangible capability and
was found to be positioned at the transformation phase of dynamic ca-
pabilities in this study. Possessing tangible capabilities such as basic
resources and data, and human skills, such as technical and managerial
skills (Teece et al., 2014; Gupta and George, 2016; Wamba et al., 2017)
are all important in developing a set of BDAC’s, but a firm’s pathway to
enhanced competitive advantage lies in its non-imitable and non-
substitutable characteristics (Teece et al., 2014; Gupta ang George,
2016). Knowledge integration is recognised as a key enabler to
achieving innovation and higher levels of competitive advantage
(Davenport, 2019; Jarrahi, 2019). This study provides a theoretical
contribution through demonstrating the role and positioning of knowl-
edge integration as a transforming set of capabilities. A knowledge
creation and knowledge sharing culture appears to create a set of rou-
tines and behaviours that enable the value of big data to drive innova-
tion and be a source of dynamic capabilities in dynamic environments.

Companies are increasingly under pressure trying to understand and
interpret the huge swathes and variety of marketing data that currently
exists (Day, 2011; Erevelles et al., 2016). Data on customer patterns and
trends, an ever-increasing number of customer contact points, increased
market segmentation and explosion of social media outlets have all
resulted in an overwhelming amount of information that companies are
wrestling with (Cao et al., 2019; Faruk et al., 2021; Herhausen et al.,
2020). The disruptive and changing nature of this information is both a
challenge and an opportunity for SMEs. Herhausen et al., (2020) refers
to two marketing analytics capabilities gaps that currently exist: the
practice gap: which identifies the gap between what marketing analytics
capabilities managers currently have and the marketing analytics ca-
pabilities they need to have; and the knowledge gap’: which is the
marketing technology knowledge within firms and the current academic
knowledge that underpins this knowledge. This study has helped bridge
both these gaps through providing an empirical and theoretical roadmap
of how SMEs can realise opportunities by developing their marketing
analytics capabilities and embed the external market knowledge to drive
innovation.

3.12. Practical implications

The study findings provide a practical pathway for SME managers
operating in a dynamic business environment and striving to outperform
their competitors through the strategic use of big data for greater
innovation and ultimately competitive advantage. Firstly, SMEs man-
agers must not dilute or suppress the entrepreneurial characteristics that
are within their business in an era of digitisation. Such traits are a
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fundamental platform to allow the absorption and transformation of BD
knowledge. Traditional entrepreneurial behaviours of innovativeness,
proactiveness and risk-taking are a useful antecedent in a digital econ-
omy context, and when coupled with a culture of learning through
knowledge integration mechanisms, innovation thrives in support of
competitive advantage. Employee engagement through cross functional
teams, innovation hubs; joint supply chain partners meetings (both
formal and informal, such as joint social events) support the develop-
ment of a data driven innovation culture. Secondly, such entrepreneurial
managers should build and nurture organizational capabilities in big
data characteristics and marketing analytics, and then integrate such
new knowledge with existing knowledge to address market opportu-
nities. Managers should invest in continued training and employee
engagement with new technologies to remove the fear of such tech-
nologies, build trust of technologies in employees, and promote these
tools as part of the innovation toolkit, rather than as a replacement. As
our findings have revealed it is the knowledge integration mechanisms
that transform the new knowledge resources into a usable form for
innovation in support of competitive advantage. Thirdly, managers must
deploy these new knowledge configurations to pursue high value adding
technical (product and process) and non-technical (managerial and
marketing) innovation. It is the combinations of innovation character-
istics that will provide an advantage for firms. Further, to address the
market insights potential gained through marketing analytics, the firm
must invest in these tools and also build its internal knowledge base
through internal experimental learning to integrate this knowledge in
support of innovation and competitive advantage.

3.13. Limitations and directions for future research

Although the findings offer valuable insights into the role of orga-
nizational capabilities in the pursuit of BDA and innovation-based
competitive advantage for SMEs, the findings must be considered in
the context of the limitations of the research. First, our study examined
only two key intangible capabilities in innovation in a BDA context.
Further research may consider the contribution of other intangible ca-
pabilities, such as data driven culture, knowledge acquisition capabil-
ities, internal organisational learning capability and the external
organisational learning capability that that will enrich the new knowl-
edge configurations of the firm. Second, the cross-sectional design in this
study prevents us from exploring how these knowledge building pro-
cesses develop and impact on the role of entrepreneurial managers in the
process. Future research may examine how resources allocations and
trade-offs are made in determining which capabilities are more impor-
tant to a firm in the pursuit of competitive strategy. Third, theoretical
constructs in our study were measured using single-informant reports.
Although the respondents to our survey were the CEOs of SMEs and
considered to be most familiar with the strategy formulation activity of
the firm, multiple informants could be useful in future studies. Finally,
SMEs that we studied provided an appropriate setting for examining
how BDA-driven innovation is undertaken in resource-constrained
contexts. Other specific industries, such as services, may differ in
terms of the pace of technological change and, therefore, require a
different set of capabilities for competing.

4. Conclusion

This study was motivated by the growing intertest in understanding
the role of BD and marketing analytics usage in supporting firm inno-
vation and competitive advantage. However, the suggested link had
received limited empirical scrutiny particularly in an SME context which
are resource constrained yet more entrepreneurial than larger firms. In
the research model that we developed to address this research gap, we
highlight the importance of intangible capabilities, namely entrepre-
neurial orientation and knowledge integration as essential capabilities
in the development of an SME data driven innovation capabilities
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model. The findings support our research model, underpinned by DCT,
and have important implications for both theory and practice. Overall,
the importance of BD and marketing analytics in innovation-based firm
competitive advantage remains a new and fertile ground for theory
development.
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