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A B S T R A C T

Prior research articulated the importance of developing a big data analytics capability but did not show how to
cultivate this development. Drawing on the literature on this topic, this study develops the concept of Big Data
capability, which enhances our understanding of Big Data practice beyond that captured in previous literature
on the concept of big data analytics capability. This study further highlights the strategic implications of the
concept by testing its relationship to three strategic orientations and one aspect of organizational culture.
Findings show that customer, entrepreneurial, and technology orientations, and developmental culture are
important contributors to the development of Big Data capability.

1. Introduction

The role of Big Data in creating business value has been well
documented in the practitioner and research press (e.g., see Barton &
Court, 2012; Carr, 2013; Pigni, Piccoli, & Watson, 2016; Sanders,
2016). For example, multiple case studies have recorded how major
well-known firms such as Walmart, eBay, Progressive Insurance, Target
(Sanders, 2016), and Uber used Big Data to enhance their business
performance (Pigni et al., 2016). Meanwhile, the scholarly literature
also began to provide empirical evidence supporting the view that Big
Data benefits firm performance (see, e.g., Gupta & George, 2016;
Wamba et al., 2017). Yet there is evidence, which shows that many
firms have not yet successfully leveraged Big Data to transform their
business functions such as supply chain operations (Chen, Preston, &
Swink, 2015; Sanders, 2016).

Parallel to the reports of success and failure stories of Big Data is a
revelation of its multiple facets in the literature. To date, the literature
from both scholarly and non-scholarly sources has revealed various
aspects of Big Data: for example, data in diverse formats and un-
precedented scale (McAfee & Brynjolfsson, 2012), real-time digital data
flows (Pigni et al., 2016), analytics (Barton & Court, 2012; Chen et al.,
2015), high tech (Esteves & Curto, 2013), an emerging profession
(Davenport & Patil, 2012), and data culture (Ross, Beath, & Quaadgras,
2013), among others. In an attempt to explain these above-mentioned
success and failure cases, recent studies (e.g., Chen et al., 2015; Gupta &
George, 2016; Wamba et al., 2017) drew on the dynamic capabilities
perspective to argue that Big Data's contribution to firm performance
rests on a related organizational dynamic capability, big data analytics

capability. This argument is theoretically sound, as the dynamic cap-
abilities literature (see, e.g., Eisenhardt & Martin, 2000; Helfat &
Peteraf, 2003; Winter, 2000; Zollo & Winter, 2002) both conceptually
and empirically validated the view that such capabilities enhance firms'
competitive advantage (Teece, 2007; Teece, Pisano, & Shuen, 1997).
Moreover, recent studies (Braganza, Brooks, Nepelski, Ali, & Moro,
2017; Chen et al., 2015; Gupta & George, 2016; Wamba et al., 2017)
supported this argument with empirical evidence.

However, analytics is just one area of the bountiful domain that the
all-encompassing term, Big Data, refers to. The concept of Big Data
Analytics Capability can only cover the analytics part, but fails to
capture many other non-analytics aspects of Big Data previously iden-
tified. A broad and comprehensive dynamic capability concept re-
garding Big Data is still missing in the literature. Additionally, prior and
current research has not yet revealed what factors help to facilitate the
development of this Big Data related dynamic capability.

This study aims to fill these two knowledge gaps identified in the
current Big Data literature. First, this study develops and tests a concept
of this Big Data related dynamic capability, which is broader in
meaning than the Big Data Analytics Capability concept. To date, this
study represents the first attempt to develop and test such a broad
concept. On the basis of this, this study will further explore possible
factors contributing to this Big Data related dynamic capability, which
include three antecedents and one moderator: market, entrepreneurial,
and technology orientations, and developmental culture. Examination
of these three antecedents and one moderator is theoretically based.
Dynamic capabilities are strategically grounded (Helfat & Peteraf,
2015; Teece, Peteraf, & Leih, 2016; Winter, 2003). This suggests that a
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starting point in pursuing an understanding of the driving force behind
the development of the Big Data related dynamic capability can be to
explore a firm's strategic willingness or preparedness. Past research
indicates that strategic orientation conceptually represents such stra-
tegic willingness and preparedness (Day & Wensley, 1983). More spe-
cifically, this strategic orientation is reflected in a firm's overall atti-
tudes or mentality toward the market (customers), entrepreneurship,
and technology, and therefore is subdivided into customer, en-
trepreneurial, and technology orientations (Hakala, 2011). As strategic
orientation is deeply rooted in a firm's values and beliefs (Gatignon &
Xuereb, 1997), it is shaped by the firm's organizational culture.

Thus, this study will contribute to the literature in two ways. First,
by developing the concept of Big Data capability, this study will offer a
more comprehensive conceptual understanding of Big Data practice
that involves an interplay of multiple factors than the concept of big
data analytics capability currently used in the literature. With practical
implications, the concept of Big Data capability will be helpful in ex-
plaining the performance differential in Big Data practice among or-
ganizations, including deployment and usage. Next, this study will test
the validity of the concept by further exploring its ‘strategicness’, a
substance of dynamic capabilities. Examining the three antecedents and
one moderator, and their relationships with Big Data capability (BDC)
will advance our knowledge of what factors facilitate the development
of this capability.

2. Conceptual background and hypotheses

Inquiring about drivers of organizational success and sustainability,
strategy research has pointed to resources (Barney, 1991), knowledge
(Grant, 1996), and organizational capabilities (Eisenhardt & Martin,
2000; Helfat & Peteraf, 2003; Winter, 2000; Zollo & Winter, 2002) as
being influential. The dynamic capabilities perspective holds that cap-
abilities are developed based on the combined and strategic use of re-
sources, knowledge, and competencies (Teece, 2007; Teece et al.,
1997). As our early review showed, Big Data is undoubtedly a collection
of various resources, from which, analytics, representing competencies,
is applied to generate knowledge. However, knowledge generation re-
lies on organizational capabilities (Gold, Malhotra, & Segars, 2001).
Further, organizational capabilities assume usage and deployment of
resources and knowledge (Teece et al., 1997). Thus, organizational
capabilities are stronger and sustainable drivers of organizational suc-
cess than resources and knowledge (Teece, 2007).

2.1. An overview of dynamic capabilities

While operational capabilities help to keep the organization running
properly (Fortune & Mitchell, 2012), it is dynamic capabilities, among
organizational capabilities, that help organizations to gain and main-
tain a competitive advantage (Teece, 2007; Teece et al., 1997), as they
are path-dependent and firm-specific (Collins, 1994). Dynamic cap-
abilities have three components: sensing, seizing, and reconfiguring, all
of which serve strategic purposes (Teece, 2007). Sensing is to identify
opportunities as well as threats, seizing to deploy and utilize resources
and competences to capture those opportunities and address the
threats, and reconfiguring represents organizational efforts to redevelop
and redeploy resources and competencies for continuous renewal
(Teece, 2007). Overall, dynamic capabilities are congruent with orga-
nizational strategic direction (Teece et al., 2016).

2.2. Dynamic capabilities emerging in Big Data practice

These revealed basic characteristics of dynamic capabilities have
emerged in Big Data practice. To begin with, the organizational sensing
and seizing functions are very noticeable in Big Data practice. While
sensing requires high alertness to environmental information (Zaheer &
Zaheer, 1997), seizing takes the next step to convert what has been

sensed to be beneficial to the firm as concrete resources, assets, or
competencies for the firm. In today's business environment, technology,
competitors, regulatory events, significant changes in economic and
political conditions, and other factors point to the inevitability of
changes in the business environment (Tushman & O'Reilly III, 1996). To
keep their competitive advantage sustainable, firms have to develop an
ability to respond, manage and even benefit from revolutionary changes
(Tushman & O'Reilly III, 1996). Such changes usually foretell new
market trends that call for new product development. More specifically,
Big Data facilitates the sensing role in identifying market requirements
and opportunities so that firms can enjoy first-mover advantages. Then
it enacts seizing by transforming the requirements, potentials, and op-
portunities into concrete products.

Recent examples of Big Data-enabled entrepreneurial accomplish-
ments are live evidence of how Big Data practice reifies organizational
sensing and seizing. Benefited from big data analysis that powerfully
revealed viewers' tastes such as favorite actors and actresses, Netflix
created and marketed a new TV series, House of Cards, that brought
them millions in new revenue (Carr, 2013). Similarly, the sensing
power of Big Data is illustrated in the Uber case, where real-time flow of
digital data streams stemming from Big Data was perceived to be
mountains where golden nuggets can be extracted (Pigni et al., 2016).
Turbulent environments call for the execution of organizational cap-
abilities (Girod & Whittington, 2017; Karna, Richter, & Riesenkamp,
2015), especially dynamic capabilities (Teece et al., 1997). Helping
firms to develop new products as a response to the turbulent environ-
ment, Big Data practice contributes significantly to such dynamic cap-
abilities. Besides new product development, sensing and seizing can
also be shown in strategic alliance development (Schilke & Goerzen,
2010). Forming strategic alliances is also an effective way of obtaining
required resources that are beyond the boundaries and limitations of
the firm (Das & Teng, 2000). Big Data practice can seek and provide
information about other firms that may facilitate forging strategic
partnerships with these other firms.

Further, coping with the turbulent business environment mandates
the exercise of the reconfiguring or transformation function of dynamic
capabilities. Reconfiguring means that firms take action to renew and
reorganize its resources and competences to address unique needs
mandated by the changing environment (Teece et al., 1997). Just as it
enacts organizational sensing and seizing, Big Data practice serves the
reconfiguring function as well. Understanding environment changes is,
to a large extent, to gain dynamic knowledge of competition and its
causes. Big Data practice involves use of Big Data management tech-
nologies and mastery of skills to collect and analyze information (re-
sident in Big Data) about competitors. Then knowledge of competition
generated in Big Data practice serves to guide the firm for how to re-
organize and reconfigure its resources, assets, and competencies so as to
maintain its competitive advantage over its competitors.

2.3. Big Data capability

Big Data practice may guide its own progression and metamor-
phosis. As any capability has a lifecycle, a progression of growth, ma-
turity, and decline (Helfat & Peteraf, 2003), Big Data as a capability is
no exception. However, Big Data practice is both operational and dy-
namic. As an operational capability, Big Data practice refers to opera-
tional routines of identifying, collecting, storing, and analyzing Big
Data, which consist of an interplay of resources, assets, skills, and
competencies. Because it is a special capability of generating knowl-
edge, Big Data practice generates knowledge about self- transformation,
i.e., providing knowledge for how to create, update, and reconfigure
resources, assets, and competencies needed for its operational routines
of identifying, collecting, storing, and analyzing Big Data. This feature
of generating knowledge for self-transformation makes Big Data a dy-
namic capability. This Big Data related dynamic capability has four
basic features, which can be represented by a full package of resources,
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skills, competencies, and cultural values; namely, dataset, toolset,
skillset, and mindset (Pigni et al., 2016).

First, and foremost, Big Data is simply a dataset. More specifically,
Big Data refers to large volumes of various types of data (McAfee &
Brynjolfsson, 2012) that are scattered in different organizational in-
formation systems, unconnected in structure (Davenport & Patil, 2012).
Similarly, Big Data also constitutes sources of digital real-time data
streams (Pigni et al., 2016). In addition to data, another main type of
resource used in Big Data practice is the combination of hardware,
software, and complex IT infrastructure that enables collection, storage,
transformation, and analysis of big data. This constitutes the toolset.
Further, Big Data practice requires the attainment of data analytics
skills, an organizational knowledge-shaping competency (Chen et al.,
2015). This is the skillset. Even though this is not an exclusive list, these
features of Big Data are enough to show that Big Data practice is not a
standalone technology but a multifaceted toolkit of interactive ele-
ments. Most importantly, there is a mindset that helps to hold these
interactive elements together (Pigni et al., 2016) that can be likened to
being a significant part of the soul of the organization or its spirit. This
mindset or spirit underlying the Big Data multiplicity eventually leads
to the development and shaping of organizational strategy. If Big Data
analytics alone can be viewed as a dynamic organizational capability
(Chen et al., 2015), given these characteristics, it is more compelling for
us to argue that the Big Data multiplicity should be treated as a dynamic
organizational capability. This detailed discussion of Big Data practice
in light of the dynamic capabilities theory leads us to define Big Data
Capability as a firm's capability of identifying sources, where large volumes
of various kinds of data flow out at high speed, and collecting, storing, and
analyzing such Big Data for the purpose of accomplishing the firm's strategic
as well as operational goals.

3. Strategic orientations and developmental culture

As our previous discussion pointed to a strategic foundation of Big
Data capability, it is compelling for us to explore what constitutes this
strategic foundation, which may be a great contributor of Big Data
capability. Two threads of theoretical discourse in strategic manage-
ment strongly suggest the existence of such strategic facilitators. First,
according to Prahalad and Bettis (1986), business strategy determines
business performance. The concept of dominant logic suggests that a
firm, just like a person, over time develops its mentality or mindset that
conceptualizes its business, develops its business strategy, and guides
decision making on allocation of critical resources (Bettis & Prahalad,
1995; Prahalad & Bettis, 1986). Such a mindset consists of mental maps
that guide strategy formulation and application. This mindset is refer-
enced as the firm's strategic orientation that guides the firm on what
resources to be used, how to transcend individual capabilities, and in-
tegrate the resources and capabilities into a cohesive whole (Day,
1994).

Second, researchers from the fields of strategic management, en-
trepreneurship, and marketing have been inquiring about what specific
factors constitute this overall strategic orientation, which enables firms
to achieve competitive advantage (Hakala, 2011). They find that suc-
cessful firms display some perceivable traits or tendencies in their
strategy formulation and application, which are collectively known as
strategic orientations (Day & Wensley, 1983). One such strategic or-
ientation is market orientation, which refers to a disposition of a firm that
motivates and encourages generation and dissemination of market in-
formation including both the expressed and latent needs of customers and
response to that information (Narver & Slater, 1990). Another one is
entrepreneurial orientation, which is defined as a firm's tendency to value
innovativeness, proactiveness, and risk-taking for the purpose of new market
entry (Covin & Slevin, 1989). The third one is technology orientation,
which is a firm's disposition of prioritizing technology in their strategy
formulation as well as business operations, and seeking to maintain a
technological superiority over its competitors (Gatignon & Xuereb, 1997;

Hurley & Hult, 1998).
Research in the last several decades consistently shows that these

strategic orientations contribute to firm performance (Hakala, 2011),
which is also the key concern of BDC as well. Further, Big Data is cri-
tical to understanding the market. Thus, a firm that is very market
oriented would be interested in Big Data. Similarly, an entrepreneurial
firm would also have a keen interest in Big Data as it can assist the firm
in discovering and analyzing possibilities. The case of Uber is an il-
lustration of this. Likewise, Big Data is highly technological in nature.
Thus, an argument can be built that market, entrepreneurial, and
technology orientations are important prerequisites to the development
of BDC.

Moreover, these strategic orientations are deeply rooted in values,
beliefs, and higher level grand human assumptions (Day, 1994), which
constitute organizational culture (Schein, 1986). Recent research sug-
gests a strong link existing between organizational culture and strategic
orientations. For example, Zhou, Gao, Yang, and Zhou (2005) found
that participative culture is beneficial to an innovation orientation,
which is part of entrepreneurial orientation. Similarly, Brettel, Chomik,
and Flatten (2015) found that organizational culture strongly impacts
entrepreneurial orientation. Moreover, cultural values are a powerful
motivator (Lathm & Pinder, 2005). Among the four competing cultures,
developmental culture, because of its combination of flexibility and
external focus (Denison & Spreitzer, 1991), emphasizes such values as
innovation, growth, openness, resource acquisition, risk-taking, crea-
tivity, and adaptability or sensitivity to the external environment
(Hartnell, Ou, & Kinichi, 2011), which are close to those inherent in
most of the strategic orientations and BDC. Developmental cultural
values drive firms to take risks and develop creativity to identify and
respond to customer needs (Cameron, Quinn, DeGraff, & Thakor, 2006).

Additionally, the flexibility focus of developmental culture empha-
sizes adaptability and promotes employees' creativity, both facilitating
innovation (Aiken & Hage, 1971). Similarly, its external focus enables
firms to monitor more closely the market change and investigate un-
fulfilled customer needs through environmental scanning (Miller &
Friesen, 1982). Because of their fit into the strategic orientations, de-
velopmental cultural values would intrinsically push a firm to be
market and entrepreneurially oriented as well as to develop BDC. In this
sense, developmental culture serves as an intrinsic motivator to both
the strategic orientations and BDC. Thus, we argue that developmental
culture moderates the relationship between the three strategic or-
ientations and BDC. (Insert Fig. 1 Here)

4. Hypotheses

The previous section established a theoretical framework (see
Fig. 1) for this study as well as an overall rationale for developing the
concept of BDC and further investigating the role of three strategic
orientations and developmental culture in facilitating the development
of BDC. This section further reviews the literature on the constructs and
more importantly, discusses how the three strategic orientations and
developmental culture may relate to BDC. These relationships are
specifically framed as research hypotheses.

4.1. Strategic orientations and Big Data capability

A firm's strategic orientations show what strategy it will use to guide
its decision making, resource allocation, and marketplace interaction
(Gatignon & Xuereb, 1997; Zhou, Yim, & Tse, 2005). Past research
examining strategic orientations mostly focused on their effect on firm
performance. Yet the research findings stemming from that thread of
literature can still inform the determination of the relationship between
strategic orientations and BDC. Although past research (e.g., Narver &
Slater, 1990; Slater & Narver, 1995) pointed to the link between stra-
tegic orientations and firm performance, more research is needed to
provide reasons for why strategic orientations contribute to firm
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performance (Gatignon & Xuereb, 1997). This study attempts to offer
one such reason, namely BDC.

Past research approached the relationship between strategic or-
ientations and firm performance from the perspective of organizational
learning. Firms with strategic orientations are usually learning-oriented
as well (Liu, Luo, & Shi, 2002). Further, strategic orientations help to
enhance firm performance because of their learning capability (Wang,
2008). In other words, the strategic orientations of a firm greatly
strengthen its learning capability, which then contributes to its per-
formance (Hortinha, Lages, & Lages, 2011). If a firm prioritizes
learning, it must be actively engaged in gathering and processing in-
formation, and transforming it into knowledge, which are core abilities
of BDC. This thread of research literature leads us to link strategic or-
ientations to BDC.

Similarly, the marketing literature suggests that the path from
strategic orientations to firm performance is via innovation, i.e., pro-
duct innovation (Gatignon & Xuereb, 1997; Han, Kim, & Srivastava,
1998; Thoumrungroje & Racela, 2013), or innovation capability
(Hortinha et al., 2011). A firm's innovation capability heavily relies on
its ability to use and act on information, and generate knowledge,
which is a core element of BDC. Thus, strategic orientations may relate
to BDC, as they both contribute to innovation. Moreover, past research
also shows that strategic orientations positively contribute to relative
advantage, achieved mainly by designing innovative products
(Gatignon & Xuereb, 1997). Designing innovative products is a reflec-
tion of a firm's differentiation capability that helps it to obtain relative
advantage (Chen, Chen, & Zhou, 2014). To take advantage of their
differentiation capability, firms design innovative products to meet
customer needs (Gatignon & Xuereb, 1997). Understanding customer
needs and other changes in the market can effectively be accomplished
by collecting and analyzing relevant data about customers and the
market. Similarly, designing innovative products requires both new
technical knowledge and new knowledge about customers and the
market. These two competencies that firms must demonstrate in ob-
taining relative advantage are inherent in BDC. Indeed, these strategic
orientations combine to constitute dynamic capabilities
(Thoumrungroje & Racela, 2013), one of which is BDC. Thus, it can be
argued that firms with these strategic orientations are likely to develop

BDC, compared to those that lack such strategic orientations.
Consistent with the above outlined research finding regarding the

orientation-innovation-performance path, market orientation is found
to be an enricher of innovation (Grinstein, 2008; Han et al., 1998; Kirca,
Jayachandran, & Bearden, 2005; Mavondo, Chimhanzi, & Stewart,
2005; Verhees & Meulenberg, 2004). Likewise, as shown above, BDC
can also motivate and enable innovation by discovering what can and
will be new products in the market on the basis of analyzing big data
about the market and customer needs. Thus, there must be some co-
herence between market orientation and BDC. Further, market or-
ientation provides firms a cultural motivator for organizational learning
that stimulates knowledge creation and sharing about the market
(Slater & Narver, 1995). More specifically, market orientation is posi-
tively related to introducing new-to-the-world products and reducing
the number of me-too products launched by a firm (Lukas & Ferrell,
2000). This link between market orientation and product differentia-
tion success is most likely due to the market intelligence that the firm
has generated and responded to, which will be enhanced by BDC. The
literature generally supports the association between a long-term
market orientation and a firm's ability of garnering information and
knowledge about customers' expressed as well as latent needs (Kumar,
Jones, Venkatesan, & Leone, 2011). Based on these findings of past
research, we hypothesize:

H1. Market orientation is positively related to Big Data capability.

Besides market orientation, entrepreneurial orientation is another
strategic orientation that has been linked to firm performance (Lumpkin
& Dess, 1996; Wiklund, 1999; Zahra & Covin, 1995). Two dimensions of
entrepreneurial orientation quickly point to a link between this or-
ientation and BDC. One is innovativeness, which has already been
shown earlier to be related to BDC. The other is proactiveness, a ten-
dency of a firm to respond to market opportunities by seizing initiatives
in the market (Lumpkin & Dess, 2001). Earlier analysis of market or-
ientation research has already linked responsiveness to market in-
telligence to BDC. Entrepreneurial orientation contributes to the de-
velopment of BDC in a similar way as market orientation does, because
many studies (e.g., Renko, Carsrud, & Brannback, 2009;
Thoumrungroje & Racela, 2013) found that both orientations follow the

Customer 
Orientation

Big Data 
Capability

Technology 
Orientation

Entrepreneurial 
Orientation

Developmental 
Culture

H1

H2

H
5b

Fig. 1. Conceptual model.
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same path in contributing to performance. For example, just as market
orientation, entrepreneurial orientation has been found to be a con-
tributor to new product introduction (Davis, Morris, & Allen, 1991).
Likewise, past research also suggests that entrepreneurial orientation
facilitates knowledge creation (Li, Huang, & Tsai, 2009). Further, firms
with entrepreneurial orientation are more likely to be responsive to
emerging trends in the market (Covin & Slevin, 1991). Additionally,
besides directly contributing to firm performance, entrepreneurial or-
ientation facilitates market orientation, which then contributes to firm
performance (Matsuno, Mentzer, & Ozsomer, 2002). Thus, it can be
reasoned that entrepreneurial orientation facilitates the development of
BDC just as market orientation is hypothesized to do so. The preceding
analysis leads to our second hypothesis.

H2. Entrepreneurial orientation is positively related to Big Data capability.

As BDC involves the ability to adopt, and use technology, and
generate technical knowledge, it presupposes a technological orienta-
tion. Additionally, past research (e.g., Chen et al., 2014; Hortinha et al.,
2011; Renko et al., 2009; Salavou, 2005) indicates that technological
orientation works in a similar way as the other two strategic orienta-
tions do to contribute to performance. Thus, we propose our third hy-
pothesis as follows:

H3. Technology orientation is positively related to Big Data capability.

4.2. Developmental culture and Big Data capability

The technology adoption and culture literature suggests a positive
link between developmental culture and BDC. For example, in dis-
cussing their findings, Harper and Utley (2001) emphasized that flex-
ibility is critical to firm success benefited from technology im-
plementation. Likewise, Zammuto and O'Connor (1992) suggest that
the cultural orientation of flexibility is positively associated with suc-
cess in manufacturing technology implementation. As flexibility is a key
orientation of developmental culture, those studies strongly suggest
that developmental culture constitutes a favorable organizational con-
text for technology adoption. As shown above, and inherent in our
previous definition, BDC is heavily technological. BDC assumes tech-
nology adoption and implementation, as Big Data involves utilizing
technological tools to collect, store, and analyze big data (Pigni et al.,
2016). Thus, developmental culture must be conducive to development
of BDC. Additionally, in a recent meta-analysis of the studies on orga-
nizational culture and organizational effectiveness, Hartnell et al.
(2011) found that developmental culture is highly positively associated
with innovation. As developmental culture emphasizes external focus, it
is fair to conclude that external focus contributes to innovation. As
shown early, BDC motivates and facilitates innovation. A common
ground may exist between developmental culture and BDC. Thus, the
following hypothesis can be established:

H4. Developmental culture is positively related to Big Data Capability.

It has been suggested that culture should be examined for its effect
on the relationship between strategic orientations and firm perfor-
mance (Hakala, 2011). It can be further argued that organizational
culture may support or disapprove a strategic orientation. If organiza-
tional culture supports a strategic orientation, which has a positive
relationship to performance, that relationship will be enhanced. On the
other hand, in a disapproving organizational culture, even a positive
relationship between a strategic orientation and performance will be
weakened. Organizational culture's role in the relationship between
strategic orientations and performance can be extended to the re-
lationship between strategic orientations and development of BDC, as
BDC is mainly expected to enhance performance. Developmental cul-
ture, based on our earlier discussion, consists of values that are close to
those implied in the strategic orientations and BDC. More specifically,
as our early discussion indicates, developmental culture promotes

innovation, creativity, and growth. An innovative culture is more likely
to promote and maintain market orientation than a bureaucratic culture
(McClure, 2010). Further, developmental culture is externally oriented.
Market orientation is external in nature, as it is concerned with cus-
tomer needs and preferences, and competitor's status. Similarly, de-
velopmental culture may promote entrepreneurial orientation, as it
facilitates innovativeness, proactiveness, and risk-taking (Brettel et al.,
2015).

However, in the case of technology orientation, the interaction be-
tween developmental culture and technology orientation would not
produce similar effects on development of BDC as those between de-
velopmental culture and market and entrepreneurial orientations. This
is because developmental culture and technology orientation are re-
lated to organizational structure in different directions. As shown ear-
lier, developmental culture favors flexibility and decentralization. But
prior research pointed to a link between technology orientation and
centralization. More specifically, a centralized organization facilitates
advancement of a firm's foundational technology more than a decen-
tralized structure (Argyres & Silverman, 2004). Further, mass produc-
tion, a site of technology use for operations, is positively related to
centralization (Reimann, 1980). Mass production or manufacturing in
general requires high efficiency, automation, and standardization,
which can only be accomplished with a high level of organizational
control. A centralized structure facilitates such organizational control.
This is in line with Ouchi's (1977) argument that technology affects
structure through the organizational control system. Perrow (1970),
Hrebiniak (1974), and Van de Ven (1977), all made a similar argument
that technology requires a structure that fits the goal of making pro-
duction task requirements predictable and programmable. In the pro-
duction process, the much needed automation is enabled by technology.
In this case, technology dictates a structure that manages or controls
information flow and uncertainty (Reimann, 1980). Automation routi-
nizes the production process or task performance. Decades of tech-
nology-structure research also suggest a strong association between
routineness enabled by technology and centralization (Miller et al.,
1991). Technology orientation, based on its definition, is more task-
focused. Firms with a technology orientation tended to adopt and use
state of the art technology to improve their work processes and task
performance. Thus, past technology-structure research suggests that
technology orientation is more associated with a centralized structure.
Given that developmental culture and technology orientation relate to
structure in different directions, their interaction would produce a ne-
gative effect on BDC. In regard of the above analysis, the following
hypotheses can be proposed:

H5a. Developmental culture positively moderates the relationship between
market orientation and Big Data capability such that the effect of market
orientation on Big Data capability is greater for firms with a stronger
developmental culture compared to its effect on Big Data capability for firms
with a less strong developmental culture.

H5b. Developmental culture positively moderates the relationship between
entrepreneurial orientation and Big Data capability such that the effect of
entrepreneurial orientation on Big Data capability is greater for firms with a
stronger developmental culture compared to its effect on Big Data capability
for firms with a less strong developmental culture.

H5c. Developmental culture negatively moderates the relationship between
technology orientation and Big Data capability such that the effect of
technology orientation on Big Data capability is smaller for firms with a
stronger developmental culture compared to its effect on Big Data capability
for firms with a less strong developmental culture.
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5. Methodology and data collection

5.1. Questionnaire development and measures

Development of the Big Data capability measure involved three
phases: 1) item generation, 2) pre-pilot study, and 3) pilot study.
Churchill Jr.'s (1979) approach for developing and testing new scales
was followed in the development of this scale. The items measuring the
construct of Big Data capability (Big Data operations, updating IT in-
frastructure, advanced analytics, and Big Data for strategy) were gen-
erated based on the results of a thematic analysis of qualitative inter-
views which constitute another paper, recent discussions of Big Data in
the popular press, business journals for practitioners, and academic
business literature, especially the works of Chen, Chiang, and Storey
(2012), McAfee and Brynjolfsson (2012), Chang, Kauffman, and Kwon
(2014), Peppard and Ward (2004), and Teece et al. (1997).

The pre-pilot study was conducted with ten academicians who
published work on the topic and eight industry experts with experience
in Big Data. Feedback and comments from the academicians were used
to check face validity of the newly drafted measurement items and
improve the items. Using an adapted version of the Q-sort approach
(Churchill Jr., 1979), we asked the eight industry experts to read the
construct and its dimensions, their definitions, and the items measuring
them, and then match the scale items with the construct dimensions
that they think the items measure well. This is to assess substantive
validity of the scale items. Items with a 0.5 or higher value of sub-
stantive validity were retained. Some items were reworded based on
comments and feedback from both the academicians and industry ex-
perts.

After the pre-pilot study, a small-scale pilot study was conducted to
further improve the newly developed measurement scales. The pilot
study questionnaire was posted on a research website (www.qualtrics.
com). A list of potential participants was created using the LexisNexis
database, with the following information: position title, specialty, mail
address, telephone number, email address, firm size, SIC code, business
description, and sales/revenue information. In the process of creating
the list, a variety of job titles were used as key words such as: “Chief
Operations Officer”, “VP Manufacturing”, “Manufacturing Manager”,
“Plant Manager”, “Manufacturing Director”, “Production Manager”,
and “Plant Operations Manager”. A total of 45 responses were obtained
in this pilot study, of which only 42 were complete and usable. The 42
complete responses were analyzed using SPSS. Further deleting items
was based on the results of this pilot study (Cronbach's alpha, Corrected
Item-Total Correlation (CITC), and factor loading values).

The final version of the Big Data capability scale has a total of 16
items measuring Big Data operations, updating IT infrastructure, ad-
vanced analytics, and strategic uses of Big Data. However, the con-
firmatory factor analysis of the large-scale survey data used in this
study yielded a single dimension structure for the Big Data capability
construct. But the results also supported retaining all the 16 items in the
scale.

The construct of market orientation has two dimensions: customer
orientation and competitor orientation, based on Narver and Slater's
(1990) conceptualization. We choose their conceptualization because
this study emphasizes generation of knowledge about customers and
knowledge sharing between supply chain partners. The market or-
ientation scale has a total of 10 items with 6 items measuring customer
orientation and 4 items measuring competitor orientation. These 10
items have been adapted mostly from Narver and Slater (1990). Since
we have emphasized that generating knowledge about customers in-
cludes probing into and meeting customers' latent needs, we have in-
corporated some items from Narver, Slater, and MacLachlan's (2004)
scale that specifically are used to measure those latent customer needs
into our scale measuring market orientation.

Multiple instruments measuring entrepreneurial orientation are
now available in the literature. Since our definition of this construct has

emphasized the three dimensions of innovativeness, proactiveness, and
risk-taking, we basically adopt Covin and Slevin's (1989) instrument as
it has items specifically measuring the three dimensions. Their instru-
ment also includes items measuring competitiveness and technological
innovation. Since competitiveness is not included in our definition, and
since we have a separate technology orientation, the items from their
scale measuring competitiveness and technological innovation are not
adopted in our instrument. Item 4 in our instrument is adopted from
Lumpkin and Dess (2001) to replace the item from Covin and Slevin's
(1989) (In dealing with its competitors, my firm is very often the first
business to introduce new products/services, administrative techni-
ques, operating technologies, etc.). We contend that that item from
Covin and Slevin (1989) was poorly designed as it contains multiple
meanings.

Our technology orientation scale has five items. Items 1 and 2 are
adapted from Salavou (2005), and items 3 and 4 are adapted from
Zhou, Yim, and Tse (2005). In both articles, they used items that deal
with new product performance. As we have a separate scale measuring
NPD, those items appear to be redundant in this technology orientation
scale. For this scale, the items should entirely be on technology. In
Gatignon and Xuereb (1997), three of the four items deal with NPD.
And Salavou (2005) and Zhou et al. (2005) both adapted their scales
from Gatignon and Xuereb (1997). Item 5 is adapted from Gatignon and
Xuereb (1997).

Finally, our scale measuring the construct of developmental culture
is adapted from Quinn and Spreitzer (1991), which has four items. After
data was collected from the large-scale survey study, for each construct,
reliability and validity were further assessed based on dimension-level
corrected item-total correlation (CITC) scores and Cronbach's alpha
values, dimension-level exploratory factor analysis and construct-level
factor analysis results. The constructs and their measurement items
adopted in the analysis of the large-scale survey data are presented in
the Appendix A.

Two control variables are included in this study: industry and firm
size. Industry is a nominal variable. Based on the responses from survey
participants, the following industries were identified: manufacturing,
IT, finance, automotive, telecommunications, construction, logistics,
retail, media, healthcare, aerospace, utilities, chemical, consulting, and
consumer products. Organization size, which is measured by the
number of employees, ranges from 10 to 100,000, with a mean of 4603.

5.2. Respondents and data collection procedure

Before the large-scale data collection process began, attention and
efforts were directed on determining respondents for this study. It was
decided that respondents for this study must be employees with enough
knowledge about the phenomenon under study, i.e., Big Data practices
in their organizations. Thus, the key informant approach was followed
in the data-collection process (Phillips & Bagozzi, 1986). Based on in-
terviews with industry experts in the instrument development and in-
itial validation stage of this study, we learned that employees with high-
level managerial positions in information technology, operations, and
business analytics were potential key informants for this study. Thus,
employees with the following positions were contacted for an invitation
of participating in this study as survey respondents: CEO, COO, CIO,
CTO, VP of Manufacturing, Operations Manager, IT Manager, Supply
Chain Manager, Manufacturing Manager, Manufacturing Director, Plant
Manager, Production Manager, and Analytics Manager.

Given the difficulties of locating and gaining access to enough key
informants, we outsourced data collection to Qualtrics.com, a com-
mercial research firm, which has a large list of business panel members
who represent different firms in different industries. Email invitations
were sent to its panel members by Qualitrics.com with the statement of
the purpose of the study. They were directed to an online survey posted
on Qualtrics.com's website.

It becomes increasingly popular among academicians to outsource
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data collection to commercial research companies. Yet serious concerns
and challenges associated with such a practice emerged. All such con-
cerns and challenges point to data quality. To ensure data quality, we
followed recommendations from Schoenherr, Ellram, and Tate (2015).
More specifically, we took the following measures to ensure data
quality. First, we informed Qualtrics.com representatives of the purpose
of this research project, and the detailed requirements for potential
respondents. These requirements helped Qualtrics.com to locate a
sample of potential respondents. Second, following Schoenherr et al.'s
(2015) practice, we did not provide an initial statement at the begin-
ning of the survey showing the purpose of the project so as to avoid the
possibility that respondents form a pattern in their responses that re-
flect what they think we want as shown in the purpose statement.
Third, we used screening questions at the beginning of the survey to
ensure that only the respondents with the required characteristics take
the survey and all other potential respondents would be disqualified.
One such screening question, for example, was whether their organi-
zation utilizes Big Data. Fourth, Qualtrics.com implemented some at-
tention filters throughout the survey questionnaire to help to ensure
that respondents focus their attention on the questions. Also, Qualtrics.
com set a mechanism that automatically removes responses that were
done in less than 9min. This technical add-in helped to avoid those
“speeders” (Schoenherr et al., 2015). Fifth, locations of all respondents
and the ip addresses were recorded so as to check whether there were
repeat respondents. Sixth, a “Not Applicable” response option was
provided to each questionnaire item except for the open-ended and
screening questions.

A total of 2700 panel members that were identified as managers in
the manufacturing, operations, and IT industry, were targeted as po-
tential respondents for this survey. Out of this list, 2200 were randomly
selected and an email was sent to them to solicit their participation in
this study. The site where the survey questionnaire items were posted
was closed when complete responses reached the number we initially
requested. A total of 273 responses was obtained. After a careful ex-
amination, 22 problematic responses were deleted. Thus, the final
sample for this study was 251 responses. The response rate for this
study was 12%. However, this response rate should be interpreted
carefully. The process was such that once the total number of complete
responses required by the researcher was obtained, the survey was
immediately closed. This excluded other potential respondents the op-
portunity for doing the survey. If it was conducted in the traditional
way, more completed responses would have been expected, as it would
not close the door to late respondents.

6. Validity and reliability assessment

Validity and reliability of the constructs involved in this study were
tested through confirmatory factor analysis (CFA). The CFA results in-
dicate a good model fit for the measurement model (x2= 605.27,
df=364, CMIN/DF=1.66, p < .001, CFI=0.92, RMSEA=0.05).
The test statistics including mean, standard deviation, loading, and
composite reliability values are all reported in Table 1.

Construct reliability was tested using the composite reliability score
(Fornell & Larcker, 1981). The composite reliability values of all the
constructs are greater than 0.70, the threshold (Nunnally, 1978). These
results indicate that items measuring the same construct are highly
intercorrelated and that the constructs have good construct reliability.

Construct convergent validity was assessed using item factor
loading scores. High item factor loadings provide evidence of con-
vergent validity (Anderson & Gerbing, 1988). The CFA test results in-
dicate that the items measuring all the constructs are greater than the
cutoff point of 0.5 except for one item measuring entrepreneurial or-
ientation (0.47). Even though it is relatively low, that item was still
retained in the study, because it was consistently used in previous
studies that used the entrepreneurial orientation construct, which
provided evidence of high convergent validity.

Following prior studies (e.g., Swafford, Ghosh, & Murthy, 2006), we
evaluated non-response bias, using a t-test. t-tests were performed
comparing the responses of the first 30 and last 30 respondents with
five items measured with an interval scale as dependent variables,
which were randomly selected from the questionnaire. No significant
difference was found between the two groups at the p value of 0.05
level in all the five t-tests, suggesting no evidence of non-response bias
in the data.

Common method bias was assessed by performing Hartman's single-
factor test, in which a single factor loads on all of the measurement
items (Podsakoff, MacKenzie, & Lee, 2003). In doing this test, two
models were created using IBM Amos 2: a single factor model and a
conventional confirmatory factor analysis model, in which each factor
loads on its own items. The results indicate that the single factor model
resulted in a chi-square value higher than that of the confirmatory
factor analysis model (1040.24 vs. 605. 27), suggesting that common
method bias was not a serious concern in this data set.

Additionally, we performed regression diagnostics tests in terms of
linearity, normality, and multicollinearity. We confirmed linearity
through plotting standardized residuals against the standardized pre-
dicted values. Besides, normality was also confirmed for all the vari-
ables through the Shapiro-Wilk test. Further, multicollinearity was
tested for all the independent variables iteratively using SPSS. The
variance inflation factor (VIF) values are all below 2, suggesting that
multicollinearity is not a concern in this dataset.

Table 1
Descriptive statistics, factor loadings, composite reliability, and Cronbach alpha
values.

Construct Mean Standard
deviation

Loading Composite
reliability

α

Customer 12.62 0.68
Orientation 1.32 0.72
CUSO2 0.55
CUSO6 0.77
Entrepreneurial 17.90 0.76
Orientation 2.26 0.74
EO3 0.59
EO4 0.68
EO5 0.47
Technology 30.87 0.79
Orientation 3.24 0.81
TO1 0.72
TO2 0.64
TO3 0.54
TO4 0.62
TO5 0.64
Big Data 98.32 0.92
Capability 9.72 0.93
BDC1 0.58
BDC2 0.59
BDC3 0.52
BDC4 0.56
BDC5 0.62
BDC6 0.67
BDC7 0.64
BDC8 0.71
BDC9 0.68
BDC10 0.62
BDC11 0.74
BDC12 0.57
BDC13 0.60
BDC14 0.70
BDC15 0.64
BDC16 0.66
Developmental 25.39 2.52 0.82 0.76
Culture
DC1 0.68
DC2 0.65
DC3 0.68
DC4 0.67
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7. Analysis and results

The sample used in this study includes five variables. Descriptive
statistics of the variables are presented in Table 1. Their correlations
(including those for the composite variables created to test interaction
effects), together with the p values, are shown in Table 2. To test the
hypotheses, multiple regression analyses were performed. The three
independent variables, then, the moderator variable, and then the three
two-way interaction terms were entered into the model. Results of
multiple regression tests are listed in Table 3.

Hypothesis 1 stated that market (now narrowed to customer) or-
ientation positively contributes to the development of BDC. As shown in
Table 2, customer orientation is positively related to BDC (β=0.16,
p < .01). Thus, Hypothesis 1 is supported. Hypothesis 2 suggested that
entrepreneurial orientation positively contributes to the development
of BDC. The multiple regression analysis results indicate that en-
trepreneurial orientation is positively related to BDC (β=0.28,
p < .001). Hypothesis 2, is, therefore, supported. Further, Hypothesis
3 posited that technology orientation positively contributes to the de-
velopment of BDC. The results show that technology orientation is
positively related to BDC (β=0.24, p < .001), thus lending support to
Hypothesis 3. Hypothesis 4 stated that developmental culture positively
contributes to development of BDC. This hypothesis is also supported
by the results (β=0.23, p < .001).

Hypotheses 5a, b, and c suggested that the interaction between
developmental culture and market orientation and that between de-
velopmental culture and entrepreneurial orientation are positively re-
lated to development of BDC, but that between developmental culture
and technology orientation would lead to a negative impact on BDC.
The results of this study only support Hypothesis 5c, which stated that
developmental culture negatively impacts the relationship between
technology orientation and BDC such that the stronger a firm's devel-
opmental cultural values the lower effect its technology orientation has
on the development of BDC (β=−0.28, p < .001). The interaction
between customer orientation and developmental culture is positively
related to BDC, but the relationship is not significant. The interaction
between entrepreneurial orientation and developmental culture is

positively related to BDC, but the relationship is not significant.

8. Discussion

In this study, we developed the Big Data capability concept to
capture Big Data understandings and practices in companies. We then
tested the validity of this concept in a large-scale survey and in-
vestigated its relationship to three strategic orientations and an orga-
nizational culture. With the research design and the findings, this study
has made two major contributions to Big Data research.

First, the development of the concept of Big Data capability re-
presents an enhanced understanding of Big Data practices in organi-
zations. The findings of this study provide strong support to the view
that Big Data transcends from a technical artifact to a concept of dy-
namic organizational capabilities (Chen et al., 2015). Further, these
findings help to show that only when the various elements are in-
tegrated under organizational strategic directions and thereby develop
into a dynamic organizational capability, Big Data initiatives would
likely help firms to reap in benefits such as entrepreneurial promises
(Pigni et al., 2016) and new product development (Carr, 2013).

More importantly, the conceptualization of Big Data as a dynamic
capability helps to capture what is all involved in Big Data practice and
integrate all these elements in a theoretical manner. While previous
research mostly focused on Big Data as raw data (McAfee &
Brynjolfsson, 2012), analytics (Barton & Court, 2012; Chen et al.,
2015), or disaggregated dataset, toolset, and skillset (Pigni et al., 2016),
only the resources part of Big Data was captured and theorized. Such a
theoretical approach is blind to other possible elements of Big Data,
especially the strategic part. From a strategic management point of
view, if Big Data is conceptualized as resources, then organizational
attention would be directed to the technical aspects but not the stra-
tegic part. Only when Big Data is viewed as a dynamic capability rather
than resources, companies can hope to gain and maintain a competitive
advantage (Teece et al., 1997).

This finding is illustrated by the case study of John Hopkins
University's model of Data Management Services through their Data
Archive (JHU DMS/DA) (Shen & Varvel, 2013). According to Shen and

Table 2
Correlations.

1 2 3 4 5 6 7 8

1. BDC 1 0.48⁎⁎⁎ 0.64⁎⁎⁎ 0.68⁎⁎⁎ 0.52⁎⁎⁎ −0.22⁎⁎⁎ −0.39⁎⁎⁎ −0.43⁎⁎⁎

2. CO 0.48⁎⁎⁎ 1 0.43⁎⁎⁎ 0.56⁎⁎⁎ 0.29⁎⁎⁎ −0.15⁎⁎ −0.17⁎⁎ −0.09
3. EO 0.64⁎⁎⁎ 0.43⁎⁎⁎ 1 0.65⁎⁎⁎ 0.43⁎⁎⁎ −0.19⁎⁎ −0.31⁎⁎⁎ −0.32⁎⁎⁎

4. TO 0.68⁎⁎⁎ 0.56⁎⁎⁎ 0.65⁎⁎⁎ 1 0.46⁎⁎⁎ −0.12⁎ −0.36⁎⁎⁎ −0.42⁎⁎⁎

5. DC 0.52⁎⁎⁎ 0.29⁎⁎⁎ 0.43⁎⁎⁎ 0.46⁎⁎⁎ 1 −0.43⁎⁎⁎ −0.53⁎⁎⁎ −0.41⁎⁎⁎

6. CO⁎DC −0.22⁎⁎⁎ −0.15⁎⁎ −0.19⁎⁎ −0.12⁎ −0.43⁎⁎⁎ 1 0.54⁎⁎⁎ 0.55⁎⁎⁎

7. EO⁎DC −0.39⁎⁎⁎ −0.17⁎⁎ −0.31⁎⁎⁎ −0.36⁎⁎⁎ −0.53⁎⁎⁎ 0.54⁎⁎⁎ 1 0.84⁎⁎⁎

8. TO⁎DC −0.43⁎⁎⁎ −0.09 −0.32⁎⁎⁎ −0.42⁎⁎⁎ −0.41⁎⁎⁎ 0.55⁎⁎⁎ 0.84⁎⁎⁎ 1

⁎⁎⁎ p < .001.
⁎⁎ p < .01.
⁎ p < .05.

Table 3
Regression results.

Hypothesis Independent variable/interaction terms Standardized coefficient Standard error P value Lower bound Upper bound

H1 Customer orientation 0.16 0.39 0.00 0.42 1.95
H2 Entrepreneurial orientation 0.28 0.24 0.00 0.75 1.69
H3 Technology orientation 0.24 0.20 0.00 0.31 1.12
H4 Developmental culture 0.23 0.21 0.00 0.48 1.32
H5a Customer orientation ∗Developmental culture 0.07 0.47 0.23 −0.36 1.49
H5b Entrepreneurial orientation ∗Developmental culture 0.14 0.63 0.09 −0.17 2.32
H5c Technology orientation ∗Developmental culture −0.28 0.58 0.00 −2.99 −0.72

Note: Dependent variable= Big Data Capability.
Standard errors clustered by BDC.
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Varvel (2013), this is a big data project that involves integration of
technological resources (big data management infrastructure, hard-
ware, and software) and human resources (deployment and im-
plementation of employee skills, knowledge, and competencies in
handling and analyzing big data, and reporting analysis results), and
strategic application of these integrated resources (providing data
management and archival services for internal faculty researchers from
across disciplines and external National Science Foundation grant
proposal writers). Shen and Varvel (2013) also discussed metrics of
success for this case. Thus, these features detailed in the case study
strongly suggest that a dynamic Big Data capability with characteristics
defined and discussed above is developed in this case, helping to gain a
competitive advantage as shown in the success metrics.

Further, when Big Data is conceptualized as a strategic issue, then
practicing Big Data would involve the whole organization especially top
management, as strategic decision making is mostly rested in top
management (Fortune & Mitchell, 2012; Kor & Mesko, 2013). More-
over, conceptualizing it as a dynamic capability motivates companies to
integrate their business processes and routines so as to achieve their
competitive advantage. In that regard, this study has made an im-
portant contribution to the literature in that the concept of Big Data
capability adds to our knowledge of a technology-based organizational
dynamic capability. This conceptualization benefits future research as it
provides a conceptual basis for future research to further explore Big
Data related organizational outcomes as well as processes. For man-
agers, these results suggest that companies should develop an overall
Big Data capability in order for them to gain a competitive advantage.
To develop such an overall capability in Big Data, companies should
enhance their technological resources, use them to facilitate internal
operations, encourage their employees to develop Big Data analytical
skills, and align their Big Data competences with their strategic goals.

Our second contribution is that this study demonstrated a connec-
tion between Big Data capability and three existing concepts of strategic
orientations. This helps to enhance the vitality and vigor of the existing
concepts and their applicability. The relationship between Big Data
capability and three strategic orientations affirmed in this study re-
inforced the strategic dimension of the concept of Big Data capability.
More specifically, based on an extensive review of the literature on
strategic orientations, we articulated a grand hypothesis that three such
strategic orientations (customer, entrepreneurial, and technology)
would contribute to the development of BDC. The results of this study
supported this grand hypothesis. This is encouraging news to the re-
search community, as it has affirmed the link between strategic or-
ientations and development of Big Data capability. These findings
provide a theoretically vigorous explanation for how Big Data cap-
ability can be developed.

These findings are further supported with evidence from published
case studies. First, the case of Netflix's House of Cards provides evidence
supporting the relationship between market (customer) orientation and
BDC. Market orientation in this case is revealed in Netflix's attention to
customers' (viewers) tastes (what stories or plots they like best, and
what actors and actresses they favor most, etc.) (Carr, 2013). Second,
Uber's case (Pigni et al., 2016) best showcases the link between en-
trepreneurial orientation and BDC. It is the entrepreneurial insight of
the Uber creators that helped them identify the business value of the
real-time flows of digital data streams. Finally, technology orientation's
contribution to development of BDC is exemplified in the five case
studies examined in Bärenfänger, Otto, and Österle (2014). Bärenfänger
et al. (2014) examined five European industrial and service sector
companies with regard to investment in and implementation of the in-
memory computing (IMC) technology. Three of these companies, with
their insight into its potential business value, invested in and im-
plemented the IMC technology in their big data projects (HR data

management, margin simulation management, and inventory and per-
sonnel management), and most importantly, this technology was well
integrated with their internal business resources and processes, and
employee resources. The other two companies, based on their assess-
ment, did not see the business value of this technology in their projects,
and thus did not pursue it further. These case studies show whether
BDC (integration of resources and strategy application) will emerge
depends on their insight into the business value of a new technology (a
demonstration of technology orientation).

For practitioners, these findings suggest that firms should be stra-
tegically minded when they start Big Data initiatives and practice.
Being strategically minded means that their Big Data initiatives and
practice must be market, or more specifically customer directed, and
call for their entrepreneurial spirit. Additionally, these findings imply
that technology orientation is integral to the development of a tech-
nology-related organizational dynamic capability. Thus they have to
strive to be technologically superior in order to develop and maintain
their competitive advantage.

Moreover, consistent with our hypothesis, developmental culture
does have significant effect on the relationship between technology
orientation and Big Data capability. This result may suggest that tech-
nology orientation and developmental culture are possibly supple-
mentary to or even substitutive of each other. When a firm has a high
technology orientation, the firm is culturally less motivated to seek
further external resources to support the development of Big Data
capability. But when technology orientation is low, a firm with a high
developmental culture would actively seek other external resources to
help them to develop that capability. This finding receives further
empirical support from the literature. For example, after examining 49
published Big Data case studies, Ylijoki and Porras (2016) found that
when companies lack technological competency, as revealed in “the
required analytical and technical capabilities” (p. 302), they turn to
external sources for help. This view is further echoed by Dave Zodikoff,
CIO of the Amrose Employer Group, who, in sharing his company ex-
periences in big data business, concluded that reaching out must be an
important attribute of their organizational culture (Henry, Zodikoff, &
Lang, 2012). This is testimony of the role of developmental culture that
emphasizes external orientation in Big Data capability.

Nevertheless, the validity of this finding can be further tested
through future research. Thus, future research should direct some at-
tention on this perplexing relationship. Furthermore, this finding has
two major practical implications. One is that companies have to achieve
a technological superiority if they want to develop a Big Data cap-
ability. Such a technological superiority is shown in a firm under-
standing that this capability is technology-based and thereafter, follow-
up actions of enhancing their technological infrastructure, hardware,
and software. If, technology happens not to be their core competency,
then they should strive to seek external resources in order to develop
this capability. Outsourcing, and strategic alliances are possible means
for seeking such external resources. This is another major practical
implication stemming from this finding.

Despite these contributions, the findings of this study have limited
generalizability because of an issue inherent in the research design of
this study. Although the elements of Big Data capability successfully
went through an empirical test in the survey, the small sample size in
the interview study may have made it possible that other important
elements of Big Data capability are missing. In this regard, the concept
of Big Data capability still has room for improvement. Furthermore, the
survey data is cross-sectional. Thus, our knowledge of Big Data cap-
ability is static not dynamic. To overcome these weaknesses, future
research needs to consider other samples or adopt other research
methods.
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Appendix A. Survey instrument

Codes

CUSO2
CUSO6

EO3
EO4
EO5

TO1
TO2
TO3
TO4
TO5

DC1
DC2
DC3
DC4

BDC1
BDC2
BDC3
BDC4
BDC5
BDC6
BDC7
BDC8
BDC9
BDC10
BDC11
BDC12
BDC13
BDC14
BDC15
BDC16

Questionnaire Items
Customer Orientation (CUSO)

Our firm constantly monitors our level of commitment to serving customer needs.
Our firm measures customer satisfaction systematically and frequently.

Entrepreneurial Orientation (CUSO)
In dealing with competitors, my firm typically initiates actions which competitors then respond to.
Our firm has a strong tendency to be ahead of other competitors in introducing novel products.

In general, the top managers of my firm have a strong proclivity for high-risk projects (with chances of very high returns).

Technological Orientation (TO)
The policy of this firm has been to always consider the most up-to-date production technology available.

We have a long tradition and reputation in our industry of attempting to be first to try out new technologies.
Technological innovation is readily accepted in our program/project management.
Technological innovation based on research results is readily accepted in our firm.

Our new products are always at the state of the art of the technology.

Developmental Culture (DC)
Innovation and change

Creativity
Flexibility, decentralization

Expansion, growth, and development

Big Data Capability (BDC)
We are able to identify sources of big data that meet our needs.

We are able to collect big data that meet our needs.
We are able to store large volumes of data.

We are able to process big data with a fast speed.
We adopt state of the art technologies to process big data.

We constantly update our computing equipment to process big data.
We constantly update our IT architecture to process big data.
We constantly update our IT infrastructure to process big data.

We are good at data analytics which is mainly data mining and statistical analysis.
We are good at text analytics that deals with unstructured textual format data.

We are good at web analytics that deals with web sites.
We are good at mobile analytics that deals with mobile computing.

We rely on Big Data to identify new business opportunities.
We rely on Big Data to develop new products.

We rely on Big Data to enhance our innovativeness.
We rely on Big Data to formulate our business strategy.

References

Churchill, G. A., Jr. (1979). A paradigm for developing better measures of marketing
constructs. Journal of Marketing Research, 16, 64–73.

Aiken, M., & Hage, J. (1971). The organic organization and innovation. Sociology, 5,
63–82.

Anderson, J. C., & Gerbing, D. W. (1988). Structural equation modeling in practice: A
review and recommended two-step approach. Psychological Bulletin, 103, 411–423.

Argyres, N. S., & Silverman, B. S. (2004). R&D, organization structure, and the devel-
opment of corporate technological knowledge. Strategic Management Journal, 25,
929–958.

Bärenfänger, R., Otto, B., & Österle, H. (2014). Business value of in-memory technology –
Multiple case study insights. Industrial Management & Data Systems, 114(9),
1396–1414.

Barney, J. B. (1991). Firm resources and sustained competitive advantage. Journal of
Management, 17, 99–120.

Barton, D., & Court, D. (2012). Making advanced analytics work for you: A practical guide
to capitalizing on big data. Harvard Business Review, 79–83 October issue.

Bettis, R. A., & Prahalad, C. K. (1995). The dominant logic: Retrospective and extension.
Strategic Management Journal, 16, 5–14.

Braganza, A., Brooks, L., Nepelski, D., Ali, M., & Moro, R. (2017). Resource management
in big data initiatives: Process and dynamic capabilities. Journal of Business Research,
70, 328–337.

Brettel, M., Chomik, C., & Flatten, T. C. (2015). How organizational culture influences
innovativeness, proactiveness, and risk-taking: Fostering entrepreneurial orientation
in SMEs. Journal of Small Business Management, 53(4), 868–885.

Cameron, K. S., Quinn, R. E., DeGraff, J., & Thakor, A. V. (2006). Competing values lea-
dership: Creating value in organizations. Northampton, MA: Elgar.

Carr, D. (2013). Giving viewers what they want. New York Times (Feb. 24).
Chang, R. M., Kauffman, R. J., & Kwon, Y. O. (2014). Understanding the paradigm shift to

computational social science in the presence of big data. Decision Support Systems, 63,
67–80.

Chen, X., Chen, A. X., & Zhou, K. Z. (2014). Strategic orientation, foreign parent control,
and differentiation capability building of international joint ventures in an emerging
market. Journal of International Marketing, 22(3), 30–49.

Chen, H., Chiang, R. H. L., & Storey, V. C. (2012). Business intelligence and analytics:
From big data to big impact. MIS Quarterly, 36(4), 1165–1188.

Chen, D. D., Preston, D. S., & Swink, M. (2015). How the use of Big Data analytics affects
value creation in supply chain management. Journal of Management Information
Systems, 32(4), 4–39.

Collins, D. J. (1994). How valuable are organizational capabilities? Strategic Management
Journal, 15, 143–152.

Covin, J. G., & Slevin, D. P. (1989). Strategic management of small firms in hostile and
benign environments. Strategic Management Journal, 10, 75–87.

Covin, J. G., & Slevin, D. P. (1991). A conceptual model of entrepreneurship as firm
behavior. Entrepreneurship Theory and Practice, 16(1), 7–25.

Das, T. K., & Teng, B.-S. (2000). A resource-based theory of strategic alliances. Journal of
Management, 26, 31–61.

Davenport, T. H., & Patil, D. J. (2012). Data scientist: The sexiest job of the 21st century.
Harvard Business Review, 70–76 October issue.

Davis, D., Morris, M., & Allen, J. (1991). Perceived environmental turbulence and its
effect on selected entrepreneurship, marketing, and organizational characteristics in
industrial firms. Journal of the Academy of Marketing Science, 19(1), 43–51.

Day, G., & Wensley, R. (1983). Marketing theory with a strategic orientation. Journal of
Marketing, 47, 79–89.

Day, G. S. (1994). The capabilities of market-driven organizations. Journal of Marketing,
58, 37–52.

Denison, D. R., & Spreitzer, G. M. (1991). Organizational culture and organizational
development: A competing values approach. Research in Organizational Change and
Development, 5, 1–21.

Eisenhardt, K. M., & Martin, J. A. (2000). Dynamic capabilities: What are they? October-
November Special Issue. Strategic Management Journal, 21, 1105–1121.

Esteves, J., & Curto, J. (2013). A risk and benefits behavioral model to assess intentions to
adopt big data. Journal of Intelligence Studies in Business, 3, 37–46.

Fornell, C., & Larcker, D. F. (1981). Evaluating structural equation models with un-
observable variables and measurement error. Journal of Marketing Research, 18,
39–50.

Fortune, A., & Mitchell, W. (2012). Unpacking firm exit at the firm and industry levels:
The adaptation and selection of firm capabilities. Strategic Management Journal, 33,
794–819.

Gatignon, H., & Xuereb, J. M. (1997). Strategic orientation of the firm and new product

C. Lin and A. Kunnathur Journal of Business Research 105 (2019) 49–60

58

http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0005
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0005
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0010
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0010
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0015
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0015
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0020
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0020
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0020
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0025
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0025
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0025
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0030
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0030
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0035
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0035
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0040
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0040
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0045
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0045
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0045
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0050
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0050
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0050
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0055
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0055
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0060
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0065
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0065
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0065
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0070
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0070
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0070
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0075
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0075
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0080
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0080
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0080
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0085
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0085
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0090
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0090
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0095
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0095
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0100
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0100
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0105
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0105
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0110
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0110
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0110
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0115
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0115
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0120
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0120
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0125
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0125
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0125
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0130
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0130
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0135
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0135
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0140
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0140
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0140
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0145
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0145
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0145
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0150


performance. Journal of Marketing Research, 34, 77–90.
Girod, S. J. G., & Whittington, R. (2017). Reconfiguration, restructuring and firm per-

formance: Dynamic capabilities and environmental dynamism. Strategic Management
Journal, 38, 1121–1133.

Gold, A. H., Malhotra, A., & Segars, A. H. (2001). Knowledge management: An organi-
zational capabilities perspective. Journal of Management Information Systems, 18(1),
185–214.

Grant, R. M. (1996). Toward a knowledge-based theory of the firm Winter Special Issue.
Strategic Management Journal, 17, 109–122.

Grinstein, A. (2008). The effect of market orientation and its components on innovation
consequences: A meta-analysis. Journal of the Academy of Marketing Science, 36(2),
166–173.

Gupta, M., & George, J. F. (2016). Toward the development of a big data analytics cap-
ability. Information & Management, 53, 1049–1064.

Hakala, H. (2011). Strategic orientations in management literature: Three approaches to
understanding the interaction between market, technology, entrepreneurial and
learning orientations. International Journal of Management Reviews, 13, 199–217.

Han, J. K., Kim, N., & Srivastava, R. K. (1998). Market orientation and organizational
performance: Is innovation a missing link? Journal of Marketing, 62(October), 30–45.

Harper, G. R., & Utley, D. R. (2001). Organizational culture and successful information
technology implementation. Engineering Management Journal, 13(2), 11–15.

Hartnell, C. A., Ou, A. Y., & Kinichi, A. (2011). Organizational culture and organizational
effectiveness: A meta-analytic investigation of the competing values framework's
theoretical suppositions. Journal of Applied Psychology, 96(4), 677–694.

Helfat, C. E., & Peteraf, M. A. (2003). The dynamic resource-based view: Capability
lifecycles October Special Issue. Strategic Management Journal, 24, 997.

Helfat, C. E., & Peteraf, M. A. (2015). Managerial cognitive capabilities and the micro-
foundations of dynamic capabilities. Strategic Management Journal, 36, 831–850.

Henry, S., Zodikoff, D., & Lang, A. J. (2012). Big data's next chapter: How CIOs are ex-
panding the benefits that business intelligence can bring to the enterprise. Oct. 1.
CIO.com.

Hortinha, P., Lages, C., & Lages, L. F. (2011). The trade-off between customer and
technology orientations: Impact on innovation capabilities and export performance.
Journal of International Marketing, 19(3), 36–58.

Hrebiniak, L. (1974). Job technology, supervision, and work group structure.
Administrative Science Quarterly, 19, 395–410.

Hurley, R. F., & Hult, G. T. (1998). Innovation, market orientation, and organizational
learning: An integration and empirical examination. Journal of Marketing, 62, 42–54.

Karna, A., Richter, A., & Riesenkamp, E. (2015). Revisiting the role of the environment in
the capabilities-financial performance relationship: A meta-analysis. Strategic
Management Journal, 37, 1154–1173.

Kirca, A. H., Jayachandran, S., & Bearden, W. O. (2005). Market orientation: A meta-
analytic review and assessment of its antecedents and impact on performance.
Journal of Marketing, 69, 24–41.

Kor, Y. Y., & Mesko, A. (2013). Dynamic managerial capabilities: Configuration and or-
chestration of top executives' capabilities and the firm's dominant logic. Strategic
Management Journal, 34, 233–244.

Kumar, V., Jones, E., Venkatesan, R., & Leone, R. P. (2011). Is market orientation a source
of sustainable competitive advantage or simply the cost of competing? Journal of
Marketing, 75(January), 16–30.

Lathm, G. P., & Pinder, C. C. (2005). Work motivation theory and research at the dawn of
the twenty-first century. Annual Review of Psychology, 56, 485–516.

Li, Y., Huang, J., & Tsai, M. (2009). Entrepreneurial orientation and firm performance:
The role of knowledge creation process. Industrial Marketing Management, 38,
440–449.

Liu, S. S., Luo, X., & Shi, Y. Z. (2002). Integrating customer orientation, corporate en-
trepreneurship, and learning orientation in organizations-in-transition: An empirical
study. International Journal of Research in Marketing, 19, 367–382.

Lukas, B. A., & Ferrell, O. C. (2000). The effect of market orientation on product in-
novation. Academy of Marketing Science Journal, 28(2), 239–247.

Lumpkin, G. T., & Dess, G. G. (1996). Clarifying the entrepreneurial orientation construct
and linking it to performance. Academy of Management Review, 21(1), 135–172.

Lumpkin, G. T., & Dess, G. G. (2001). Linking two dimensions of entrepreneurial or-
ientation to firm performance: The moderating role of environment and industry life
cycle. Journal of Business Venturing, 16, 429–451.

Matsuno, K., Mentzer, J. T., & Ozsomer, A. (2002). The effects of entrepreneurial pro-
clivity and market orientation on business performance. Journal or Marketing,
66(July), 18–32.

Mavondo, F. T., Chimhanzi, J., & Stewart, J. (2005). Learning orientation and market
orientation, relationship with innovation, human resource practices and perfor-
mance. European Journal of Marketing, 39(11/12), 1235–1263.

McAfee, A., & Brynjolfsson, E. (2012). Big Data: The management revolution. Harvard
Business Review, 60–68 October issue.

McClure, R. E. (2010). The influence of organizational culture and conflict on market
orientation. Journal of Business and Industrial Marketing, 25(7), 514–524.

Miller, D., & Friesen, P. H. (1982). Innovation in conservative and entrepreneurial firms:
Two models of strategic momentum. Strategic Management Journal, 3, 1–25.

Miller, C. C., Glick, W. H., Wang, Y., & Huber, G. P. (1991). Understanding technology-
structure relationships: Theory development and meta-analytic theory testing.
Academy of Management Journal, 34(2), 370–399.

Narver, J. C., & Slater, S. F. (1990). The effect of a market orientation on business
profitability. Journal of Marketing, 54, 20–35.

Narver, J. C., Slater, S. F., & MacLachlan, D. L. (2004). Responsive and proactive market
orientation and new-product success. Journal of Product Innovation Management, 21,
334–347.

Nunnally, J. C. (1978). Psychometric theory. NY: McGraw-Hill.

Ouchi, W. (1977). The relationship between organizational structure and organization
control. Administrative Science Quarterly, 22, 95–113.

Peppard, J., & Ward, J. (2004). Beyond strategic information systems: Toward an IS
capability. Journal of Strategic Information Systems, 13, 167–194.

Perrow, C. A. (1970). Organizational analysis: A sociological view. Belmont, Cal:
Wadsworth.

Phillips, L. W., & Bagozzi, R. P. (1986). On measuring the organizational properties of
distribution channels: Methodological issues in the use of key informants. In J. N.
Sheth (Ed.). Research in marketing: A research annual: Distribution channels and in-
stitutions (pp. 313–369). Greenwich: JAI Press.

Pigni, F., Piccoli, G., & Watson, R. (2016). Digital data streams: Creating value from the
real-time flow of big data. California Management Review, 58(3), 5–25.

Podsakoff, P. M., MacKenzie, S. B., & Lee, J. (2003). Common method bias in behavioral
research: A critical review of the literature and recommended remedies. Journal of
Applied Psychology, 88, 879–903.

Prahalad, C. K., & Bettis, R. A. (1986). The dominant logic: A new linkage between di-
versity and performance. Strategic Management Journal, 7, 485–501.

Quinn, R., & Spreitzer, G. (1991). The psychometrics of the competing values culture
instrument and an analysis of the impact of organizational culture on quality of life.
Research in Organizational Change and Development, 5, 115–142.

Reimann, B. C. (1980). Organizational structure and technology in manufacturing:
System versus work flow level perspectives. Academy of Management Journal, 23(1),
61–77.

Renko, M., Carsrud, A., & Brannback, M. (2009). The effect of a market orientation,
entrepreneurial orientation, and technological capability on innovativeness: A study
of young biotechnology ventures in the United States and in Scandinavia. Journal of
Small Business Management, 47(3), 331–369.

Ross, J. W., Beath, C. M., & Quaadgras, A. (2013). You may not need big data after all:
Learn how lots of little data can inform everyday decision making. Harvard Business
Review, 90–98 December issue.

Salavou, H. (2005). Do customer and technology orientations influence product innova-
tiveness in SMEs? Some new evidence from Greece. Journal of Marketing Management,
21, 307–338.

Sanders, N. R. (2016). How to use big data to drive your supply chain. California Business
Review, 58(3), 26–48.

Schein, E. (1986). Organizational culture and leadership. San Francisco, CA: Jossey-Bass.
Schilke, O., & Goerzen, A. (2010). Alliance management capability: An investigation of

the construct and its measurement. Journal of Management, 36(5), 1192–1219.
Schoenherr, T., Ellram, L. M., & Tate, W. L. (2015). A note on the use of survey research

firms to enable empirical data collection. Journal of Business Logistics, 36(3), 288–300.
Shen, Y., & Varvel, V. E. (2013). Developing data management services at the Johns

Hopkins University. Journal of Academic Librarianship, 39, 552–557.
Slater, S. F., & Narver, J. C. (1995). Market orientation and the learning organization.

Journal of Marketing, 59(July), 63–74.
Swafford, P., Ghosh, S., & Murthy, N. (2006). The antecedents of supply chain agility of a

firm: Scale development and model testing. Journal of Operations Management, 24(2),
170–188.

Teece, D. J. (2007). Explicating dynamic capabilities: The nature and microfoundations of
(sustainable) enterprise performance. Strategic Management Journal, 28, 1319–1350.

Teece, D., Peteraf, M., & Leih, S. (2016). Dynamic capabilities and organizational agility:
Risk, uncertainty, and strategy in the innovation economy. California Management
Review, 58(4), 13–35.

Teece, D. J., Pisano, G., & Shuen, A. (1997). Dynamic capabilities and strategic man-
agement. Strategic Management Journal, 18(7), 509–533.

Thoumrungroje, A., & Racela, O. (2013). The contingent role of customer orientation and
entrepreneurial orientation on product innovation and performance. Journal of
Strategic Marketing, 21(2), 140–159.

Tushman, M. L., & O'Reilly, C. A., III (1996). Ambidextrous organizations: Managing
evolutionary and revolutionary change. California Management Review, 38(4), 8–30.

Van de Ven, A. H. (1977). A panel study on the effects of task uncertainty, inter-
dependence, and size on unit decision making. Organization and Administrative
Sciences, 8, 237–253.

Verhees, F. J., & Meulenberg, M. T. G. (2004). Market orientation, innovativeness, pro-
duct innovation, and performance in small firms. Journal of Small Business
Management, 42(2), 134–154.

Wamba, S. F., Gunasekaran, A., Akter, S., Ren, S. J., Dubey, R., & Childe, S. J. (2017). Big
data analytics and firm performance: Effects of dynamic capabilities. Journal of
Business Research, 70, 356–365.

Wang, C. L. (2008). Entrepreneurial orientation, learning orientation, and firm perfor-
mance. Entrepreneurship: Theory and Practice, 32, 635–657.

Wiklund, J. (1999). The sustainability of the entrepreneurial orientation–performance
relationship. Entrepreneurship Theory and Practice, 24, 37–48.

Winter, S. G. (2000). The satisficing principle in capability learning October-November
Special Issue. Strategic Management Journal, 21, 981–996.

Winter, S. G. (2003). Understanding dynamic capabilities. Strategic Management Journal,
24, 991–995.

Ylijoki, O., & Porras, J. (2016). Conceptualizing big data: Analysis of case studies.
Intelligent Systems in Accounting, Finance and Management, 23, 295–310.

Zaheer, A., & Zaheer, S. (1997). Catching the wave: Alertness, responsiveness, and the
market influence in global electronic networks. Management Science, 43, 1493–1509.

Zahra, S. A., & Covin, J. G. (1995). Contextual influences on the corporate en-
trepreneurship–performance relationship: A longitudinal analysis. Journal of Business
Venturing, 10(1), 43–58.

Zammuto, R. F., & O'Connor, E. J. (1992). Gaining advanced manufacturing technologies'
benefits: The roles of organization design and culture. Academy of Management
Review, 17(4), 701–728.

C. Lin and A. Kunnathur Journal of Business Research 105 (2019) 49–60

59

http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0150
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0155
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0155
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0155
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0160
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0160
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0160
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0165
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0165
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0175
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0175
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0175
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0180
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0180
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0185
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0185
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0185
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0190
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0190
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0195
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0195
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0200
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0200
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0200
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0205
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0205
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0210
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0210
http://CIO.com
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0220
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0220
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0220
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0225
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0225
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0230
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0230
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0235
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0235
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0235
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0240
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0240
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0240
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0250
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0250
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0250
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0255
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0255
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0255
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0260
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0260
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0265
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0265
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0265
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0270
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0270
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0270
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0275
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0275
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0280
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0280
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0285
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0285
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0285
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0290
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0290
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0290
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0295
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0295
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0295
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0300
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0300
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0305
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0305
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0310
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0310
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf9000
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf9000
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf9000
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0315
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0315
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0320
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0320
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0320
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0325
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0330
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0330
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf9005
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf9005
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0335
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0335
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0340
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0340
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0340
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0340
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0345
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0345
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0350
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0350
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0350
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0355
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0355
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0365
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0365
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0365
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0370
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0370
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0370
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0375
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0375
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0375
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0375
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0380
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0380
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0380
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf9010
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf9010
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf9010
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0385
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0385
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0390
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0395
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0395
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0400
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0400
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0405
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0405
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0410
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0410
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0415
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0415
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0415
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0420
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0420
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0425
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0425
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0425
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0430
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0430
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0435
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0435
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0435
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0440
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0440
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0445
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0445
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0445
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0450
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0450
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0450
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0455
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0455
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0455
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0460
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0460
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0465
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0465
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0470
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0470
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0475
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0475
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0480
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0480
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0485
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0485
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0490
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0490
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0490
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0495
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0495
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0495


Zhou, K. Z., Gao, G. Y., Yang, Z., & Zhou, N. (2005). Developing strategic orientation in
China: Antecedents and consequences of market and innovation orientations. Journal
of Business Research, 58(8), 1049–1058.

Zhou, K. Z., Yim, C. K. B., & Tse, D. K. (2005). The effects of strategic orientations on
technology and market-based breakthrough innovations. Journal of Marketing, 69,
42–60.

Zollo, M., & Winter, S. G. (2002). Deliberate learning the evolution of dynamic cap-
abilities. Organization Science, 13(3), 339–351.

Canchu Lin is currently an assistant professor at the School of Business of Carroll
University. He got a Ph.D. in Technology and Manufacturing Management from the
University of Toledo. Prior to his teaching and research in business management, he got a
Ph.D. in organizational communication from Purdue University, and worked as a faculty
of communication at two US universities. His research interests include information se-
curity, organizational culture, information communication technology adoption and im-
plementation, and leadership. His research work has been published at outlets such as
Journal of Computer Information Systems, Journal of IT Case Study and Application, IEEE
Transactions on Professional Communication, Journal of Computing in Higher Education,
Journal of Higher Education, Management Communication Quarterly, International

Journal of Conflict Management, and Leadership and Organizational Studies, among
others.

Anand Kunnathur is a Professor in the Information Operations and Technology
Management department and the Executive Associate Dean of the College of Business
Administration at the University of Toledo. His research interests are in the areas of
Information Systems, Supply Chain Management, Manufacturing Management, and the
interface between Management Science and functional areas of Business. He has pub-
lished in journals such as Operations Research, TIMS special issue on Optimization in
Statistics, SIAM Sci. and Stat. Computing, EJOR, Omega, Computers and Industrial
Engineering, IEEE Transactions on Engineering Management, Information and
Management, International Journal of Information Management, European Journal of
Information Systems, International Journal of Manufacturing Technology Management,
Journal of the Operational Research Society and others. Dr. Kunnathur has also been a
consultant to the Oak Ridge National Labs, the Bureau of the Census, Lucas County Plan
Commission, Lucas County Children's Services, and a number of other private manu-
facturing and service organizations in the areas of information systems analysis and de-
sign, software development, IS planning, Data Base design and implementation, pro-
duction planning, scheduling, and inventory management.

C. Lin and A. Kunnathur Journal of Business Research 105 (2019) 49–60

60

http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0500
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0500
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0500
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0505
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0505
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0505
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0510
http://refhub.elsevier.com/S0148-2963(19)30433-3/rf0510

	Strategic orientations, developmental culture, and big data capability
	Introduction
	Conceptual background and hypotheses
	An overview of dynamic capabilities
	Dynamic capabilities emerging in Big Data practice
	Big Data capability

	Strategic orientations and developmental culture
	Hypotheses
	Strategic orientations and Big Data capability
	Developmental culture and Big Data capability

	Methodology and data collection
	Questionnaire development and measures
	Respondents and data collection procedure

	Validity and reliability assessment
	Analysis and results
	Discussion
	Survey instrument
	References




