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A B S T R A C T

In this study, we explore the impacts of big data’s main characteristics (i.e., volume, variety, and velocity) on
innovation performance (i.e., innovation efficacy and efficiency), which eventually impacts firm performance
(i.e., customer perspective, financial returns, and operational excellence). To address this objective, we collected
data from 239 managers and empirically examined the relationships in the proposed model. The results reveal
that, while data variety and velocity positively enhance firm innovation performance, data volume has no
significant impact. The finding that data volume does not play a critical role in enhancing firm innovation
performance contributes novel insights to the literature by contradicting the prevalent belief that big data is better
data. Moreover, the findings reveal that data velocity plays a more important role in improving firm innovation
performance than other big data characteristics.

1. Introduction

In today’s complex business world, many firms are investing in big
data to find innovative ways to differentiate themselves from their
competitors (Côrte-Real, Oliveira, & Ruivo, 2017). Indeed, 87 percent
of firms believe big data will change the competitive landscape, and 89
percent believe they will lose considerable market share if they do not
adopt big data within the next few years (Akter, Wamba, Gunasekaran,
Dubey, & Childe, 2016). The extant literature has identified big data as
“the next frontier for innovation, competition, and productivity”
(Manyika & Roxburgh, 2011, p. 1) and the “next big thing in innova-
tion” (Gobble, 2013). Big data, which is characterized by data variety,
velocity, and volume (Ohlhorst, 2012), is capable of changing the in-
novation landscape by increasing the fit between consumers’ pre-
ferences and product features (Günther, Mehrizi, Huysman, & Feldberg,
2017; Johnson, Friend, & Lee, 2017). In turn, through innovation, big
data may improve firm performance. However, there is still a lack of
understanding about the relationships among big data, firm innovation
performance, and overall firm performance. The present study in-
vestigates this “unknown.”

Recent studies have called for a better understanding of the claimed
positive relation between big data and innovation success
(Gunasekaran et al., 2017; Johnson et al., 2017). Innovation refers to
the exploitation of new information to create, accept, and implement
new ideas (Calantone, Cavusgil, & Zhao, 2002). According to Alegre,

Lapiedra, and Chiva (2006), innovation performance can be decom-
posed into innovation efficacy and innovation efficiency. Innovation
efficacy refers to the extent to which innovation is beneficial to the
firm, while innovation efficiency reflects the time and effort required to
achieve that degree of benefit (Alegre & Chiva, 2008). Utilizing big data
may allow firms to demonstrate efficient and effective firm innovation.
Specifically, big data can help firms collect and process market in-
formation to better understand consumers’ preferences, which can play
a critical role in innovation performance. Firms that use big data in
their business processes may have a better chance of enhancing their
operating efficiency and revenue growth compared to their competitors
(Marshall, Mueck, & Shockley, 2015). However, despite these potential
benefits, many firms have failed to enhance their innovation perfor-
mance through the use of big data (Johnson et al., 2017), and others are
still unsure whether processing big data is positively associated with
their outcomes (Ghasemaghaei, Hassanein, & Turel, 2017;
Ghasemaghaei, Ebrahimi, & Hassanein, 2017; Kwon, Lee, & Shin,
2014). A recent report indicates that, in 2016, 48 percent of firms
(about 3 percent higher than the previous year) invested in big data
utilization. However, in the same year, the number of firms seeking to
capitalize on big data utilization decreased by about 6.1 percent (Van
der Meulen, 2016). Thus, our first objective is to examine the impact of
each big data characteristic (i.e., velocity, volume, and variety) on firm
innovation performance (i.e., innovation efficacy and innovation effi-
ciency). In this study, we specifically focus on product innovation, as,
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for most firms, the introduction of new products is the essence of in-
novation. Additionally, the importance of product innovation in firm
success has been supported extensively in the literature (Camisón &
Villar-López, 2014).

Improving firm performance is the primary reason firms invest in
big data (Akter et al., 2016; Ghasemaghaei, 2018a). Recent studies
show that big data has the potential to improve firm performance by, on
average, about 5.9 percent (Müller, Fay, & vom Brocke, 2018). How-
ever, big data may not lead to better performance directly; in fact, the
impact of big data on firm performance could be mediated by inter-
mediate variables (Ghasemaghaei & Calic, 2019b). Specifically, firms’
innovation capability is one vital determinant in leveraging new re-
sources, such as big data, for enhanced firm performance (Calantone
et al., 2002; Covin, Prescott, & Slevin, 1990; Venkatraman, El Sawy,
Pavlou, & Bharadwaj, 2014). Therefore, the second objective of this
study is to investigate the mediating role of innovation performance on
the relationships between big data characteristics (i.e., velocity, vo-
lume, and variety) and firm performance. As recommended by previous
studies (e.g., Rai, Patnayakuni, & Seth, 2006; Wu, Straub, & Liang,
2015), organizational performance is measured using various types of
performance categories (i.e., financial returns, operational excellence,
and customer perspectives).

The present study’s attempt to address the above objectives is novel,
as most previous studies have focused on anecdotal evidence of the
effect of big data on firm innovation performance. The study also has
the potential to provide useful insights as there is a lack of under-
standing about whether big data could, indeed, improve firm perfor-
mance. To address the above objectives and gaps, we utilize organiza-
tional learning theory (Huber, 1991) to develop hypotheses to answer
the following research questions: (1) Do big data characteristics (i.e.,
velocity, volume, and variety) improve firm innovation performance
(i.e., innovation efficacy and innovation efficiency)? and (2) Does in-
novation performance (i.e., innovation efficacy and efficiency) mediate
the relationship between big data characteristics and firm performance?
Although these questions have not yet been studied, the prevalent belief
is that “big data is better data” (Chen, Chiang, & Storey, 2012; McAfee,
Brynjolfsson, Davenport, Patil, & Barton, 2012; Wang, Kung, & Byrd,
2018). However, in this study, we leverage organizational learning
theory to assert that big data is not always better data. To address the
above questions, we collected data from 239 managers and empirically
examined the links in the proposed model.

This paper makes several important contributions to the literature.
The findings of this study show the necessity to conceptually and op-
erationally differentiate among the main characteristics of big data,
rather than treating big data as a holistic concept. Notably, the results
indicate that whereas data velocity and variety play a vital role in en-
hancing firm innovation performance, data volume does not.
Interestingly, the results show that data velocity plays a more important
role than other big data characteristics in enhancing firm innovation
performance. In addition, this study contributes to the organizational
learning literature by analyzing whether big data helps firms generate
new ideas successfully and efficiently which lead to enhance the overall
performance of the firm. The study also has interesting results for the
significance of the impact of innovation efficiency and efficacy on firm
performance. Overall, the results of this study offer useful guidelines to
help firms comprehend the important role of each main characteristic
of big data in improving their outcomes.

In the next section, we review the relevant literature on organiza-
tional learning theory and big data. After the literature review, we
present our research model and develop our hypotheses. Next, we
discuss our sample and methods. In the results section, we examine our
research model using structural equation modeling. Because big data,
innovation, and firm performance are multivariate constructs, in the
post hoc analysis, we examine the effect of each big data characteristic
on three measures of firm performance, as mediated by innovation ef-
ficiency and innovation effectiveness. In the penultimate section, we

discuss the theoretical and practical implications of our findings. Our
study presents opportunities for future research, which we also outline
in the discussion section. The paper concludes with a reiteration of our
main objective and a summary of our findings.

2. Relevant literature

2.1. Organizational learning theory

Organizational learning theory (Huber, 1991) is grounded in the
resource-based view (Barney, 1991), which states that a firm’s learning
ability cannot be easily imitated by other firms (Day, 1994). This theory
grew from an interest in how organizations acquire, analyze, and use
information to improve firm performance (Argote & Miron-Spektor,
2011). Organizational learning theory suggests that exploration for new
information is the basis of firms’ innovation capabilities (Johnson et al.,
2017), as integrating new information may solve the prototypical
strategic problem of finding the most profitable use for a firm’s re-
sources by reducing causal ambiguity. Thus, organizational learning
theory focuses on firms’ need to build a capacity to learn (Sobrero &
Schrader, 1998) by integrating and processing new data to gain new
insights (Seleim & Khalil, 2007). This theory has been used in various
contexts, including data integration and marketing support (Hunter &
Perreault, 2007) and firm innovation and customer metrics (Baker &
Sinkula, 1999). Innovation is also closely related to organizational
learning, because innovation involves the destruction of old knowledge
and the integration of new information to generate innovative solutions
(Calantone et al., 2002).

Innovation is vital for sustainable competitive advantage
(Johannessen, Olsen, & Olaisen, 1999). Innovation is often undertaken
in response to unexpected, unfamiliar, or non-routine problems
(Anderson, Potočnik, & Zhou, 2014). Thus, innovation involves orga-
nizational intelligence and learning, as it requires changing a firm’s
existing cognitive paradigms (Tushman & Anderson, 1986) and re-
sources (Damanpour & Gopalakrishnan, 2001). In executing innova-
tions, firms must first gather data from various sources and then ana-
lyze and interpret the data (Galliers, Newell, Shanks, & Topi, 2017;
Glynn, 1996). This is the process of organizational learning (Huber,
1991). In particular, learning is enhanced by gaining greater cogni-
zance of action–outcome relationships and the influence of environ-
mental events on these relationships (Naveh, Meilich, & Marcus, 2006),
as firms often try to make rational choices in the face of causal ambi-
guity (Mosakowski, 1997).

Making rational choices requires a considerable investigation of
various available alternatives, their consequences, and their outcomes
(Choo, 1996). The sensemaking view argues that firms need to con-
stantly attempt to understand what is happening around them to im-
prove the quality of their decisions (Park, El Sawy, & Fiss, 2017). For
instance, firms may face several alternative investment opportunities
with unknown outcomes (Gavetti & Levinthal, 2000). To enhance their
learning about the outcomes of different investment alternatives, firms
must integrate information from internal and external sources (Cohen,
1984). Collecting large amounts of information in real time helps firms
learn quickly and precisely what consumers want that other firms do
not provide (Fiol & Lyles, 1985), which helps them improve their de-
cisions before competitors corner the market, their resources run out, or
consumers’ interests change (Janssen, van der Voort, & Wahyudi,
2017).

In line with the above discussion, we assume that firm outcomes are
stochastic: that is, they lie somewhere between deterministic and
random trial and error (Mosakowski, 1997). While early research on the
resource-based view has focused on the role of blind luck in de-
termining how firms acquire and develop unique, inimitable, non-
substitutable, and valuable resources (Barney, 1986; Nelson & Winter,
1982), more recent conceptualizations have focused on the innovation
process as inherently stochastic (Powell, Lovallo, & Caringal, 2006).
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Conceptualizations of firm outcomes as stochastic could be rooted in
previous studies’ claims that, as information improves, ambiguity de-
clines (Daft & Lengel, 1986). Following from this assumption, decision-
makers pursuing innovation experience ambiguity surrounding cau-
se–effect relationships, but can, given sufficiently rich information,
identify organizational attributes or develop resources that are more
likely to improve firm performance. Therefore, to enhance organiza-
tional learning in the innovation process, improved use of existing in-
formation and more active assimilation and acquisition of new in-
formation become imperative (Johannessen et al., 1999).

2.2. Big data, organizational learning, and firm performance

If the exploration of new information is the basis for organizational
learning, then big data presents an enormous opportunity for firms to
learn and, consequently, enhance their performance (Jones, 2018). In
the era of big data, previous studies have considered data to be a vital
firm resource for innovation (Ghasemaghaei, 2018a, 2018b). With a
large amount of available data and advanced technologies to process
them, firms can quickly exploit new information to create and imple-
ment new ideas (Ghasemaghaei, 2018b, 2019a; Sivarajah, Kamal, Irani,
& Weerakkody, 2017). Organizational learning through big data can be
considered a constant, disruptive blend of abduction, deduction, and
induction to identify patterns and link them to potential remedial ac-
tions. Big data has raised debates concerning the necessity of analyzing
and interpreting raw data to benefit from the integration of large vo-
lumes of data. In fact, big data may enhance organizational learning, as
it can provide interesting and surprising glimpses into areas outside
what firms currently know (Calvard, 2016).

Big data has potential usefulness in various consumer areas that can
enhance innovation, such as purchase behavior, problem recognition,
and consumption (Wang & Hajli, 2017). In fact, big data has changed
the capabilities firms need to successfully perform (Lehrer, Wieneke,
vom Brocke, Jung, & Seidel, 2018). Yang, Li, and Delios (2015) argued
that firms that are able to absorb new data are more likely to succeed.
Particularly, firms that are capable of using big data in their business
processes may have a better chance of enhancing their operating effi-
ciency and revenue growth than their competitors (Marshall et al.,
2015). Hence, big data represents a new form of capital in enhancing
firm innovation performance (Satell, 2014). Still, big data is a new
resource and, as such, may not yet be successfully optimized by many

firms (Mithas, Lee, Earley, Murugesan, & Djavanshir, 2013). This study
leverages organizational learning theory to investigate whether big data
has a positive impact on firm innovation performance and, conse-
quently, firm performance.

Whereas some studies argue for the existence of a positive re-
lationship between big data and firm performance (Chen, Preston, &
Swink, 2015; Wamba et al., 2017), other studies suggest the use of big
data may not lead to improved firm performance (Ghasemaghaei,
Hassanein, et al., 2017; Ghasemaghaei, Ebrahimi, et al., 2017).
Therefore, some factors could exist that facilitate, or stymie, the re-
lationship between big data and performance. One such factor is the
organization’s capacity to learn about and adapt to its environment.
According to organizational learning theory, an organization searches
for and collects information in order to learn about and adapt to its
surroundings through the process of innovation in business model and
internal processes. Through this process an organization’s fitness, and
therefore performance, is improved within a particular niche or con-
text. Therefore, this study uses organizational learning literature to
investigate the mediating role of firm innovation performance (i.e.,
innovation efficacy, and innovation efficiency) on the impact of big
data on firm performance. The lack of clear results in previous work
could be explained by a variety of performance measures. As opposed to
many previous studies (e.g., Akter et al., 2016; Gunasekaran et al.,
2017), this study considers various types of performance categories
(i.e., financial returns, operational excellence, and customer perspec-
tives) to measure the overall performance of the firm. Although pre-
vious work shows that there are various measures of big data, most
studies have considered this variable as a holistic concept. However, in
the current study, we conceptually and operationally differentiate
among the main characteristics of big data, rather than treating it as a
holistic concept. Table 1 presents previous studies that investigated the
role of big data on firm performance.

3. Hypotheses development

The research model is shown in Fig. 1 which maps the hypothesized
associations among big data characteristics (i.e., velocity, volume, and
variety), innovation performance (i.e., innovation efficacy and in-
novation efficiency), and firm performance (i.e., financial returns, op-
erational excellence, and customer perspectives). Table 2 presents the
definitions of the model constructs.

Table 1
Summary of studies examined the impact of big data on firm performance.

Studies Purpose

Akter et al. (2016) This study uses resource-based theory to examine the impact of big data capability on firm performance.
Wamba et al. (2017) This study utilizes the resource-based view and the literature on big data analytics to examine the mediating effects of process-

oriented dynamic capabilities on the relationship between big data analytics capability and firm performance.
Chen et al. (2015) This study investigates the mediating role of big data analytics on the impact of technological, environmental, and

organizational factors on firm asset productivity and business growth.
Gunasekaran et al. (2017) This study uses the resource-based view to investigate the impact of big data assimilation on supply chain and organizational

performance.
Ren, Fosso Wamba, Akter, Dubey, and Childe

(2017)
This study draws on the resource-based theory and the information systems success literature to examine the impact of big
data system quality and information quality on big data value creation and firm performance.

Ghasemaghaei (2018a) This study utilizes the resource-based view to examine the moderating impact of tools sophistication and employee analytical
skills on the impact of big data on firm performance.

Popovič, Hackney, Tassabehji, and Castelli
(2018)

This study uses the resource-based view to explore the moderating role of organizational readiness and big data capabilities on
the impact of big data implementation on firm agility and its manufacturing performance.

Côrte-Real et al. (2017) This study uses knowledge-based view and dynamic capability theories to examine the big data value in different stages of the
value chain.

Müller et al. (2018) This study examines the relationship between big data and firm productivity. It also investigates the impact of firm industry
on enhancing firm productivity through big data analytics.

El-Kassar and Singh (2019) This study examines the mediating role of green products and green process on the impact of big data utilization on firm
performance and its competitive advantage.

Raguseo and Vitari (2018) This study investigates the mediating role of customer satisfaction and market performance on the impact of big data on firm
financial performance.
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3.1. Big data and innovation

Big data is capable of changing the innovation landscape by effec-
tively and efficiently increasing the fit between consumer preferences
and product features (Johnson et al., 2017). Organizational learning
theory suggests that firms can build their learning capabilities (Sobrero
& Schrader, 1998) by processing new data to create more accurate
models of the causality between strategic choices and firm perfor-
mance. In the context of this study, big data can enhance innovation
performance by making it possible for firms to develop and deploy
resources in an efficient and effective manner based on finely tuned
data (Erevelles, Fukawa, & Swayne, 2016); these decisions are replacing
laboratory-based consumer research and intuition (Erevelles et al.,
2016).

Organizational learning theory suggests that firm performance will
increase as firms learn about and adapt to their environments (Huber,
1991). Organizational learning begins with a search for information,
which can be passive or it can be active. Active search involves the
deliberate accumulation of information. Examples include firms col-
lecting consumer data from point-of-sale terminals or running focus
groups. Passive search includes everyday accumulation of tacit and
explicit information by employees, such as executives reading the
newspaper or employees learning about more efficient ways to get their
job completed. While search is necessary for organizational learning to
occur, modifications to the organization are required before the orga-
nization has learned (March, 1991). For instance, it is not enough that
the executive has acquired new information from the newspaper; she
must act on this information. Similarly, it is not sufficient that an em-
ployee has learned of a more effective method for performing his job, he
must modify his work routines in order for organizational learning to
have occurred. In all cases, learning can only occur when new in-
formation has resulted in changes or adaptations to the ways the or-
ganization does things (March & Simon, 1958). According to organi-
zational learning theory, organizational innovations are adaptations
based on new information. Thus, we expect that big data will increase
innovation, and thus organizational learning, by providing managers
with a high variety of voluminous data in a timely manner.

Big data is characterized by the so-called “3Vs:” variety, velocity,
and volume, where variety refers to the types of data being analyzed,
velocity refers to the speed and frequency of data processing and

integration, and volume refers to the size of the data (Ghasemaghaei,
Ebrahimi, et al., 2017). Having access to a variety of data provides firms
rich information, helping them gain comprehensive views of customers
that far surpass firms’ traditionally siloed internal data (Erevelles et al.,
2016). The main difference between traditional data and big data is the
shift from structured transactional data to unstructured behavioral data
(Insight, 2012). Modern firms are attempting to access unstructured
data (which encompasses about 80% of existing data) about their cus-
tomers to better understand consumer needs and preferences (Tan,
Zhan, Ji, Ye, & Chang, 2015). Unstructured data can be captured from
different sources, such as text messages, blogs, and social media,
through which individuals share their behavioral and personal in-
formation with others in the online environment. With the development
of new technologies, firms are attempting to integrate data from various
sources (e.g., social media, pictures) to better understand consumers’
preferences.

In particular, different cues (e.g., both unstructured and structured
data) can be used as a proxy to examine the effectiveness of information
in enhancing firm’s learning in a particular context (e.g., generating new
ideas) (Jiang & Benbasat, 2007). Collecting different types of data (e.g.,
images, texts, numbers) increases a firm’s chance of discovering non-
obvious and new customer insights (Dong, Liao, & Zhang, 2018), which,
in turn, increase a firm’s capabilities to continuously improve its product
offerings (Johnson et al., 2017). Erevelles et al. (2016) argued that
having access to rich customer data helps firms generate previously
unknown insights, which may enable them to better understand their
customers. For example, firms that extract consumers’ comments about
their products on social media websites and combine these with con-
sumers’ purchasing histories can better identify consumers’ preferences,
which may help them develop new products that match their needs.
Therefore, the integration of new information enhances firms’ generation
of new knowledge and ideas (Calantone et al., 2002). Information variety
allows firms to learn more and better. In particular, having access to
different types of customer data helps firms better understand customer
needs and develop novel solutions. This, in turn, enables firms to take
advantage of new market opportunities and develop the resources
needed to exploit those opportunities. In fact, handling both structured
and unstructured data helps firms view innovation problems from dif-
ferent perspectives (Johnson et al., 2017), which enables them to de-
velop new ideas better and faster to satisfy their customers’ needs. Hence:

Fig. 1. Research model.

Table 2
Construct definitions.

Construct Definition

Big Data Characteristics Variety Various types of data (Ghasemaghaei, Ebrahimi, et al., 2017)
Volume Size of the data which is increasing dramatically (Wamba, Akter, Edwards, Chopin, & Gnanzou, 2015).
Velocity The speed and the frequency of processing and integrating data (Ghasemaghaei, Ebrahimi, et al., 2017)

Innovation Performance Innovation Efficacy: the extent to which an innovation is successful (Alegre & Chiva, 2008).
Innovation Efficiency: the time and effort made to achieve the degree of success (Alegre & Chiva, 2008).

Firm Performance Financial Returns: firm performance in terms of return on equity, return on assets, and return on investment (Wu et al., 2015).
Customer Perspective: customer view of a firm’s services and products, how they perceive the firm image, and their overall satisfaction level
(Wu et al., 2015).
Operational Excellence: firm’s improvements in productivity and its responsiveness to customers relative to its competition (Wu et al., 2015).
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H1a: Data variety will increase innovation performance.

Firms once made decisions using small data sets with limited ana-
lytics platforms. However, recent changes in information technologies
have enabled firms to analyze large sizes of data to make better deci-
sions (Xu, Frankwick, & Ramirez, 2016). For example, Netflix analyzes
data from millions of consumers to better understand whether adding a
new show will improve the firm’s performance. The insights generated
from such enormous amounts of information are the main attraction of
big data (Dumbill, 2012). Today, the Internet stores more data each
second than it stored in its entirety 20 years ago (Hofacker, Malthouse,
& Sultan, 2016): While the world created only 800,000 petabytes of
data in the year 2000, it is expected to generate 35 zettabytes in the
year 2020 (IBM, 2015). Together, better storage solutions (e.g., Ha-
doop), decreasing storage costs, and the availability of algorithms that
create meaning from data allow firms to extract more benefit from large
volumes of data (Johnson et al., 2017). In the past, gaining benefits
from such large caches of data was difficult, as processing such data
inhibited effective interpretation. However, advanced technologies and
frameworks have helped firms reduce these issues. For example, Ha-
doop, a popular open source framework, enables parallel processing,
allowing for rapid access to and analysis of huge volumes of data (Lam,
2010). As a second example, MapReduce enhances data interpretation
by performing filtering and sorting using a reduce method.

Processing large amounts of data offers firms a more complete and
comprehensive sense of their market, thus increasing their capacity to
understand customers’ needs and capitalize on unexplored opportu-
nities (Du & Kamakura, 2012). Particularly, surging volumes of data in
single data sets, combined with the aforementioned parallel processing
technologies, enable firms to obtain in-depth information about their
customers (e.g., where they purchase, what they like, and what they
purchase) by creating coherent pictures of specific problem and, thus,
generating better insights into the issue being analyzed (Tan et al.,
2015). This knowledge creation process improves a firm’s capacity to
generate innovation by reducing ambiguity about, for instance, what
consumers like and where they are likely to purchase it. Having access
to large amounts of relevant data about consumers’ behavior helps
firms identify the products that could meet future market needs.
Erevelles et al. (2016) argued that, in general, understanding customers
better by processing large volumes of data about their behaviors can
lead to incremental innovation. For example, to begin its own revolu-
tion in product design and innovation, Ford Motors started to collect
consumer data from approximately four million of its on-the-road ve-
hicles through built-in vehicle sensors. After analyzing the data cap-
tured from the vehicles’ voice recognition systems, Ford understood
that the immediate surrounding noise interfered with the software’s
capability to recognize driver commands, which led to the development
of automatic noise reduction technology. In this example, Ford fa-
cilitated product innovation by capturing large volumes of data about
its customers without waiting to obtain insights from traditional mar-
keting research, such as surveys and focus groups (Erevelles et al.,
2016). Rindfleisch, O’Hern, and Sachdev (2017) argued that processing
large amounts of data in this manner allows firms to increase their
innovation activities by enabling them to more effectively analyze and
generate insights from data on consumer behavior.

In line with the above advantages of big data, many firms are
conducting search analytics, web analytics, and search engine optimi-
zation to obtain customized and automated knowledge about their
customers (Xu et al., 2016). This combined volume of customer data
from various sources generates a high level of insight into customers’
needs and preferences (Jaakola, 2013). For example, many firms try to
obtain additional insights about their customers by extracting custo-
mers’ product evaluations and recommendations to others to determine

appropriate new product strategies. With the help of the recent tech-
nological advancements, firms can parse data from several sources (e.g.,
user-generated data, sensors) to better understand their customers and
customize their offers (Hu, Wen, Chua, & Li, 2014). McAfee (2013)
argued that these advances improve on prior decision-making pro-
cesses, which were often based on “gut feelings” or intuition rather than
evidence. Therefore, big data utilization enables firms to establish data-
driven and evidence-based decision-making processes (Schermann
et al., 2014), which may enhance their innovation performance by
helping them better understand consumers’ preferences and develop
new ideas accordingly. Hence:

H1b: Data volume will increase innovation performance.

Data velocity focuses on the relentless rapidity of data generation,
which enables firms to provide timely insights (Lycett, 2013). By in-
tegrating data in real time, firms can use the analytics that accompany
streaming data to take action in a timely manner (Saboo, Kumar, &
Park, 2016). Firms can make better decisions when they have access to
current and insightful data based on up-to-the-minute evidence rather
than historical trends (Erevelles et al., 2016). Due to the path-depen-
dent nature of cause-and-effect relationships, historical data have lim-
ited usefulness in illuminating the current and future causal structure of
choices that determine firm success, particularly for choices concerned
with generating and implementing entirely new ways of doing things.
For example, firms are attempting to understand consumers’ transac-
tion numbers, the products they purchase, the types of products they
purchase, and their product postings on social media in a timely
manner. Such rich data enable firms to make instantaneous evidence-
based decisions regarding appropriate new product strategies (Erevelles
et al., 2016).

To make appropriate decisions, firms must develop continuous
processes for analyzing and interpreting data in real time to quickly
generate new insights (Davenport, Barth, & Bean, 2012). For example,
based on insights obtained from the customers’ comments on social
media, firms can make personalized offers in milliseconds and optimize
their offers over time as they receive new data. Recently, many firms
have also started to gather data from mobile devices, such as location
collected from a navigation app, to create real-time personalized offers
for their customers.

If firms do not make decisions in real time, new data will obviate
previous data. Therefore, firms need to integrate, analyze, and act
quickly (Davenport et al., 2012). Research shows that a firm’s ability to
innovate depends on real-time insights (Banu Goktan & Miles, 2011).
To maximize their benefit, firms need to quickly utilize customer in-
sights obtained from integrating and analyzing big data to constantly
redefine their marketing activities and implement effective and efficient
innovation (Erevelles et al., 2016). Real-time data can help firms
quickly develop new ideas and convert them into innovative products
before their competitors (Erevelles et al., 2016). Hence:

H1c: Data velocity will increase innovation performance.

3.2. Innovation and performance

Innovation, which refers to successfully exploiting new knowledge,
has previously been linked to firm performance (Amabile, Conti, Coon,
Lazenby, & Herron, 1996). Innovation is the process of manufacturing,
management, commercial activities, R&D, and technical design in-
volved in the marketing of an improved (or new) product (Alegre &
Chiva, 2008). Innovation performance can be characterized by two
dimensions: innovation efficiency and innovation efficacy (Alegre &
Chiva, 2008). As time-based competition has become increasingly
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important, many firms have recognized the importance of introducing
new products and services in a timely manner (Smith, 2011).

Previous studies suggest that there is a positive relationship between
innovation performance and firm performance (Calantone et al., 2002;
Yalcinkaya, Calantone, & Griffith, 2007). According to Geroski, Machin,
and Van Reenen (1993), innovation is a critical factor for firm perfor-
mance, as innovating firms are better able to benefit from spillovers and
are less affected by negative macroeconomic events. According to or-
ganizational learning theory, this benefit is associated with the trans-
formation or redeployment of a firm’s internal resources as a result of
adaptation to new information about the environment (Huber, 1991).
For example, new product introductions increase firm performance by
enhancing profit margins, increasing demand, and lowering customer
acquisition and retention costs (Yalcinkaya et al., 2007). Moreover,
firms that implement new ideas will be more successful in developing
new capabilities and responding to customers’ needs, allowing them to
achieve superior profitability and firm performance (Calantone et al.,
2002). Robinson (1990) stated that firms that enhance their innovation
performance by improving their learning capabilities could increase
their market share. In particular, firms that enhance their innovation
faster than their competitors are able to increase their operational ef-
ficiency and improve their service quality by obtaining knowledge not
available to competitors (Parasuraman, 2010).

According to organizational learning theory, firm capabilities (e.g.,
innovation performance) mediate the impact of firm resources (e.g., big
data) on firm performance. As the exploration of new data is the basis
for increasing a firm’s learning capabilities (Jones, 2018), big data may
play a critical role in providing firms enormous opportunity to learn,
enhance their innovation competency, and, eventually, increase their
performance. Hence:

H2: Innovation performance will mediate the impact of big data on firm
performance.

4. Methodology

4.1. Sample

To test the research hypotheses, we employed a survey approach to
collect data from top- and middle-level managers because participants
needed to have adequate knowledge to answer questions about the
impact of big data on firm outcomes. To control for the potential impact
of culture, the nature of the position, and tasks, survey participants
were limited to managers in the United States. With the help of a na-
tional market research firm, which helps researchers obtain the views of
panel specialists, the survey was sent through email to 1286 individuals
during two months of April and May 2018. Using market research firm
to collect data has many advantages specially generalizability (Lowry,
D’Arcy, Hammer, & Moody, 2016).

To ensure that participants were sufficiently knowledgeable to an-
swer questions related to the effects of big data on firm outcomes, we
asked them about the extent of their awareness with big data utilization
in their firms. Those participants who were unfamiliar were excluded
from the dataset. This approach has been used in many studies (e.g.,
Abbasi, Sarker, & Chiang, 2016; Akter et al., 2016; Ghasemaghaei &
Calic, 2019a, 2019b; Sun, 2012). Moreover, we removed responses that
(1) were completed in less than 10 min (since the survey was estimated
to take about 20 to 25 min), (2) were incomplete, (3) were terminated
at the beginning of the survey, or (4) had the same answer to all
questions (e.g., all 6 s). In total, we received 239 usable responses,
representing a response rate of 19 percent. Table 3 presents the de-
mographic characteristics of the sample. We examined non-response
bias by following Armstrong and Overton (1977) guideline. The results

showed that the early respondents were quite similar to the later re-
spondents in terms of key study variables and demographic character-
istics; hence, for this study, non-response bias was not an issue.

4.2. Measures

Previously validated scales (see Appendix A) were used for all the
constructs, whose means and standard deviations are presented in
Appendix A (see Table A1). The study considered two control variables.
The first was firm size, as larger firms may have access to more re-
sources. This variable was measured as the number of employees in
each firm (Chen et al., 2014). The second was firm industry, as the
utilization of big data could differ by industry.

5. Results

Structural equation modeling, specifically partial least squares (PLS)
version 3.0 (Ringle, Wende, & Will, 2005) was used to examine the
developed hypotheses. As explained below, we first assessed the va-
lidity and reliability of the instrument.

5.1. Test of the measurement model

To evaluate the measurement model, we examined the convergent
and discriminant validity and internal consistency. Appendix B shows
that all the loadings were larger than the recommended threshold of
0.70 (Gefen & Straub, 2005). As also shown in Table B1, all variables
showed high reliability (Fornell & Larcker, 1981). Table 4 shows the
correlations among the variables, with the diagonal values representing
the square roots of the variables’ average variance extracted (AVE). As

Table 3
Sample characteristics.

Dimension Category Percentage (%)

Age
20–29 years old
30–39 years old
40–49 years old
50–59 years old
> 60

17.6
39.7
20.1
13.8
8.8

Gender Female
Male

51.9
48.1

Role

Executive Manager
Vice President
Middle Level Manager
Business unit/department Manager

20.1
10.1
53.1
16.7

Education

High School
College diploma
Bachelor's degree
Master's degree
Ph.D. degree

10.5
21.3
39.3
26.4
2.5

Firm Size
< 100 employees
100–1000 employees
1001–5000 employees
> 5000 employees

31.0
38.9
19.2
10.9

Industry Type
Manufacturing
Services
Utilities
Financial

33.4
50.2
13.5
2.9

Firm Revenue

< 1 million
1–5 million
5–10 million
10–20 million
20–50 million
50–500 million
500-1billion
> 1 billion

10.5
15.9
17.6
11.7
13.0
19.7
4.2
7.4
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shown in this table, the correlations between each factor and other
factors were lower than the square root of the AVE, showing dis-
criminant validity (Barclay, Higgins, & Thompson, 1995).

To examine the measurement properties of the second-order for-
mative constructs (i.e., innovation performance and firm performance),
we used Bagozzi and Fornell (1982) guideline. First, we used weights to
multiply item values. Then, we summed the item values for each first-
order construct. Next, we used the weighted sum of the first-order
constructs to create composite indices, which were used as the mea-
sures for innovation performance and firm performance. The variance
inflation factor (VIF) values of both these second-order constructs were
below the threshold of 3.3, showing that multicollinearity was not a
concern for these constructs (Diamantopoulos & Siguaw, 2006).

As recommended by Gefen and Straub (2005), to further ensure the
validity of the second-order variables, we evaluated the outer model
loadings and their weights. The findings indicated that the outer model
weights of innovation efficacy and innovation efficiency (0.124 and
0.127, respectively) significantly impacted innovation performance,
indicating the importance of both efficacy and efficiency in forming
innovation performance. In addition, the outer model weights of cus-
tomer perspective, financial returns, and operational excellence (0.144,
0.14, and 0.153, respectively) significantly impacted firm performance,
showing the importance of all these variables in determining firm
performance.

The findings also suggested that the outer model loadings for both
innovation efficacy and efficiency were significant (0.72 and 0.75, re-
spectively) at the 0.05 alpha level. The results show that the loadings
are higher than the threshold of 0.70, indicating that each variable is

important in forming firm innovation performance (Dwivedi, Choudrie,
& Brinkman, 2006). The findings also illustrated that the outer model
loadings for customer perspective, financial returns, and operational
excellence were significant (0.75, 0.73, 0.80, respectively) at the 0.05
alpha level, indicating the importance of each of these variables in
determining firm performance.

To examine common method bias, this study conducted Harman's
single-factor test (Podsakoff, 2003), which has been recommended by
previous studies (e.g., Luo, Ba, & Zhang, 2012; Sun, 2012). The un-
rotated solution showed several factors, none of which explained more
than 50 percent of the variance. Common method bias may exist if (1)
one factor accounts for most of the covariance in the variables or (2)
one factor emerges from the unrotated solution. The findings showed
neither of these scenarios. We also conducted the marker-variable
technique (Lindell & Whitney, 2001) suggested by previous studies
(e.g., Malhotra, Kim, & Patil, 2006; Xu, Benbasat, & Cenfetelli, 2014).
This technique recommends using a theoretically unrelated construct (a
marker variable) to adjust the associations among the main constructs
in the research model. We use gender, a theoretically irrelevant con-
struct, as our marker variable. The findings show that the average
correlation between the main constructs and gender was 0.03. Hence,
the findings of both Harman's single-factor test and the marker-variable
technique suggest minimal evidence of common method bias.

We also conducted a full collinearity test by measuring the VIF
values for all the constructs in the model. The highest VIF value was
that for data volume (2.47), indicating that the VIF values for all con-
structs in the research model were below the threshold of 3.3 (Kock &
Lynn, 2012). Considering the VIF values of all constructs in the model
and calculating the full collinearity test is a conservative and effective
alternative for identifying common method bias (Kock, 2015). Based on
the findings, neither multicollinearity nor common method bias is an
issue in our study.

5.2. Test of the structural model

Fig. 2 presents the significance of the relationships in the research
model. As shown in Fig. 2, the results indicate that whereas data variety
and data velocity significantly impact innovation performance
(β = 0.283, p < 0.001; β = 0.417, p < 0.001, respectively), pro-
viding support for H1a and H1c, interestingly, data volume does not
significantly impact innovation performance (β =−0.033, p > 0.05),
rejecting H1b. The results also show that innovation performance sig-
nificantly impacts firm performance (β = 0.657; p < 0.001). We also
assessed whether the effects of the big data characteristics on firm

Table 4
Correlation matrix.

Effica Effici P-Cu P-Fi P-Op Var Vel Vol

Innovation Efficacy 0.75
Innovation Efficiency 0.69 0.81
Customer Perspective 0.55 0.51 0.84
Financial Returns 0.58 0.51 0.58 0.86
Operational Excellence 0.57 0.53 0.68 0.65 0.86
Data Variety 0.52 0.44 0.47 0.49 0.48 0.86
Data Velocity 0.55 0.53 0.51 0.55 0.58 0.64 0.87
Data Volume 0.41 0.31 0.34 0.42 0.39 0.65 0.57 0.87

Note: Var: data variety; Vel: data velocity; Vol: data volume; P-Cu: customer
perspective; P-Fi: financial returns; P-Op: operational excellence; Effica: in-
novation efficacy; Effici: innovation efficiency.

Fig. 2. Results of research model.
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performance were fully or partially mediated by innovation perfor-
mance. To test for mediation, we followed the procedure suggested by
Baron and Kenny (1986). First, we tested the direct influence of big data
characteristics on firm performance in the absence of the potential
mediator. The results indicated that, while the paths from data variety
and data velocity were significant (β = 0.236, p < 0.01 and
β = 0.463, p < 0.001, respectively), the path from data volume was
not (β = 0.016, p > 0.05). Then, we added innovation performance as
a mediator between big data characteristics and firm performance. The
results showed that, while the impact of data variety on firm perfor-
mance was no longer significant, with a coefficient of 0.119
(p > 0.05), the impact of data velocity on firm performance was still
significant, with a coefficient of 0.290 (p < 0.01). Moreover, the im-
pact of data volume was still not significant (β = 0.030, p > 0.05).
These results show that, while firm innovation fully mediates the re-
lationship between data variety and firm performance, it only partially
mediates the impact of data velocity on firm performance. Interestingly,
data volume impacts neither firm innovation nor firm performance.
These findings provide support for H2 regarding the mediating role of
innovation competency on the impact of big data on firm performance.
As Fig. 2 illustrates, big data utilization explains about 38% of the
variance in innovation performance, and innovation performance ex-
plains about 43% of the variance in firm performance.

We also measured the effect size (Chin, 2010) to better understand
the effect of each big data characteristic on innovation performance.
The findings demonstrated that the effect size of data volume on in-
novation performance was zero, the effect size of data variety was small
(0.058), and the effect size of data velocity was medium (0.151). This
means that, compared to data variety and data volume, data velocity
plays a more vital role in enhancing firm innovation performance.

We further examined the impacts of firm size and firm industry (as
control variables) on firm performance, which were coded as dummy
variables using the categories shown in Table 3. The findings indicated
that firm industry and firm size did not significantly impact firm per-
formance (β = −0.029, p > 0.05; β = -0.078, p > 0.05).

6. Post hoc analyses

To investigate the direct impact of big data characteristics on in-
novation efficacy and efficiency separately, a post hoc analysis was
performed. As can be seen in Fig. 3, the findings show that, while data
variety and data velocity have a significant positive impact on in-
novation efficacy (β = 0.291, p < 0.001; β = 0.366, p < 0.001,
respectively), the impact of data volume on innovation efficacy is not

significant (β = 0.010, p > 0.05). This means that, while utilizing
different types of data in real time helps firms innovate successfully, the
size of the data does not play a vital role. Likewise, the results show
that, while data velocity and data variety have significant positive
impacts on innovation efficiency (β = 0.441, p < 0.001; β = 0.228,
p < 0.01, respectively), the impact of data volume is not significant
(β = -0.087, p > 0.05). This means that, while utilizing different types
of data in real time considerably reduces a firm’s effort in attaining
successful innovation, utilizing large sizes of data does not improve firm
efficiency.

As shown in Fig. 3, the results also show that innovation efficacy
significantly impacts a firm’s customer perspective, financial returns,
and operational excellence (β = 0.384, p < 0.001; β = 0.473,
p < 0.001; β = 0.400, p < 0.001, respectively). Moreover, whereas
innovation efficiency significantly impacts customer perspective and
operational excellence (β = 0.228, p < 0.05; β = 0.234, p < 0.05,
respectively), it does not significantly impact financial returns
(β = 0.162, p > 0.05). This shows that successful firm innovation
considerably improves firm performance; however, although de-
creasing the time to develop new ideas considerably improves con-
sumers’ perspectives and operational excellence, it does not increase a
firm’s financial returns.

We followed Ghasemaghaei, Hassanein, et al. (2017)’s procedure to
further investigate the role of big data in innovation performance and
firm performance. To accomplish this, we used median splits to classify
firms based on their level of big data utilization in terms of variety,
volume, and velocity. In total, this procedure yielded eight groups (i.e.,
high or low in degrees of data volume, velocity, and variety). Figs. 4–8
show the differences in means for innovation performance (innovation
efficacy and innovation efficiency) and firm performance (customer
perspective, financial returns, and operational excellence) when firms
utilize data with different levels of volume, velocity, and variety.

As shown in these figures, the results indicate interesting findings
regarding the effects of big data on firm performance and firm in-
novation performance. For example, Fig. 4 shows a significant reduc-
tion in the mean of financial returns for firms with low data volume,
low data variety, and low data velocity. This means that, compared to
other firms, firms that have not been careful to quickly integrate large
amounts of various types of data cannot considerably increase their
financial returns. Fig. 5 also shows novel findings. For instance, it shows
a significant decrease in the mean of positive consumer perspective for
firms with high data volume, but low data velocity and variety. This
means that, to successfully increase consumer satisfaction, firms need to
not only integrate large amounts of data, but also process different

Fig. 3. Research results (considering all variables as first-order constructs).
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Fig. 4. Financial returns means for different levels of utilizing big data.

Fig. 5. Customer perspective means for different levels of utilizing big data.

Fig. 6. Operational excellence means for different levels of utilizing big data.
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types of data (e.g., social media, images, and pictures) in real time.
Likewise, Fig. 6 shows a significant decrease in the mean of operational
excellence for firms with high data volume, but low data variety and
velocity. This means that, to improve productivity relative to compe-
titors, firms need not only to focus on collecting large volumes of data,
but also utilize different data formats in a timely manner. Fig. 7 also
reveals interesting findings. For example, it shows a significant decrease
in the mean of innovation efficacy for firms with low data volume,
variety, and velocity, as well as those firms with high data volume, but
low data velocity and variety. This means that, to implement new ideas
successfully, firms should pay attention to the speed of processing and
analyzing different types of data, rather than focusing primarily on
collecting huge amounts of data. Fig. 8 also shows an interesting trend.
For example, it shows that firms that collect a large amount of data, but

do not pay attention to utilizing different data formats in real time, did
not considerably decrease their effort in developing new ideas. One of
the unique insights presented in these figures is that, when firms pro-
cess data that are high in volume or variety, but low in velocity, they
generally achieve outcomes inferior to those when firms process data
that are high in velocity. These findings are in line with results of the
effect size calculation, which showed that data velocity plays a more
critical role than data variety and volume in enhancing firm perfor-
mance. For example, the findings suggest that velocity has the most
important unilateral impact on financial returns, with all categories
with high velocity having strictly higher financial performance than
those involving low velocity. For the other two categories of firm per-
formance, while high velocity plays an important role in performance,
the effect of velocity on performance is not as one-sided. Therefore, if

Fig. 7. Innovation efficacy means for different levels of utilizing big data.

Fig. 8. Innovation efficiency means for different levels of utilizing big data.
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firms wish to enhance their outcomes, but lack sufficient resources to
process data high in all three big data characteristics, they should focus
first on data velocity.

The figures also show interesting insight regarding the number of
firms utilizing each big data characteristic. In particular, we found that
most firms still have not started utilizing all three main characteristics
of big data. In fact, 91 of the 239 firms processed data that were low in
volume, variety, and velocity, while 64 firms processed high degrees of
big data. As illustrated in the figures, the remainder of the firms focused
on only one or two of the big data characteristics when they processed
data. Our results show that firms must process data high in all three big
data characteristics to considerably enhance their performance. In sum,
while Fig. 3 shows the impact of each big data characteristic on firm
innovation performance (and, thus, eventually firm performance),
Figs. 4–8 provide interesting insights regarding the effects of big data
characteristics on firm outcomes when firms utilize different levels of
big data.

7. Discussion

7.1. Theoretical contributions

Many firms are integrating big data to generate new ideas and dif-
ferentiate themselves from their competitors (Johnson et al., 2017). Big
data are capable of changing the innovation landscape by effectively
and efficiently increasing the fit between consumers’ preferences and
product features, which may improve firm performance. Existing re-
search has focused mainly on anecdotal evidence; as such, there is an
insufficient understanding of the effects of big data on firms’ overall
performance and the potential factors that facilitate this relationship.
As suggested by previous studies, the effect of big data on firm per-
formance could be mediated by intermediate variables (Ghasemaghaei,
2019b). Innovation capability is one of the important determinants in
how well firms leverage new resources, such as big data, to enhance
firm performance. However, there is still an incomplete understanding
about the relationships among big data, firm innovation performance,
and overall firm performance. This is the question we explored in this
study. To address this objective, we used data collected from managers
and utilized organizational learning theory to better understand the
impacts of big data characteristics (i.e., velocity, volume, and variety)
on innovation performance, which eventually impacts firm perfor-
mance.

Our study provides new theoretical insights. As opposed to most
studies that have considered big data as a holistic construct, this study
shows that each big data main characteristic could have different im-
pacts on firm outcomes, and thus there is a need to conceptually and
operationally differentiate among the main characteristics of big data,
rather than treating big data as a holistic concept. From an organiza-
tional learning perspective, this paper shows that a firm’s capability to
utilize big data is an important source of innovation. Particularly, the
results show that, while data variety and velocity play a critical role in
enhancing innovation performance, interestingly, data volume does
not. This could be due to the fact that bigger data is not always better
data (Fan & Bifet, 2013). Collecting large amounts of data that are noisy
or not representative of what firms are looking for will not improve firm
decision making and, in fact, may degrade it. Thus, although some
studies have considered the size of data as the main characteristics of
big data (Demchenko, Grosso, De Laat, & Membrey, 2013), one of our
main contributions is to show that other big data main characteristics
(i.e., variety, and velocity) play more vital roles in enhancing firm

innovation performance and consequently firm overall performance.
Specifically, the results reveal that, whereas data variety and velocity
positively impact both innovation efficacy and efficiency, data volume
does not. This is a novel and unique finding in the big data literature
that will help researchers better understand the influence of big data
characteristics on firm outcomes.

We also make contributions to organizational learning and in-
novation literature. Our results suggest that organizations do not learn
from all types of data equally. When it comes to learning through in-
novation, a large variety of data acquired in real-time is most useful for
organizations to learn. The capacity of organizations to learn from high
velocity data can be explained by the value of first-mover advantages in
business (Lieberman & Montgomery, 1988). High variety is also bene-
ficial for organizational innovation. Recombination of knowledge and
creativity underlie innovation and data with high variety may be
especially conducive to devising new ways for organizations to compete
(Perry-Smith & Mannucci, 2017). Data volume may present learning
disadvantages, as boundedly rational individuals face problems dealing
with high quantities of data (Simon & March, 1976). By creating ten-
sions between multiple possible approaches, large volumes of data can
result in behavioral defensiveness and cognitive anxiety, which can
have deleterious effects of organizational performance (Smith & Lewis,
2011).

The findings of the effect size calculation also provide interesting
insights. In particular, the findings indicate that data velocity plays a
more critical role than data variety and data volume in enhancing firm
innovation performance. In other words, analyzing and interpreting
data in real-time to quickly generate new insights plays a more im-
portant role in innovating successfully and efficiently than does fo-
cusing on integrating large sizes of different types of data. This could be
due to the fact that organizational learning is a dynamic process that
requires firms to integrate new data continuously in real-time (Argote &
Ren, 2012). These results are theoretically important because there is a
need to understand the impact of each main characteristic of big data
on firm innovation performance (Mu, 2015). Thus, this study con-
tributes to the organizational learning literature by analyzing how a
new source of information and its characteristics help firms generate
new ideas successfully and efficiently.

This study uncovers interesting findings on the impacts of innova-
tion efficacy and efficiency on firm financial returns, customer per-
spective, and operational excellence. In particular, both innovation ef-
ficacy and efficiency enhance the customer perspective and operational
excellence. However, the results show that, while innovation efficacy
increases firms’ financial returns, innovation efficiency has no sig-
nificant influence. This means that firms that attempt to reduce their
time and effort in implementing new ideas will not improve their re-
turns on investment, assets, or equity more than their competitors.

To further investigate the role of big data in innovation performance
and firm performance, we have used median splits to classify firms
based on their level of big data utilization. In total, we created eight
groups, each offering interesting and novel insights regarding the im-
pacts of utilizing different levels of data in terms of volume, velocity,
and variety on innovation performance and firm performance. In par-
ticular, the findings show that considering different levels of big data
(in terms of volume, variety, and velocity) could lead to different firm
outcomes. We believe that this study provides useful guidelines for
researchers who are interested in better understanding the impact of
big data characteristics on innovation performance and overall firm
performance. Future research can use the knowledge obtained from this
study as a foundation to examine the influence of big data
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characteristics on firm outcomes.

7.2. Practical contributions

Our findings indicate that to better understand consumers’ needs
and preferences firms should collect both unstructured and structured
data from different sources, such as previous purchases, social media,
and consumer clickstream data from the web. Collecting various types
of data helps firms successfully implement new ideas and products that
fit consumers’ preferences and reduces firms’ effort and time in gen-
erating new ideas. Advanced technologies enable firms to handle both
structured and unstructured data to view innovation problems from
different perspectives (Johnson et al., 2017); thus, firms that utilize
different varieties of data can successfully innovate by developing ap-
propriate ideas better and faster. Based on the findings, although firms
now have access to better storage solutions (e.g., Hadoop) and lower
storage costs (Demirkan & Delen, 2013), there are still challenges in
managing large volumes of data. Particularly, it is still difficult for ex-
isting technologies to analyze high volumes of data and produce useful
information in a timely manner. Furthermore, firms may not yet have
developed the internal capabilities necessary to utilize data with en-
ormous volume. Significant time and effort are required to sort the
information obtained and identify viable and relevant information (Tan
et al., 2015). Therefore, firms need more advanced technologies and
new capabilities to process and analyze large amounts of data in real
time.

The findings also show that firms need speed in utilizing big data to
improve their performance. Although Hadoop is able to store and
process a massive amount of data, it is designed for batch processing
and cannot process data in real time (Chen & Zhang, 2014). To quickly
process and analyze large volumes of data, firms need to use real-time
big data platforms, such as Storm (Gulisano, Jimenez-Peris, Patino-
Martinez, Soriente, & Valduriez, 2012) and SQLstream (Chen & Zhang,
2014), to quickly digest customer needs and search for appropriate
product solutions (Zhang, Wu, & Cui, 2015). This will help firms de-
velop new ideas and convert them into innovative products in real time
(Erevelles et al., 2016).

Based on the results of this study, firms need to successfully gen-
erate new ideas to improve their financial returns, customer perspec-
tive, and operational excellence. Specifically, innovation efficacy in-
creases a firm’s performance by enhancing profit margins, increasing
demand, and lowering customer acquisition and retention costs
(Yalcinkaya et al., 2007). In addition, firms that efficiently develop new
ideas can improve their customer perspectives and operational ex-
cellence better than their competitors. However, reducing the effort and
time needed to generate new ideas does not necessarily increase a firm’s
financial returns compared to those of its competitors.

In summary, although the extant literature has identified big data as
the “next big thing in innovation” (Gobble, 2013), the existing research
focuses mainly on anecdotal evidence about the effects of big data on
innovation performance and, consequently, firm performance. There-
fore, the findings of this study provide unique insights that will help
firms understand the impact of each big data characteristic on in-
novation efficacy and efficiency and, thus, overall firm performance.

7.3. Limitations and future research

This study has several potential limitations. First, we investigated
the main characteristics of big data on innovation efficiency and in-
novation efficacy. Some studies have suggested big data characteristics
(e.g., data value, data veracity) other than the 3Vs (data volume, data
variety, and data velocity) explored in this research (Shafer, 2018).
Future studies should operationalize and validate the effects of other
big data characteristics on firm outcomes. Second, the effects of big
data characteristics on firm performance may be mediated by variables
other than firm innovation performance. Thus, future studies should
investigate the mediating roles of other constructs (e.g., firm agility,
firm decision quality) on the effects of big data on firm performance.
Third, participants were recruited from firms in the United States. Fu-
ture studies could replicate this study using participants from other
countries to investigate the effect of culture in our research model.
Finally, we examined the research model using cross-sectional data.
Future studies could examine the links in the model using panel data.

8. Conclusion

The main objective of this study was to address a significant gap in
the literature regarding the impacts of the main characteristics of big
data (i.e., variety, volume, and velocity) on innovation performance
(i.e., innovation efficiency and innovation efficacy), which eventually
impacts firm performance. We used organizational learning theory to
explain how big data utilization can improve a firm’s learning cap-
abilities regarding the generation of new ideas, which can improve fi-
nancial returns, the customer perspective, and operational excellence.
Thus, one of the main contributions of this study is its examination of
the mediating role of firm innovation performance on the relationships
between big data characteristics and firm performance. The results re-
veal the importance of conceptually and operationally differentiating
among the main characteristics of big data (i.e., variety, velocity, and
volume) instead of treating big data as a holistic variable. In particular,
while data variety and velocity positively enhance innovation efficacy
and efficiency, data volume has no significant impact. Therefore, fo-
cusing exclusively on collecting large amounts of data will not help
firms enhance their innovation performance. They should also integrate
different types of data in a timely manner. Taken together, the findings
of this study indicate that big data is not always better data. Notably, the
findings reveal that to improve firm innovation performance data ve-
locity plays a more significant role than other main characteristics of big
data. In summary, the findings indicate that big data characteristics
could have different impacts on firm outcomes. Understanding the ef-
fect of each big data characteristic on firm outcomes will enable firms
to appropriately allocate their resources to improve their overall per-
formance.
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A.1. Survey items

See Table A1.
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Appendix B

B.1. Loading of measures

See Table B1.
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Table B1
Loading of measures.

Var Vel Vol P-Cu P-Fi P-Op Effica Effici

Data Variety1 0.86 0.59 0.59 0.40 0.44 0.40 0.46 0.43
Data Variety2 0.84 0.50 0.52 0.35 0.36 0.38 0.36 0.30
Data Variety3 0.89 0.57 0.59 0.48 0.48 0.47 0.53 0.42
Data Velocity1 0.59 0.87 0.53 0.43 0.49 0.49 0.49 0.47
Data Velocity2 0.56 0.81 0.45 0.40 0.44 0.47 0.42 0.43
Data Velocity3 0.57 0.90 0.53 0.50 0.47 0.53 0.53 0.51
Data Velocity4 0.52 0.87 0.50 0.48 0.52 0.55 0.50 0.46
Data Volume1 0.59 0.49 0.88 0.33 0.35 0.36 0.37 0.29
Data Volume2 0.56 0.49 0.87 0.27 0.37 0.30 0.33 0.28
Data Volume3 0.61 0.52 0.87 0.32 0.37 0.43 0.36 0.27
Data Volume4 0.56 0.53 0.87 0.30 0.42 0.32 0.38 0.27
Customer Perspective1 0.42 0.37 0.28 0.79 0.46 0.66 0.40 0.40
Customer Perspective2 0.38 0.46 0.29 0.86 0.46 0.63 0.49 0.44
Customer Perspective3 0.42 0.48 0.31 0.87 0.55 0.69 0.52 0.48
Financial Returns1 0.45 0.52 0.36 0.47 0.85 0.60 0.53 0.49
Financial Returns2 0.46 0.44 0.39 0.52 0.91 0.56 0.57 0.50
Financial Returns3 0.38 0.49 0.36 0.54 0.82 0.62 0.43 0.36
Operational Excellence1 0.45 0.51 0.37 0.66 0.60 0.87 0.54 0.50
Operational Excellence2 0.42 0.50 0.34 0.68 0.56 0.85 0.47 0.44
Operational Excellence3 0.38 0.52 0.34 0.67 0.61 0.85 0.48 0.45
Innovation Efficacy1 0.34 0.35 0.21 0.37 0.37 0.41 0.70 0.59
Innovation Efficacy2 0.43 0.38 0.27 0.37 0.46 0.41 0.77 0.65
Innovation Efficacy3 0.40 0.42 0.33 0.39 0.41 0.42 0.73 0.62
Innovation Efficacy4 0.34 0.40 0.25 0.43 0.43 0.43 0.71 0.57
Innovation Efficacy5 0.43 0.46 0.39 0.48 0.50 0.48 0.80 0.54
Innovation Efficacy6 0.40 0.45 0.37 0.38 0.46 0.41 0.73 0.49
Innovation Efficacy7 0.42 0.43 0.32 0.47 0.46 0.45 0.74 0.56
Innovation Efficiency1 0.38 0.45 0.28 0.40 0.47 0.45 0.60 0.76
Innovation Efficiency2 0.36 0.43 0.26 0.39 0.43 0.43 0.58 0.84
Innovation Efficiency3 0.36 0.45 0.26 0.45 0.42 0.43 0.59 0.86
Innovation Efficiency4 0.38 0.42 0.25 0.47 0.41 0.45 0.60 0.79
Cronbach’s Alpha 0.83 0.89 0.90 0.79 0.83 0.82 0.86 0.83
Composite Reliability 0.90 0.92 0.93 0.88 0.90 0.89 0.89 0.89

Note: Var: data variety; Vel: data velocity; Vol: data volume; P-Cu: customer perspective; P-Fi: financial return; P-Op: performance operational excellence; Effica:
innovation efficacy; Effici: innovation efficiency.
Different categories of the factors (e.g., data variety 1, data variety 2) refer to the items used to measure each factor shown in Table A1.
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