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Big data analytics capability and social innovation:
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While many organizations have successfully leveraged big data analytics capabilities to

improve their performance, our understanding is limited on whether and how big data ana-

lytics capabilities affect social innovation in organizations. Based on the organizational

information processing theory and the organizational learning theory, this study aims to

investigate how big data analytics capabilities support social innovation, and how knowledge

ambidexterity mediates this relationship. A total of 354 high-tech companies in China, this

study shows that big data analytics management, big data analytics technology, and big data

analytics personnel capabilities all have positive effects on social innovation. In addition, both

knowledge exploration and knowledge exploitation play a mediating role in this process.

Furthermore, a polynomial regression and response surface analysis shows that social

innovation increases when knowledge exploration and knowledge exploitation are highly

consistent but declines when knowledge exploration and knowledge exploitation are incon-

sistent. This study not only provides new perspectives for understanding how big data

analytics capabilities contribute to social innovation, complementing the existing literature on

big data analytics capabilities and social innovation, but also provides important practical

guidance on how organizations can develop big data analytics capabilities to improve social

innovation and solve social problems in the digital age.
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Introduction

The increased concerns with sustainability in the global
context have prompted organizations to pay more atten-
tion to social innovation in their business operations

(Saka-Helmhout et al., 2022; Tjörnbo and McGowan, 2022).
Social innovation as a socially-orinted innovation not only can
help solve social problems more effectively, but also can provide
organizations with opportunities to enhance their sustainable
competitive advantage (Carayannis et al., 2020; Wang et al.,
2023a). However, social innovation also brings resource chal-
lenges to organizations, such as challenges in capital, talent, and
knowledge (Saka-Helmhout et al., 2022). An increasing number
of organizations have thus turned to big data analytics capabilities
to crack the resource pressure in order to deal with these chal-
lenges (Bonina et al., 2021).

Big data analytics capabilities have been found capable of
facilitating organizations to address social issues and create sus-
tainable values (Ashaari et al., 2021; Said et al., 2023; Wang and
Hajli, 2017). However, most existing studies have explored the
economic performance of big data analytics capabilities (Ferraris
et al., 2019; Mikalef et al., 2019), somehow ignoring big data
analytics capabilities’ impact on social elements. The relationship
between big data analytics capabilities and social innovation has
not been adequately examined in the literature (Calic and
Ghasemaghaei, 2021; Krishnamurthy and Desouza, 2014), even
though it is well known that social innovation places the emphasis
more on the creation of social values. Therefore, the relationship
between big data analytics capabilities and social innovation in
the organizational context remains unclear (Agarwal et al., 2018;
Wang et al., 2023a). In response to this research gap, this study
attempts to explore whether big data analytics capabilities affect
social innovation from the information processing perspective.

In addition, it is equally important to understand how big data
analytics capabilities affect social innovation in order to generate
more practical implications in the organizational context. It is
contended in this study that big data analytics capabilities may
enhance social innovation through the process of knowledge
management (Unceta et al., 2016). On the one hand, the orga-
nizational learning theory shows that organizations can increase
their capabilities to compete by exploring and exploiting knowl-
edge (Andriopoulos and Lewis, 2009; Crossan et al., 1999; Wang
et al., 2023b), during which big data analytics capabilities can
support employees to explore and exploit internal and external
knowledge and thus facilitate the organizational learning process
(Gupta and George, 2016). On the other hand, the urgent need
for more social innovation in the organizational context also
drives organizations to utilize their knowledge exploration and
exploitation capabilities to generate the information needed for
social innovation, which again can be facilitated by big data
analytics capabilities (Unceta et al., 2016). Therefore, this study
expects that knowledge exploration and exploitation mediate the
relationship between big data analytics capabilities and social
innovation. Furthermore, in most cases, knowledge exploration
and knowledge exploitation are interrelated in a complex way that
they can mutually reinforce or counteract the influence they have
on organizational learning, depending on their configurations (Li
et al., 2018). While past research has shown that either knowledge
exploration or knowledge exploitation helps firms solve social
problems (Unceta et al., 2016; Xu et al., 2022), little is known
what is their joint effect on social innovation. To bridge such a
gap, this study also attempts to explore the joint impact of
knowledge exploration and exploitation on social innovation.

In order to answer the research questions discussed above, this
study adopts the organizational information processing theory
and the organizational learning theory to explore the relation-
ships between big data analytics capabilities, knowledge

exploration and exploitation, and social innovation. Based on the
data from 354 Chinese high-tech firms, we aim to shed light on
the impact of big data analytics capabilities on social innovation,
and on the optimal configuration of knowledge exploration and
knowledge exploitation in affecting social innovation. The find-
ings of this study can expand the research on social innovation
and bridge the research gaps in the relationship between big data
analytics capabilities and social innovation, which helps gain a
more comprehensive understanding of knowledge and technol-
ogy requirements of social innovation. The results also provide
useful and timely guidance for organizations to develop social
innovation for better organizational performance. The remaining
sections of this study are organized as follows: Section 2 provides
a literature review; Section 3 develops hypotheses; Sections 4 and
5 provide empirical analysis and results, and the final section
summarizes findings and implications of this study.

Literature review
Organizational information processing theory. The organiza-
tional information processing theory views information and its
processing and management as a key factor to organizational per-
formance. Organizational information processing theory holds that
when organizations attempt to complete uncertain or ambiguous
tasks, they need to simplify information requirements or enhance
information processing capabilities through a series of organizational
system designs to effectively utilize and manage information and to
cope with market uncertainties for optimal firm performance
(Galbraith, 1974; Gupta et al., 2019). As uncertainty increases,
information processing capabilities must also increase to accom-
modate information requirements (Yu et al., 2021). Information
processing capabilities with strong ability to collect, analyze, and
integrate data can cope with changes in uncertain market environ-
ments and thus promote innovation (Yu et al., 2021; Xie et al., 2022).

Organizational information processing theory contends that
organizations are able to enhance their information processing
capabilities by investing in vertical information systems and by
building horizontal relationships (Galbraith, 1974; Srinivasan and
Swink, 2018). On the one hand, big data analytics capabilities, as
an emerging big-data based information system, can provide
organizations with an effective way to process acquired data, help
accurately predict risks in the external environment (Liu et al.,
2022), and efficiently deploy resources to meet vertical informa-
tion processing requirements (Dubey et al., 2019), thereby
improving the efficiency of organizations innovation decisions.
On the other hand, as an essential means for organizations to
build horizontal relationships, knowledge management capabil-
ities are often closely related to organizational processes and
interactions (Yu et al., 2021). Knowledge management capabilities
can assist organizations in building relationships with external
partners for information acquisition and integrating external
information into internal knowledge systems, which also helps
improve innovation decisions (Srinivasan and Swink, 2018). In
addition, as social innovation mainly exists in highly ambiguous
contexts, organizations need to use big data analytics capabilities
and knowledge management capability to analyze and integrate
relevant data both horizontally and vertically in order to promote
effective decision-making for social innovation. As a result,
organizational information processing theory provides a suitable
theoretical framework for a better understanding of the relation-
ship between big data analytics capabilities, knowledge explora-
tion and knowledge exploitation, and social innovation, with big
data analytics capabilities as a vertical information system and
knowledge management capabilities as a horizontal information
system.
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Organizational learning theory. The central idea of organiza-
tional learning theory is that organizations develop new knowl-
edge and insights from experiences, which has the potential to
contribute to organizational behavior and improve future orga-
nizational performance (Argote and Hora, 2017). March (1991)
classified organizational learning into exploration and exploita-
tion, where exploration includes things captured by such as
search, change, adventure, experimentation, play, flexibility, dis-
covery, and innovation, and exploitation includes things such as
improvement, selection, production, efficiency, choice, imple-
mentation, and execution. On this basis, Benitez et al. (2018)
integrated the exploration and exploitation activities of organi-
zational learning into the field of knowledge management, pro-
posing knowledge exploration and knowledge exploitation.
Through the process of organizational learning, organizations are
able to facilitate the generation and development of competencies
that enhance the organization’s innovativeness and performance
and its sustainable competitive advantage (Real et al., 2006;
Ghasemaghaei and Calic, 2019). Therefore, drawing on the fra-
mework of organizational learning theory, this study considers
knowledge exploration and knowledge exploitation as two types
of learning activities for firms (Gupta et al., 2006), and explains
how these two different types of learning activities can better
contribute to the process of social innovation.

Big data analytics capabilities. Big data analytics capabilities
refer to the abilities to leverage data management, technology,
and personnel resources to obtain business insights and boost
competitiveness to realize full strategic potentials, and big data
analytics capabilities thus consist of big data analytics manage-
ment capabilities, big data analytics technology capabilities, and
big data analytics personnel capabilities (Akter et al., 2016; Kiron
et al., 2013; Lavalle et al., 2011; Wang et al., 2023). Among them,
big data analytics management capabilities include the planning,
coordination, investment, and control of big data analytics (Kiron
et al., 2013). Big data analytics technology capabilities are the
information systems that collect, store, process, and analyze big
data (Rialti et al., 2019), and big data analytics personnel cap-
abilities include management, technical, business, and relation-
ship capabilities (Wamba et al., 2017).

As shown in Table 1, existing studies often focus on the link
between big data analytics capabilities and innovation, including
green innovation, supply chain innovation, business model
innovation, eco-innovation and dual innovation, mainly from a
dynamic capability view and a resource-based view (Al-Khatib,
2022; Bhatti et al., 2022; Ciampi et al., 2021; Munodawafa and
Johl, 2019; Su et al., 2022). However, only a few studies have
explored big data analytics capabilities to help organizations solve

social problems, and they are often based on qualitative case
methods, Ashaari et al. (2021) state that big data analytics
capabilities can drive data to improve decision-making in
educational institutions and improve public education. Wang
and Hajli (2017), and Mani et al. (2017) highlight that big data
analytics capabilities can help healthcare organizations to analyse,
predict and decide on patient data in a timely manner. However,
few have employed empirical methods to examine the impact of
big data analytics capabilities on social innovation in for-profit
organizations that consider both economic and social effects. This
study focuses on how big data analytics capabilities can be used to
drive the development of social innovation.

Social innovation. Scholars have explored the definition of social
innovation from different perspectives. On the one hand, social
innovation is sometimes viewed as a social exchange process that
integrates multiple promoting elements to address social needs
and societal issues (Olszak, 2014; Neumeier, 2012). On the other
hand, social innovation also focuses on the result of exploring
products, services, and business models to meet social needs and
increase economic profits (Wamba et al., 2017). Therefore, this
study defines social innovation as a practical process by which
organizations and stakeholders solve social problems that are
difficult to solve by market or government in order to promote
social justice and improve social living conditions, and ultimately
create social and economic value for the whole society.

Social innovation is dynamic and complex, and it is influenced
by different factors from organization, society, and technology, as
shown in Table 2. Past research has discovered that social
entrepreneurship, knowledge networks and corporate strategic
orientation as organizational factors aid in the promotion of
social innovation and the provision of long-term solutions to
social problems (Ho and Yoon, 2022; Krlev et al., 2014; Mirvis
et al., 2016). Social factors include institutional and environ-
mental factors, where both institutional gaps and environmental
unrest affect the growth of social innovation (Gasparin et al.,
2021; Guerrero and Urbano, 2020; Onsongo, 2019). Further, IT
can stimulate the realization of social innovations through
enablement and generate social impacts in areas such as
education, employment, environment and healthcare (Fursov
and Linton, 2022; Suseno and Abbott, 2021). It has been noted
that big data analytics(BDA) is beginning to be used as a new IT
tool to support the development of social innovation (Batko,
2023). With the support of big data analytics capabilities, firms
can quickly access and analyze huge amounts of data and derive
important and useful information (Mikalef et al., 2018), providing
support for companies to achieve social innovation. However, the
challenge of how big data analytics capabilities can access and

Table 1 Research on big data analytics capabilities and innovation.

Independent variable Typologies Dependent variable Theory Author

Big data analytics capabilities (+) Green innovation Natural resource-based
view

Al-Khatib (2022)

Big data analytics capabilities (+) Supply chain innovation Resource-base view Bhatti et al. (2022)
Big data analytics capabilities (+) Business model

innovation
Dynamic capabilities view Ciampi et al. (2021)

Big data analytics
capabilities

Information technology
capability(+);
Personnel expertise
capability(n.s.);
Management capability(n.s.)

Eco-innovation Resource-base view Munodawafa and Johl
(2019)

Big data analytics
capabilities

Tangible resources(+);
Human skills(+);
Intangible resources(+)

Dual innovation Resource-base view Su et al. (2022)
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analyze data for social innovation by allocating different resources
is currently unresolved. Therefore, this paper will delve into the
complex role of big data analytics capabilities in influencing social
innovation through empirical research.

Knowledge ambidexterity. The organizational ambidexterity
theory suggests that organizations that are able to simultaneously
explore new knowledge while exploiting current knowledge can
outperform their rivals while enhancing innovation, competitive
advantage, and business sustainability (O’Reilly and Tushman,
2013). Based on the organizational ambidexterity theory and the
organizational learning theory, scholars have explored the
knowledge ambidexterity that encompasses knowledge explora-
tion and knowledge exploitation (Benitez et al., 2018), where
knowledge exploration emphasizes the discovery and pursuit of
new or unresolved knowledge, skill, and processes, and is the
stage of introducing new practices (Koryak et al., 2018); Knowl-
edge exploitation is the practice of reusing, transforming, and
applying existing or new knowledge in an organization to meet
current needs and ensure survival (Crossan et al., 1999).

In order to achieve enterprise knowledge ambidexterity,
scholars have focused on the influential role of IT infrastructure
and IT capabilities (Benitez et al., 2018; Beck et al., 2014).
Specifically, IT capabilities that rely on various digital technol-
ogies (e.g., big data capabilities, Internet capabilities) facilitate
firms’ access to new knowledge as well as the transformation of
knowledge into usable and accessible forms for application in the
organization (Ferraris et al., 2019; Javed et al., 2022). Moreover,
knowledge management is an effective way for firms to realize
social innovation (Maalaoui et al., 2020). Allal-Cherif et al. (2022)
found social innovation depends on external knowledge explora-
tion by multiple parties and firms’ efforts to transform knowledge
into technologies and products. Therefore, this paper will focus
on the process of developing knowledge ambidexterity through
big data analytics capabilities, so as to promote the development
of corporate social innovation.

Hypothesis
Big data analytics capabilities and social innovation. Based on
organizational information processing theory, big data analytics
capabilities act as an organizational information processing cap-
ability that permits companies to improve data-driven decision-
making and innovation ways, and is an critical driver for survival
and growth of firm (Ferraris et al., 2019; Su et al., 2022). Studies
have pointed out that big data analytics capabilities is a higher-
order multidimensional construct that includes big data analytics
management capabilities, big data analytics technology cap-
abilities and big data analytics personnel capabilities (Akter et al.,
2016). Based on organizational information processing theory,
this study will explore the relationship between big data analytics
capabilities and social innovation with big data analytics

capabilities consisting of managerial capability, technological
capability and personnel capability respectively.

Big data analytics management capabilities and social inno-
vation. Big data analytics management capabilities refer to the
business choices made by organizations and consists of four basic
components: planning, investing, coordinating, and controlling
(Akter et al., 2016). In highly uncertain environments, it becomes
particularly important for businesses to embrace and improve big
data analytics management capabilities to support social inno-
vation. Big data analytics management capabilities begins with
proper big data analytics planning process that identifies business
opportunities and determines how big data-based models can
enable innovation (Barton and Court, 2012). During the business
planning process, companies can prioritize innovation to solve
social problems. Big data analytics investments respond to cost
effects and can help firms to develop smarter strategies based on
investing in analyses of huge amounts of data (Akter et al., 2016).
For example, big data analytics investments can be used to assist
companies in adapting and developing strategies for sustainable
growth. By reducing the cost of green product development and
increasing profits, they can improve their competitive advantage
while addressing social issues (Verhoef et al., 2016). In addition,
the coordination and control of big data analytics facilitates
cooperation between various business activities. By allocating
resources and information between departments in a timely
manner, it ensures efficient use of resources (Bag et al., 2020),
enable continuous monitoring of innovation capabilities (Akter
et al., 2016). Based on the big data analytics coordination and big
data analytics control, enterprises can obtain information about
social issues, collaborate with enterprise departments to allocate
resources and information, and help enterprises effectively
implement social innovation. Accordingly, we propose a first
hypothesis:

H1a: Big data analytics management capabilities are positively
related to social innovation.

Big data analytics technology capabilities and social innova-
tion. Big data analytics technology capabilities are tool that can
assist data technicians in developing, deploying, and supporting
business extensions with connectivity, compatibility, and mod-
ularity (Akter et al., 2016). It can help organizations to be more
aware of market trends, the business environment and social
issues, and provide new directions and guidelines for social
innovation. Technologies such as sensors and Radio Frequency
Identification in big data analytics technology capabilities allow
for product traceability recall, remanufacturing, recycling and
reuse at the point of production (Okorie et al., 2018). These
technologies not only increase the effectiveness and recycling of
materials and the sustainability of businesses (Awan et al., 2021;
Rashidin et al., 2021), but also minimize the social problem of
waste in the production process and increase social innovation.

Table 2 Research on the antecedents of social innovation.

Factor Antecedent Theory/Model Methods Author

Corporate factors Social entrepreneurship Innovation system theory Case studies Ho and Yoon (2022)
Corporate strategic orientation Knowledge-base view Case studies Mirvis et al. (2016)
Knowledge networks Social innovation framework model Qualitative studies Krlev et al. (2014)

Social factors Institution Institutional theory Empirical studies Guerrero and Urbano (2020)
Case studies Onsongo (2019)

Environment Social innovation theory Case studies Gasparin et al. (2021)
Technical factors Information technology Individual difference theory Qualitative studies Suseno and Abbott (2021)

Enabling technology PUSI model Case studies Fursov and Linton (2022)
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big data analytics technology capabilities also enables enterprises
to collect and analyse data faster and more accurately, helping
them to gain access to vital information related to consumer
behavior and preferences (Su et al., 2022). Enabling social inno-
vation by modeling various social scenarios. Sustainably changing
energy production and consumption, improving its structure
(Mikalef et al., 2020), eradicating poverty, and solving social
problems (Alnuaimi et al., 2021). Thus, we propose the
hypothesis:

H1b: Big data analytics technology capabilities are positively
related to social innovation.

Big data analytics personnel capabilities and social innovation.
Big data analytics personnel capabilities refer to the technical,
technology management, business, and relational capabilities of
data scientists to perform specific tasks in a big data environment,
which are widely considered to play an important role in fostering
innovation (Akter et al., 2016). Big data analysts can gather a
variety of valuable information about the market and consumers
by effectively integrating and analyzing big data (Müller et al.,
2018; Deng et al., 2024). This information helps organizations to
better understand market trends, guide business operations, and
improve the quality of product and service development (Su et al.,
2022). In terms of social value, big data analytics personnel
capabilities has made a significant contribution to creating eco-
friendly products and raising the social awareness of employees
within the organization. Examples include increased compliance
with legal requirements, protection from social and environ-
mental issues, and corporate social innovation (Alnuaimi et al.,
2021; Bag et al., 2020). Big data analytics personnel capabilities
can also enhance data-driven insights, increase the level of
understanding of business staff about current social issues and
innovation generation. Improve material efficiency through
effective decision-making and the use of technology to redesign
products and services, and help organizations achieve a circular
economy and promote social innovation (Awan et al., 2021).
Thus, we propose the hypothesis:

H1c: Big data analytics personnel capabilities are positively
related to social innovation.

The mediating role of knowledge ambidexterity. One of the
main issues in the digital age is how to extract the necessary facts
from large amounts of data and transform them into usable new
knowledge. With the support of big data analytics capabilities,
enterprises utilize data management, technical and person to
obtain information (Akter et al., 2016), and enhance innovation
capabilities through knowledge exploration and knowledge
exploitation (Benitez et al., 2018).

First off, big data analytics management capabilities can
support knowledge exploration at the strategic level of the
organization by extracting the correct information from the data
(Ferraris et al., 2019). Enterprises will spend a significant amount
of money building knowledge management infrastructure (Sun
et al., 2019). And then they can choose from a variety of methods
of knowledge exploration through access, contextualization,
experimentation, and application of big data insights. Secondly,
big data analytics technology capabilities provide enterprises with
a constant flow of external information to tap into the original
ideas of different types of users in the innovation ecosystem (Zeng
et al., 2010), and enrich the company’s knowledge base. Finally,
big data analytics personnel capabilities provide staff support for
knowledge exploration. Previous research has overemphasized
the influence of data software on knowledge ambidexterity and
neglected the role of data analysts (Conboy et al., 2020).
Organizations with excellent data analysts can achieve knowledge

discovery by collecting, observing, analyzing, and condensing
large amounts of fresh, unstructured information to rapidly
generate new insights and valuable knowledge (He et al., 2015).
Thus, we propose the following hypotheses:

H2a: Big data analytics management capabilities are positively
related to knowledge exploration.

H2b: Big data analytics technology capabilities are positively
related to knowledge exploration.

H2c: Big data analytics personnel capabilities are positively
related to knowledge exploration.

In the dynamic perspective of knowledge, big data analytics
management capabilities ensure knowledge application (Oeij
et al., 2019). Big data analytics management capabilities’s
planning, co-ordination and control functions can be used to
analyse disparate data to discover useful information and use it to
improve knowledge exploitation. These functions can also be used
to define big data analytics models used by the enterprise and
build a cross-functional synchronization of the entire company
analysis activities (Kiron et al., 2013). Big data analytics
technology capabilities provide companies with various types of
knowledge exploitation tools to improve coordination up and
down the supply chain and to flexibly and quickly convert and
exploit new organizational knowledge (Chen et al., 2017). In
addition, IT infrastructure within the organization enhances
internal coordination by facilitating cross-functional commu-
nication, allowing employees to share their business ideas and
offer solutions to streamline the knowledge exploitation (Benitez
et al., 2018). In big data analytics personnel capabilities, the
business and interpersonal skills of big data analysts can support
analysts to communicate and collaborate with others to under-
stand the development needs of the market. It also generates new
knowledge in the process of communication, improves the ability
of the firm to use the knowledge inventory in a variety of
situations, and facilitates knowledge exploitation in organizations
(Nwankpa et al., 2022; Gebauer et al., 2020). Based on the above
analyses, we propose the following hypotheses:

H3a: Big data analytics management capabilities are positively
related to knowledge exploitation.

H3b: Big data analytics technology capabilities are positively
related to knowledge exploitation.

H3c: Big data analytics personnel capabilities are positively
related to knowledge exploitation.

Knowledge-based social services have been shown to help firms
achieve innovation and improve innovation performance (Des-
marchelier et al., 2020). Knowledge exploration can produce more
cutting-edge analytical capabilities and knowledge resources,
which can help organizations overcome difficulties in innovation
(Xiao and Oh, 2021). Knowledge exploitation enables organiza-
tions to continuously improve their understanding of knowledge,
identify and absorb corporate knowledge more effectively. It also
enables the creation of new models of innovation and the creation
of value through digital technologies to improve innovation
outcomes (Benitez et al., 2018). When an organization must apply
social innovation in a different culture, it must survey relevant
information with its partners or users to build the knowledge
resources needed for social innovation through dialog and
communication (Herrera, 2015). Based on the above analysis,
we propose the following hypotheses:

H4a: Knowledge exploration is positively correlated with social
innovation.

H4b: Knowledge exploitation is positively correlated with social
innovation.

In order to ensure that firms are able to gain a competitive
advantage in a turbulent environment, organizations apply big
data analytics capabilities to appropriate management frame-
works to ensure that reliable business decisions are made (Akter
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et al., 2016). In practical, big data analytics capabilities require
organizations to realize social innovation through the exploration
and exploitation of knowledge in order to satisfy the unity of
economic and social value.

As a dynamic capability, big data analytics management
capabilities can help enhance the knowledge exploration ability of
enterprises and enable them to obtain the required knowledge
(Shamim et al., 2021). By constantly exploring knowledge, they
can track unpredictable market trends and understand social
problems and trends, so as to help companies to generate new
solutions to address social issues and increase their social
innovation. Secondly, big data analytics technology capabilities
provide technical support for organizations to conduct knowledge
exploration. By using big data analytics technology capabilities,
organizations may acquire new knowledge from external markets
and share knowledge with partners (Castillo et al., 2021). Thus,
information about social innovation in the market is obtained,
providing knowledge to help organizations realize social innova-
tion. Finally, studies have shown that the big data analytics
personnel capabilities can bring about changes in knowledge
management and increase and expand personal knowledge
(Pauleen, 2009). Big data analysts can thus work closely with
other business department personnel to achieve knowledge and
technology sharing in the communication process. Organizations
can also obtain information about social issues in the collabora-
tion and help solve them through social innovation. Based on the
above analysis, we propose the following hypothesis:

H5a: Knowledge exploration mediates the relationship between
big data analytics management capabilities and social innovation.

H5b: Knowledge exploration mediates the relationship between
big data analytics technology capabilities and social innovation.

H5c: Knowledge exploration mediates the relationship between
big data analytics personnel capabilities and social innovation.

Organizations equipped with big data analytics management
capabilities are adept at feeding back the meaning of data-driven
insights to internal departments (Mikalef et al., 2018). Internal
knowledge development helps improve internal knowledge
exploitation and foster technological and process advancements,
which is beneficial for social innovation. Meanwhile, big data
analytics technology capabilities can help organizations eliminate
production failures and improve production techniques faster
(Wang et al., 2018). The improvement in the production process
through knowledge exploitation enables organizations to realize
social innovation faster and contribute to the solution of social
problems. In addition, when organization personnel master big
data technology and business knowledge, they are more likely to
transform them into actual innovations (Su et al., 2022). With big
data analytics personnel capabilities, organizations can help
achieve knowledge exploitation, reduce the failure in innovation
transformation, and provide a knowledge base for organizations
to carry out social innovation. Based on the above analysis, we
propose the following hypothesis:

H6a: Knowledge exploitation mediates the relationship between
big data analytics management capabilities and social innovation.

H6b: Knowledge exploitation mediates the relationship between
big data analytics technology capabilities and social innovation.

H6c: Knowledge exploitation mediates the relationship between
big data analytics personnel capabilities and social innovation.

Configurations of knowledge ambidexterity and social inno-
vation. Considering that both knowledge exploitation and
knowledge exploration are important contributors to social
innovation, it is important to understand how the configuration
of knowledge exploration and knowledge exploitation drives
social innovation. There are four pairs of different configuration

between knowledge exploration and exploitation, and among
them, “high exploration-high exploitation” and “low exploration-
low exploitation” being examples of consistent ability, and “high
exploration-low exploitation” and “low exploration-high exploi-
tation” being examples of inconsistent ability, as shown in Fig. 1.

In the “high exploration-high exploitation” scenario, high
knowledge exploration can help firms to acquire new knowledge
related to social innovation from both inside and outside the
organization, expanding the firm’s knowledge base and
encouraging innovative thinking and idea sharing within the
firm (Benitez et al., 2018). It can also provide access to different
social information, perceive social problems, help organizations
to see problems from different perspectives (Nicolopoulou et al.,
2017), transform their potential knowledge into realized
innovation (Cheng and Sheu, 2023), and thus can improve
social innovation. High knowledge exploitation can encourage
the use of a wide range of knowledge in the existing knowledge
base to transform product development and design, increasing
the competitive advantage of the firm (Sandberg and Aarikka-
Stenroos, 2014). It also enables organizations to address social
problems by creating service offerings that better meet the needs
and expectations of local communities, which enhances social
innovation (Ndou and Schiuma, 2020). In the “low exploration-
low exploitation” scenario, it is difficult for firms to solve social
problems because of weak exploration and exploitation
capabilities, which make it difficult for organizations to acquire
cutting-edge knowledge from external sources to update their
knowledge base or create new knowledge. Therefore, we propose
the following hypothesis:

H7a: The level of social innovation is higher when both
knowledge exploration and knowledge exploitation are high than
when both are low.

Not all companies can carry out highly balanced knowledge
exploration and knowledge exploitation. Therefore, it is also
important to consider the effects of unbalanced knowledge
exploration and knowledge exploitation on social innovation. The
unbalanced knowledge ambidexterity includes “high exploration-
low exploitation” and “high exploitation-low exploration”, both
of them can be detrimental to the development of social
innovation in organizations. When organizations are in the state
of “high exploration-low exploitation”, they get more fresh
information and ideas from outside. However, excessive explora-
tion may make it difficult for organizations to understand, absorb,
and apply unfamiliar technologies inside the organizations
(Fleming and Sorenson, 2001), resulting in increased search
costs. Moreover, low knowledge exploitation cannot provide a
foundation to transform acquired new knowledge, resulting in

Fig. 1 Knowledge ambidexterity combination configuration.
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localization challenges in absorbing new knowledge (Ferreira
et al., 2020),constraining social innovation in organizations.
When organizations are in the state of “high exploitation-low
exploration”, they only obtain knowledge from their own existing
knowledge bases. They are not able to obtain sufficient new
information or ideas from external organizations, which are
essential for their own social innovation. As a result, social
innovation is also limited, resulting in the trap of familiarity (Li
et al., 2018). Therefore, we propose the following hypothesis:

H7b: When the imbalance between knowledge exploration and
knowledge exploitation increases in either direction, social
innovation will decline.

Combining the above assumptions, we developed a conceptual
model, which is shown in Fig. 2.

Research design
Respondent profiles. To test our hypotheses, we surveyed
Chinese high-tech firms’ CEOs and CIOs with information
technology experience. The Digital China Development Report
(2022) shows that China is the world’s second largest data-
producing country and has a high level of information tech-
nology adoption, which enables Chinese high-tech firms to use
big data analytics capabilities to analyse large amount of data to
create innovation opportunities. At the same time, Chinese
high-tech companies often emphasize technology for good
causes and thus actively address social issues through new
technologies. In this study, we set the following sampling cri-
teria: (1) participating firms must have been concerned about
big data analytics capabilities and social issues in the last five
years; (2) participating firms must have complete email contact
information for their CEOs and CIOs so that they can be
reached by emails.

Sample and data collecting processes. We used a random
sampling technique to collect data. As “the statistical analysis
report on the development of China’s high-tech industry in 2020”
states that Beijing, Zhejiang, Jiangsu, and Guangdong are home to
a large number of high-tech companies in China, we randomly
selected a sample of about 500 high-tech firms focusing on big
data and social innovation through a local government’s

enterprise information database in Beijing, Zhejiang, Jiangsu, and
Guangdong, and then distributed questionnaires to their CIO and
CEO. The CIOs and CEOs were chosen to distribute the ques-
tionnaire because they are familiarize with corporate digital
strategy and have the knowledge of social orientation in their
organizations, and also have a clear understanding of the com-
pany’s knowledge exploration and knowledge exploitation. We
emailed a questionnaire to the CIOs of these companies covering
basic information, big data analytics capabilities, and knowledge
ambidexterity strategies in Time 1 (T1). In the end, 463 ques-
tionnaires were returned, of which 442 were valid. One year later
(T2), we sent questionnaires by E-mail to the CEOs of these 442
companies that had returned valid questionnaires in T1 to collect
data on social innovation. 402 questionnaires finally returned, of
which 354 were valid. As shown in Table 3, the questionnaire
asked the respondents about their gender, age, time of using big
data analytics capabilities, age of the company, industry, and the
size of the business.

Measurement of variables. All variable were measured using the
scales designed based on well-known scales that have been widely
used in previous research, and a two-way translation procedure
was utilized to translate the scales. To ensure the validity of the
scale, we contacted two experts in the fields of information sys-
tems and strategic management to review our questionnaire.
According to experts’ comments and suggestions, we further
modified it to guarantee that all items were content valid. All
items were validated on seven-point Likert scales ranging from 1
= “strongly disagree” to 7 = “strongly agree”. Specific variables
were measured as follows:

Big data analytics management capabilities, big data analytics
technology capabilities and big data analytics personnel capabil-
ities are the independent variables in this research. The scales
were adapted from those used by Akter et al. (2016). The big data
analytics management capabilities scale has 16 items, the big data
analytics technology capabilities scale has 12 items, and the big
data analytics personnel capabilities scale has 16 items.

Knowledge exploration is a mediating variable in this research.
The scale was adapted from the one used by Cegarra-Navarro
et al. (2011), with five question items.

Fig. 2 Research model.
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Knowledge exploitation is another mediating variable in this
research. The scale was adapted from the one used by Arias-Pérez
et al. (2021), with five question items.

Social innovation is the dependent variable in this study. The
scale was adapted from the scale used by Adomako and Tran
(2022) and consists of five question items. Detailed measurements
are shown in Table 4.

In addition, firm age, firm size and industry category are used
as control variables as they may affect firms’ innovative behavior.
The details of the scale are shown in Table 5.

Analytical methods. A quantitative research method was used in
this study. SPSS software, and AMOS software were used to
analyze and process the data to maximize the validity of the
questionnaire data testing (Jarjabka et al., 2024). In particular,
SPSS analysis software was used to calculate the reliability and
validity of the data, multiple regression, and response surface
analysis. AMOS was used on construct structural methodological
models to test hypotheses. The details of the scale are shown in
Fig. 3.

Results
Reliability and validity. In this study, SPSS 25.0 was used to
analyze the reliability of each variable. From the results in Table 6,
the Cronbach’s α values of variables are all greater than 0.7, above
acceptable levels. The KMO of each variable is greater than 0.7,
and the Bartlett’s spherical test is significant, which was suitable
for factor analysis. AVE values are all greater than 0.5 (Netemeyer
et al., 2003), and CR values are all greater than 0.8 (Nunnally,
1994), indicating that the scale has good convergence validity and
internal consistency. To examine discriminant validity, the cor-
relation shared between the square AVE of the construct and any
other construct is compared (Fornell and Larcker, 1981). As
shown in Table 7, the measurement models have enough dis-
crimination validity because the squared AVE is bigger than the

shared correlation between the constructs. In general, all mea-
sures have sufficient reliability and validity.

Common method bias. We used procedural remedies and sta-
tistical tests to avoid common method bias. First, the dependent
variable was collected in a different questionnaire from other
variables and we made sure that everyone filled these ques-
tionnaires out anonymously. Second, we used Harman’s one-way
analysis of variance to test the common method bias (Harman,
1976), and the data showed that the unrotated first factor
explained only 26.42% of the variance (less than 30%). In addi-
tion, we compared the fit of a one-factor model and the mea-
surement model, with the one-factor model having the worse fit
(χ2(df)= 1547.677 (299)) than the measurement model
(χ2(df)= 434.335 (284)). Meanwhile, The RESEA of the mea-
surement model was 0.039, χ2/df =1.529, and IFI, CFI, and TLI
were all greater than 0.9. Therefore, the results indicate that there
is no serious common method bias in this study.

Correlation analysis. The variables in this study were analyzed
for correlation using SPSS25.0, and the findings are presented in
Table 7. The correlations between the big data analytics man-
agement capabilities, big data analytics technology capabilities,
big data analytics personnel capabilities, social innovation,
knowledge exploration, and knowledge exploitation are positive.
The variables have a positive association, which supports the
hypothesis testing in the following section.

Hypothesis testing
Main effects test. We tested the H1-H4 hypotheses through
structural equation modeling using AMOS (Bollen, 1989). We
examined the VIF values before conducting the main effects test
and the data showed that they were all less than 3, indicating that
there was no significant multicollinearity problem.

Table 8 and Fig. 4 reports the results of the structural modeling
analysis. The results show that big data analytics management
capabilities (β= 0.194, p < 0.01), big data analytics technology
capabilities (β= 0.161, p < 0.01) and big data analytics personnel
capabilities (β= 0.299, p < 0.001) are all significantly and
positively associated with social innovation, indicating that H1a,
H1b and H1c are all supported. Big data analytics management
capabilities (β= 0.217, p < 0.01), big data analytics technology
capabilities (β= 0.315, p < 0.001), and big data analytics person-
nel capabilities (β= 0.295, p < 0.001) all positively affect knowl-
edge exploration, and thus Hypotheses H2a, H2b and H2c are
supported. Big data analytics management capabilities (β= 0.194,
p < 0.01), big data analytics technology capabilities (β= 0.265,
p < 0.001), and big data analytics personnel capabilities
(β= 0.557, p < 0.001) also positively influence knowledge exploi-
tation, thus supporting Hypotheses H3a, H3b, and H3c. In the
study of knowledge exploration, knowledge exploitation and
social innovation, the data suggests that knowledge exploration
(β= 0.134, p < 0.05) and knowledge exploitation (β= 0.252,
p < 0.001) positively affect social innovation, and Hypotheses
H4a and H4b are supported.

Mediating effect test. Before testing the mediating effects, we
assessed the effect of big data analytics capabilities on the rela-
tionship between knowledge exploration and knowledge exploi-
tation, and the effect of knowledge exploration and knowledge
exploitation on social innovation. The results in Table 8 show that
big data analytics management capabilities, big data analytics
technology capabilities, and big data analytics personnel cap-
abilities significantly improve knowledge exploration and
knowledge exploitation. Knowledge exploration and knowledge

Table 3 Sample demographics (N= 354).

Characteristics Category Frequency Percentage

Gender Male 200 56.5%
Female 154 43.5%

Time to use Big data
analytics capabilities

<1 year 7 2%
1–3 years 48 13.6%
3–5 years 97 27.4%
5–7 years 109 30.8%
7–9 years 70 19.8%
>10 years 23 6.5%

Firm age <5 years 44 12.4%
5–10 years 99 28%
10–15 years 99 28%
15–20 years 89 25.1%
>20 years 23 6.5%

Industry Electronic
communication

40 11.3%

Software Service 66 18.6%
Biomedical 43 12.1%
Machinery
manufacturing

78 22%

Education 31 8.8%
Internet 56 15.8%
Other 40 11.3%

Size <50 people 12 3.4%
50–100 people 81 22.9%
101–500 people 139 39.3%
501–999 people 59 16.7%
>1000 people 63 17.8%
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Table 4 Measuring items.

Item Description

BDAMC1 We continuously examine the innovative opportunities for the strategic use of big data analytics.
BDAMC2 We enforce adequate plans for the introduction and utilization of big data analytics.
BDAMC3 We perform big data analytics planning processes in systematic and formalized ways.
BDAMC4 We frequently adjust big data analytics plans to better adapt to changing conditions.
BDAMC5 When we make big data analytics investment decisions, we think about and estimate the effect they will have on the productivity of the

employees’ work.
BDAMC6 When we make big data analytics investment decisions, we consider and project about how much these options will help end-users make

exploitation quicker exploitation decisions.
BDAMC7 When we make big data analytics investment decisions, we think about and estimate the cost of training that end-users will need.
BDAMC8 When we make big data analytics investment decisions, we consider and estimate the time managers will need to spend overseeing the

change.
BDAMC9 In our organization, business analysts and line people meet frequently to discuss important issues both formally and informally.
BDAMC10 In our organization, business analysts and line people from various departments frequently attend cross-functional meetings.
BDAMC11 In our organization, business analysts and line people coordinate their efforts harmoniously.
BDAMC12 In our organization, information is widely shared between business analysts and line people so that those who make exploitation decisions

or perform jobs have access to all available know-how.
BDAMC13 In our organization, the responsibility for big data analytics development is clear.
BDAMC14 We are confident that big data analytics project proposals are properly appraised.
BDAMC15 We constantly monitor the performance of the big data analytics function.
BDAMC16 Our analytics department is clear about its performance criteria.
BDATC1 Compared to rivals within our industry, our organization has the foremost available analytics systems.
BDATC2 All remote, branch, and mobile offices are connected to the central office for analytics.
BDATC3 Our organization utilizes open systems network mechanisms to boost analytics connectivity.
BDATC4 There are no identifiable communications bottlenecks within our organization when sharing analytics insights.
BDATC5 Software applications can be easily transported and used across multiple analytics platforms.
BDATC6 Our user interfaces provide transparent access to all platforms and applications.
BDATC7 Analytics-driven information is shared seamlessly across our organization, regardless of the location.
BDATC8 Our organization provides multiple analytics interfaces or entry points for external end-users.
BDATC9 Reusable software modules are widely used in new analytics model development.
BDATC10 End-users utilize object-oriented tools to create their own analytics applications.
BDATC11 Object-oriented technologies are utilized to minimize the development time for new analytics applications.
BDATC12 Applications can be adapted to meet a variety of needs during analytics tasks.
BDAPC 1 Our analytics personnel are very capable in terms of programming skills.
BDAPC 2 Our analytics personnel are very capable in terms of managing project life cycles.
BDAPC 3 Our analytics personnel are very capable in the areas of data and network management and maintenance.
BDAPC 4 Our analytics personnel create very capable decision support systems driven by analytics.
BDAPC 5 Our analytics personnel show superior understanding of technological trends.
BDAPC 6 Our analytics personnel show superior ability to learn new technologies.
BDAPC 7 Our analytics personnel are very knowledgeable about the critical factors for the success of our organization.
BDAPC 8 Our analytics personnel are very knowledgeable about the role of big data analytics as a means, not an end.
BDAPC 9 Our analytics personnel understand our organization’s policies and plans

at a very high level.
BDAPC 10 Our analytics personnel are very capable in interpreting business problems and developing appropriate technical solutions.
BDAPC 11 Our analytics personnel are very knowledgeable about business functions.
BDAPC 12 Our analytics personnel are very knowledgeable about the business environment.
BDAPC 13 Our analytics personnel are very capable in terms of planning, organizing, and leading projects.
BDAPC 14 Our analytics personnel are very capable in terms of planning and executing work in a collective environment.
BDAPC 15 Our analytics personnel are very capable in terms of teaching others.
BDAPC 16 Our analytics personnel work closely with customers and maintain productive user/client.
KE1 In this business unit, we meet with customers at least once a year to find out what products or services they will need in the future.
KE2 The company is in touch with professionals and expert technicians.
KE3 In this business unit, we do a lot of in-house market exploitation research.
KE4 We poll end users at least once a year to assess the quality of products and services.
KE5 Our employees maintain frequent collaboration with customers to accomplish and/or improve products and services.
KE6 We are proactive in managing outward knowledge flow.
KE7 We make exploitation it a formal practice to sell technological knowledge and intellectual property in the market knowledge exploitation.
KE8 We have a dedicated unit to commercialize knowledge assets.
KE9 We welcome others to purchase and use our technological knowledge or intellectual property.
KE10 We often exploit technological knowledge commercially and jointly with external organizations.
SI1 Our company develops products and services that have social impacts.
SI2 The value of our products and services is beneficial to society as a whole.
SI3 Our products and services serve both material and nonmaterial human needs.
SI4 Our company develops products and services that solve social problems.
SI5 Our products and services improve the standards of life.
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exploitation play an important positive role in social innovation.
In order to verify the mediating role of knowledge exploration
and knowledge exploitation, we used the Bootstrap mediation
effect in SPSS to test it. The results in Table 9 show that the
indirect effects of big data analytics management capabilities, big

data analytics technology capabilities, and big data analytics
personnel capabilities on social innovation through knowledge
exploration and knowledge exploitation are all free of 0 in the
95% confidence interval. This suggests that knowledge explora-
tion and knowledge exploitation mediate the impact of big data

Table 5 Construct measures validity and reliability analysis.

Reflective constructs Items Mean Standard
deviation

Factor
loading

AVE CR References

Big Data Analytics
Management Capability
(BDAMC)

BDA Planning BDAMC1 5.503 0.979 0.811 0.636 0.874 Akter et al. (2016)
BDAMC2 5.599 1.036 0.775
BDAMC3 5.511 1.112 0.795
BDAMC4 5.621 1.126 0.809

BDA Investment BDAMC5 5.503 1.038 0.837 0.630 0.872
BDAMC6 5.466 1.065 0.771
BDAMC7 5.494 1.016 0.796
BDAMC8 5.590 1.116 0.770

BDA Coordination BDAMC9 5.415 1.134 0.772 0.524 0.812
BDAMC10 5.720 0.989 0.776
BDAMC11 5.514 1.076 0.785
BDAMC12 5.706 1.042 0.531

BDA Control BDAMC13 5.655 1.101 0.774 0.583 0.848
BDAMC14 5.610 1.117 0.781
BDAMC15 5.672 1.109 0.798
BDAMC16 5.757 0.927 0.698

Big Data Analytics
Technology Capability
(BDATC)

BDA Connectivity BDATC1 5.616 1.111 0.802 0.616 0.865 Akter et al. (2016)
BDATC2 5.582 1.202 0.806
BDATC3 5.644 1.031 0.778
BDATC4 5.153 1.428 0.753

BDA Compatibility BDATC5 5.641 1.138 0.847 0.665 0.888
BDATC6 5.520 1.195 0.800
BDATC7 5.633 1.119 0.797
BDATC8 5.644 1.063 0.818

BDA Modularity BDATC9 5.732 1.053 0.828 0.646 0.879
BDATC10 5.802 0.970 0.782
BDATC11 5.695 0.963 0.790
BDATC12 5.669 1.091 0.815

Big Data Analytics
Personnel Capability
(BDAPC)

BDA Technology
Management Knowledge

BDAPC1 5.884 0.979 0.833 0.608 0.861 Akter et al. (2016)
BDAPC 2 5.774 0.967 0.765
BDAPC 3 5.915 1.037 0.722
BDAPC 4 5.825 0.989 0.797

BDA Technical Knowledge BDAPC 5 5.732 0.981 0.838 0.639 0.876
BDAPC 6 5.788 1.034 0.783
BDAPC 7 5.701 1.024 0.785
BDAPC 8 5.686 1.027 0.792

BDA Business Knowledge BDAPC 9 5.873 0.995 0.792 0.622 0.868
BDAPC 10 5.966 0.867 0.813
BDAPC 11 5.862 0.955 0.756
BDAPC 12 5.754 1.004 0.795

BDA Relational Knowledge BDAPC 13 5.706 1.040 0.824 0.584 0.848
BDAPC 14 5.695 0.992 0.803
BDAPC 15 5.653 1.183 0.727
BDAPC 16 5.901 0.963 0.697

Social innovation SI1 5.791 0.956 0.726 0.591 0.878 Adomako and Tran
(2022)SI2 5.944 1.003 0.747

SI3 5.732 0.984 0.769
SI4 5.856 0.949 0.795
SI5 5.768 0.997 0.803

Knowledge exploration KE1 5.799 1.047 0.755 0.608 0.885 Cegarra-Navarro et
al. (2011)KE2 5.808 1.068 0.817

KE3 5.647 1.140 0.735
KE4 5.847 1.029 0.798
KE5 5.681 1.079 0.790

Knowledge exploitation KE6 5.853 0.950 0.783 0.588 0.877 Arias-Pérez et al.
(2021)KE7 5.554 1.180 0.737

KE8 5.706 1.077 0.777
KE9 5.887 1.111 0.769
KE10 5.856 1.001 0.766
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analytics management capabilities, big data analytics technology
capabilities, and big data analytics personnel capabilities on social
innovation, and Hypotheses H5a, H6a, H5b, H6b, H5c, and H6c
are also supported.

Matching consistency verification. We examined the sample
proportion situation. It discovered that the percentage of samples
with consistent knowledge exploration and knowledge exploita-
tion was 50%. And the percentage of samples with inconsistent
sample proportions of “high knowledge exploitation-low knowl-
edge exploration” and “high knowledge exploration-low knowl-
edge exploitation” were 23.2% and 26.8%, respectively, which met
the criteria for polynomial regression. Equation (1) below is the
polynomial regression equation applied in this study, which
includes the higher-order term of the two predictors (knowledge
exploration and knowledge exploitation), and the square term of
the predictor variables and their product (Yao and Ma, 2023).

Social Innovation ¼ b0 þ b1knowledge exploration

þb2knowledge exploitation

þb3knowledge exploration
2

þ b4knowledge exploration

´ knowledge exploitation
þ b5knowledge exploitation

2 þ e

ð1Þ

As in Table 10, the slope of the response surface along the
knowledge exploration and knowledge exploitation consistency
line is significantly higher than 0 (slope= 0.634, p < 0.001), and
the curvature are not significant. It indicated that “high knowl-
edge exploration-high knowledge exploitation” is promoting
social innovation when knowledge exploration and knowledge
exploitation are consistent. Hypothesis H7a is supported. As can
be seen in Fig. 5, the higher levels of social innovation are at the
back corner of the figure among the fit line of Y= X where

knowledge exploration and knowledge exploitation are both high.
When Y=−X, the response surface slope and Curvature along
the inconsistency line are significantly negative correlated
(slope=−0.202, p < 0.05, Curvature=−0.204, p < 0.001). This
shows that social innovation will decrease after knowledge
exploration and knowledge exploitation change from a balanced
match to an unbalanced match. H7b was supported. Moreover, as
can be seen from Fig. 5, when the difference of knowledge
exploitation is greater than that of knowledge exploration, the
degree of social innovation is relatively higher.

Discussions and implications
Although it has been documented that organizations can use big
data analytics capabilities to promote product innovation and
performance (e.g., Ciampi et al., 2021; Ma et al., 2015; Mikalef
et al., 2019; Wamba et al., 2017), little is known how big data
analytics capabilities affects social innovation and what is the
internal mechanism. This study examines the impact of big data
analytics capabilities on social innovation and the mediating role
of knowledge ambidexterity with a sample of 354 high-tech
companies, and further examines the joint influence of knowledge
exploration and knowledge exploitation on social innovation. The
result show that big data analytics management capabilities, big
data analytics technology capabilities, and big data analytics
personnel capabilities all have a significant positive impact on
social innovation, which provides empirical evidence for the use
of big data analytics capabilities to facilitate social innovation
(Calic and Ghasemaghaei, 2021; Maiolini et al., 2016), that is,
social innovation can be achieved by increasing big data analytics
management capabilities, big data analytics technology cap-
abilities and big data analytics personnel capabilities to enhance
the efficiency of social innovation while reducing costs and
resource consumption, and to gain access to new information and
data needed for social innovation. Second, based on the organi-
zational learning theory and the organizational information
processing theory, this study proposes a mediated model on the
impact of big data analytics capabilities on social innovation, and
the empirical results show that knowledge exploration and
knowledge exploitation play a mediating role in big data analytics
capabilities and social innovation, further emphasizing the
importance of knowledge management in big data analytics
capabilities and innovation (Mikalef et al., 2019). Big data ana-
lytics capabilities can help enhance knowledge exploration and
knowledge exploitation to obtain relevant information through
joint exploration of new knowledge and exploitation of existing
knowledge, increasing the success rate of social innovation.
Finally, the response surface analysis shows that the impact of
high knowledge exploration – high knowledge exploitation on
social innovation is greater than that of low knowledge

Fig. 3 Research procedure.

Table 6 Reliability and validity analysis.

Constructs CR AVE Cronbach’s α KMO

Big Data Analytics
Management Capability

0.957 0.593 0.891 0.924

Big Data Analytics Technology
Capability

0.955 0.642 0.890 0.920

Big Data Analytics Personnel
Capability

0.962 0.614 0.900 0.920

Social Innovation 0.878 0.591 0.826 0.766
Knowledge Exploration 0.885 0.608 0.837 0.854
Knowledge Exploitation 0.877 0.588 0.822 0.836
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exploration-low knowledge exploitation. When there is an
imbalance between knowledge exploration and knowledge
exploitation, the imbalance will lead to the decrease of social
innovation. This study develops a perspective to investigate the
impact of balanced and unbalanced match between knowledge
exploration and knowledge exploitation on social innovation, and
thus expands the research on knowledge exploration and
knowledge exploitation in social innovation. The findings high-
light the importance of knowledge exploration and knowledge
exploitation in the process of social innovation.

Theoretical implications. This study contributes to the literature
on big data analytics capabilities, knowledge ambidexterity, and
social innovation. First, this study is the first to empirically
investigate the relationship between big data analytics capabilities
and social innovation based on the organizational information
processing theory theory and the results show a significant
positive relationship between big data analytics capabilities and
social innovation, which thus enriches the study of social inno-
vation in the digital age. Previous studies have mainly explored
the impact of corporate factors, social factors and technical fac-
tors (Gasparin et al., 2021; Ho and Yoon, 2022; Mirvis et al.,
2016) on social innovation through theoretical discussions or case

studies, but there lacks empirical exploration of the development
of social innovation in the big-data based digital context. With
the advent of the Industry 4.0 era, more organization are focusing
on the use of big data analytics to create new ideas to optimize
social relationships and solve social problems (Herrera, 2015,
Maiolini et al., 2016). Therefore, this study responds to the call for
a better understanding of the role big data analytics capabilities in
promoting social innovation (Maiolini et al., 2016), and the
findings help enrich current innovation management theory on
social innovation with a new big data analytics capabilities
perspective.

Second, our study explores the mediating role of knowledge
exploration and knowledge exploitation in the relationship
between big data analytics capabilities and social innovation
based on the organizational learning theory, which helps reveal
the black box of big data analytics capabilities and social
innovation. Previous research on big data analytics capabilities
and innovation have been primarily based on dynamic capabil-
ities theory and resource-base view (Al-Khatib, 2022; Bhatti et al.,
2022; Ciampi et al., 2021; Mikalef et al., 2019; Su et al., 2022), and
using an organizational learning perspective to explore the impact
of knowledge exploration and knowledge exploitation on social
innovation is in dearth. There has been evidence for the
importance of knowledge ambidexterity for innovation research

Fig. 4 Path analysis diagram.

Table 8 The results of structural equation modeling.

Hypothesis Structural paths Effect S.E. C.R. Relationship

H1a Big Data Analytics Management Capability→Social Innovation 0.194** 0.06 3.214 Supported
H1b Big Data Analytics Technology Capability→Social Innovation 0.161** 0.053 3.022 Supported
H1c Big Data Analytics Personnel Capability→Social Innovation 0.299*** 0.078 3.854 Supported
H2a Big Data Analytics Management Capability→Knowledge Exploration 0.217** 0.074 2.955 Supported
H2b Big Data Analytics Technology Capability→Knowledge Exploration 0.315*** 0.061 5.138 Supported
H2c Big Data Analytics Personnel Capability→Knowledge Exploration 0.295*** 0.076 3.867 Supported
H3a Big Data Analytics Management Capability→Knowledge Exploitation 0.194** 0.065 2.996 Supported
H3b Big Data Analytics Technology Capability→Knowledge Exploitation 0.265*** 0.053 4.977 Supported
H3c Big Data Analytics Personnel Capability→Knowledge Exploitation 0.557*** 0.079 7.045 Supported
H4a Knowledge Exploration→Social Innovation 0.134* 0.055 2.439 Supported
H4b Knowledge Exploitation→Social Innovation 0.252*** 0.074 3.393 Supported

*p < 0.05, **p < 0.01, ***p < 0.001.
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(Li et al., 2018), and one of the key reasons for the slow growth of
new social enterprises is the inefficiency of an effective knowledge
management process (Maalaoui et al., 2020), yet the evidence on
the impact of knowledge exploration and knowledge exploitation
on social innovation is not sufficient (Maalaoui et al., 2020). This
study explicitly explores how knowledge exploration and knowl-
edge exploitation contribute to social innovation and how they
mediate the relationship between big data analytics capabilities
and social innovation by identifying the path from big data
analytics capabilities to social innovation, which thus bridges the
gap in existing research, and also provides a new view, on the
impact of big data analytics capabilities on organizational
development.

Furthermore, our study also explores the impact of different
configurations of knowledge exploration and knowledge exploita-
tion on social innovation from the perspective of capability
complementarity. Previous studies have focused on the isolated
impact of knowledge ambidexterity on innovation (Benitez et al.,
2018). However, knowledge exploration and knowledge exploitation
do not operate independently in most cases, and their complex
configuration can either reinforce or counteract each other’s impact
(Arias-Pérez et al., 2021; Dezi et al., 2021). The joint impact of
appropriate configurations of knowledge exploration and knowl-
edge exploitation has been rarely discussed in previous studies. This

study fills this research gap by empirically examining how
knowledge exploration and knowledge exploitation interact with
each other to influence social innovation and demonstrates that
proper synergies between knowledge exploration and knowledge
exploitation contributes more to social innovation.

Managerial implications. Our study also has important implica-
tions in managerial practices. First, our study shows that big data
analytics capabilities including big data analytics management
capabilities, big data analytics technology capabilities, and big data
analytics personnel capabilities all positively affect social innovation.
Following these findings and considering the increased concerns
with social issues in the global economy, organizations can develop
stronger big data analytics capabilities to promote social innovation
more effectively. On the one hand, organizations are encouraged to
build a big data-driven culture within the organization and cultivate
valuable big data analytics capabilities at the managerial levels
throughout the organization for better big data analytics manage-
ment capabilities. On the other hand, organizations can actively
develop big data analytics technology capabilities by investing in big
data technologies to accelerate advancement of big data analytics
technologies and thus enhance their ability to conduct social
innovation. In addition, organizations should recruit and train big
data analytics staff to develop big data analytics personnel cap-
abilities so as to improve their ability to use big data analytics to
solve social issues and promote social innovation.

Second, organizations should focus on knowledge management
development in their efforts to booster social innovation. Our
study shows that knowledge exploration and knowledge exploita-
tion play an important role in relating the influence of big data
analytics capabilities to social innovation, which points to an
important implication: developing stronger knowledge manage-
ment capabilities to facilitate social innovation. This can be done
by putting more efforts to explore new ideas and information
from outside the organizations and to exploit internal knowledge
stocks to improve efficiency and quality, both of which can
facilitate the process of social innovation.

Third, in addition to realizing the important role of knowledge
management in promoting social invocation in organizations and
thus investing more in knowledge management, managerial
practitioners should also focus on striking a balance of knowledge
exploration and knowledge exploitation. The response surface
analysis shows that it is clear that organizations should not only
encourage R&D staff to strengthen the interactions with external
knowledge networks and cooperate with external partners such as
universities, governments, and customers to acquire information
and knowledge to enrich their own knowledge base, but also they
should effectively exploit internal knowledge to combine with
new knowledge for innovation, transforming knowledge into
social innovation, a joint effect on innovations to complex social
issues.

More importantly, managers should be cautious with the trap
of knowledge exploration and exploitation mismatch and its

Table 9 Mediation effect test.

Intermediary Path Effects 95% confidence interval

LLCI ULCI

Big Data Analytics Management Capability - Knowledge Exploration - Social Innovation 0.023 0.003 0.052
Big Data Analytics Management Capability - Knowledge Exploitation - Social Innovation 0.036 0.006 0.073
Big Data Analytics Technology Capability - Knowledge Exploration - Social Innovation 0.039 0.010 0.074
Big Data Analytics Technology Capability - Knowledge Exploitation - Social Innovation 0.063 0.026 0.110
Big Data Analytics Personnel Capability- Knowledge Exploration - Social Innovation 0.035 0.007 0.077
Big Data Analytics Personnel Capability- Knowledge Exploitation - Social Innovation 0.101 0.044 0.171

Table 10 Polynomial modeling and response surface
analysis.

Variables Social innovation

Constant 6.154***
Age −0.028
Size −0.015
Electronic communication industry −0.143
Software service industry −0.206
Biomedical industry −0.118
Machinery manufacturing industry −0.097
Education industry −0.290*
Internet industry −0.161
Knowledge Exploration 0.216***
Knowledge Exploitation 0.418***
Knowledge Exploration * Knowledge Exploration −0.075**
Knowledge Exploration * Knowledge Exploitation 0.087
Knowledge Exploitation * Knowledge Exploitation −0.042
F 18.415***
R2 0.413
ΔR2 0.022**
Perfect balance line
Slope1 0.634***
Curvature1 −0.030
Perfect imbalance line
Slope2 −0.202*
Curvature2 −0.204***

N= 354; *p < 0.05, **p < 0.01, ***p < 0.001.
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impact on social innovation. Overly relying on or ignoring either
kind of knowledge ambidexterity is detrimental to social
innovation. It is crucial that organizations maintain a balanced
position in their knowledge management strategies: a match
between knowledge exploration and knowledge exploitation is
much more important. When an organization is unable to pursue
and maintain knowledge exploration and knowledge exploitation
at a balanced level, the priority should be given to knowledge
exploitation over knowledge exploration. This is because social
innovation is relatively high when knowledge exploitation is
greater than knowledge exploration (Shanock et al., 2010).

Limitations and future research. Although our study has the
potential to make important contributions to the literature on big
data analytics capabilities and social innovation and also to
managerial practices for better organizational development, it is
important to understand the limitations in generalizing the
findings. First, the data gathered are solely reflective of Chinese
scenario and cannot be generalized without careful considerations
because this study is exclusively based on Chinese companies with
big data analytics capabilities and social innovation. A cross-
country analysis should be conducted in the future in order to
determine whether the current results are applicable to other
countries. Second, this study examined the mediating role of
knowledge exploration and knowledge exploitation between big
data analytics capabilities and social innovation. However, there
are still other variables that could affect the process, and future
studies can investigate other variables such as strategic orientation
for their mediating effect between big data analytics capabilities
and social innovation. Finally, we used questionnaires to collect
data, but the questionnaire data contained some subjective fac-
tors. Future studies could analyze objective data from enterprise
reports to improve data objectivity and external validity.

Data availability
The data are available from the corresponding author on rea-
sonable request.

Received: 8 November 2023; Accepted: 7 June 2024;

References
Adomako S, Tran MD (2022) Local embeddedness, and corporate social perfor-

mance: the mediating role of social innovation orientation. Corp Soc
Responsib Environ Manag 29(2):329–338. https://doi.org/10.1002/csr.2203

Agarwal N, Chakrabarti R, Brem A, Bocken N (2018) Market driving at bottom of
the pyramid (BoP): an analysis of social enterprises from the healthcare
sector. J Bus Res 86(5):234–244. https://doi.org/10.1016/j.jbusres.2017.07.001

Akter S, Wamba SF, Gunasekaran A, Dubey R, Childe SJ (2016) How to improve
firm performance using big data analytics capability and business strategy
alignment? Int J Prod Econ 182:113–131. https://doi.org/10.1016/j.ijpe.2016.
08.018

Al-Khatib AW (2022) Big data analytics capabilities and green supply chain per-
formance: investigating the moderated mediation model for green innovation
and technological intensity. Bus Process Manag J 28(5/6):1446–1471. https://
doi.org/10.1108/BPMJ-07-2022-0332

Allal-Cherif O, Guijarro-Garcia M, Ulrich K (2022) Fostering sustainable growth in
aeronautics: open social innovation, multifunctional team management, and
collaborative governance. Technol Forecast Soc Change 174. https://doi.org/
10.1016/j.techfore.2021.121269

Alnuaimi BK, Khan M, Ajmal MM (2021) The role of big data analytics capabilities
in greening e-procurement: a higher order PLS-SEM analysis. Technol
Forecast Soc Change 169. https://doi.org/10.1016/j.techfore.2021.120808

Andriopoulos C, Lewis MW (2009) Exploitation-exploration tensions and orga-
nizational ambidexterity: managing paradoxes of innovation. Organ Sci
20(4):696–717. https://doi.org/10.1287/orsc.1080.0406

Argote L, Hora M (2017) Organizational learning and management of technology.
Prod Oper Manag 26(4):579–590. https://doi.org/10.1111/poms.12667

Arias-Pérez J, Velez-Ocampo J, Cepeda-Cardona J (2021) Strategic orientation
toward digitalization to improve innovation capability: why knowledge
acquisition and exploitation through external embeddedness matter. J Knowl
Manag 25(5):1319–1335. https://doi.org/10.1108/JKM-03-2020-0231

Ashaari MA, Singh KSD, Abbasi GA, Amran A, Liebana-Cabanillas FJ (2021) Big
data analytics capability for improved performance of higher education
institutions in the Era of IR 4.0: a multi-analytical SEM & ANN perspective.
Technol Forecast Soc Change 173. https://doi.org/10.1016/j.techfore.2021.
121119

Awan U, Bhatti SH, Shamim S, Khan Z, Akhter P, Balta M (2021) The role of big
data analytics in manufacturing agility and performance: moderation-med-
iation analysis of organizational creativity and of the involvement of

Fig. 5 Response surface analysis.

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-024-03288-8 ARTICLE

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |          (2024) 11:864 | https://doi.org/10.1057/s41599-024-03288-8 15

https://doi.org/10.1002/csr.2203
https://doi.org/10.1016/j.jbusres.2017.07.001
https://doi.org/10.1016/j.ijpe.2016.08.018
https://doi.org/10.1016/j.ijpe.2016.08.018
https://doi.org/10.1108/BPMJ-07-2022-0332
https://doi.org/10.1108/BPMJ-07-2022-0332
https://doi.org/10.1016/j.techfore.2021.121269
https://doi.org/10.1016/j.techfore.2021.121269
https://doi.org/10.1016/j.techfore.2021.120808
https://doi.org/10.1287/orsc.1080.0406
https://doi.org/10.1111/poms.12667
https://doi.org/10.1108/JKM-03-2020-0231
https://doi.org/10.1016/j.techfore.2021.121119
https://doi.org/10.1016/j.techfore.2021.121119


customers as data analysts. Br J Manag 33(3):1200–1220. https://doi.org/10.
1111/1467-8551.12549

Bag S, Wood LC, Xu CL, Dhamija P, Kayikci Y (2020) Big data analytics as an
operational excellence approach to enhance sustainable supply chain per-
formance. Resour Conserv Recycling 153. https://doi.org/10.1016/j.resconrec.
2019.104559

Barton D, Court D (2012) Making advanced analytics work for you. Harv Bus Rev
90(10):78–83

Batko KM (2023) Digital social innovation based on Big Data Analytics for health
and well-being of society. J Big Data 10:1–34. https://doi.org/10.1186/s40537-
023-00846-w

Beck R, Pahlke I, Seebach C (2014) Knowledge exchange and symbolic action in
social media-enabled electronic networks of practice: a multilevel perspective
on knowledge seekers and contributors. MIS Q 38(4):1245–1270. https://doi.
org/10.25300/MISQ/2014/38.4.14

Benitez J, Castillo A, Llorens J, Braojos J (2018) IT-enabled knowledge ambi-
dexterity and innovation performance in small U.S. firms: the moderator role
of social media capability. Inf Manag 55(1):131–143. https://doi.org/10.1016/
j.im.2017.09.004

Bhatti SH, Ahmed A, Ferraris A, Hussain WMHW, Wamba SF (2022) Big data
analytics capabilities and MSME innovation and performance: a double
mediation model of digital platform and network capabilities. Ann Oper Res
https://doi.org/10.1007/s10479-022-05002-w

Bollen KA (1989) Structural equations with latent variables. John Wiley & Sons,
New York

Bonina C, López-Berzosa D, Scarlata M (2021) Social, commercial, or both?An
exploratory study of the identity orientation of digital social innovations. Inf
Syst J 31(5):695–716. https://doi.org/10.1111/isj.12290

Calic G, Ghasemaghaei M (2021) Big data for social benefits: innovation as a
mediator of the relationship between big data and corporate social perfor-
mance. J Bus Res 131:391–401. https://doi.org/10.1016/j.jbusres.2020.11.003

Carayannis EG, Grigoroudis E, Stamati D, Valvi T (2020) Social business model
innovation: a quadruple/quintuple helix-based social innovation ecosystem. IEEE
Trans Eng Manag 68(1):235–248. https://doi.org/10.1109/tem.2019.2914408

Castillo A, Benitez J, Llorens J, Braojos J (2021) Impact of social media on the
firm’s knowledge exploration and knowledge exploitation: the role of business
analytics talent. J Assoc Inf Syst 22(5):1472–1508. https://doi.org/10.17705/
1jais.00700

Cegarra-Navarro JG, Sanchez-Vidal ME, Cegarra-Leiva D (2011) Balancing
exploration and exploitation of knowledge through an unlearning context An
empirical investigation in SMEs. Manag Decis 48(7-8):1099–1119. https://doi.
org/10.1108/00251741111151163

Chen Y, Wang Y, Nevo S, Benitez J, Kou G (2017) Improving strategic flexibility
with information technologies: insights for firm performance in an emerging
economy. J Inf Technol 32(1):10–25. https://doi.org/10.1057/jit.2015.26

Cheng CCJ, Sheu C (2023) Social media analytics and product innovation: med-
iating effects of knowledge exploration and exploitation competence. Int J
Oper Prod Manag https://doi.org/10.1108/IJOPM-08-2022-0537

Ciampi F, Demi S, Magrini A, Marzi G, Papa A (2021) Exploring the impact of big
data analytics capabilities on business model innovation: the mediating role
of entrepreneurial orientation. J Bus Res 123:1–13. https://doi.org/10.1016/j.
jbusres.2020.09.023

Conboy K, Dennehy D, O’Connor M (2020) ‘Big time’: an examination of temporal
complexity and business value in analytics. Inf Manag 57(1). https://doi.org/
10.1016/j.im.2018.05.010

Crossan MM, Lane HW, White RE (1999) An organizational learning framework:
from intuition to institution. Acad Manag Rev 24(3):522–537. https://doi.org/
10.5465/amr.1999.2202135

Deng C, Li H, Wang Y, Zhu R (2024) The double-edged sword in the digitalization
of human resource management: Person-environment fit perspective. J
Business Res 180:114738. https://doi.org/10.1016/j.jbusres.2024.114738

Desmarchelier B, Djellal F, Gallouj F (2020) Mapping social innovation networks:
Knowledge intensive social services as systems builders. Technol Forecast Soc
Change 157. https://doi.org/10.1016/j.techfore.2020.120068

Dezi L, Ferraris A, Papa A, Vrontis D (2021) The role of external embeddedness
and knowledge management as antecedents of ambidexterity and perfor-
mances in Italian SMEs. IEEE Trans Eng Manag 68(2):360–369. https://doi.
org/10.1109/TEM.2019.2916378

Dubey R, Gunasekaran A, Childe SJ, Roubaud D, Wamba SF, Giannakis M, For-
opon CR (2019) Big data analytics and organizational culture as comple-
ments to swift trust and collaborative performance in the humanitarian
supply chain. Int J Prod Econ 210:120–136. https://doi.org/10.1016/j.ijpe.
2019.01.023

Ferraris A, Mazzoleni A, Devalle A, Couturier J (2019) Big data analytics cap-
abilities and knowledge management: impact on firm performance. Manag
Decis 57(8):1923–1936. https://doi.org/10.1108/MD-07-2018-0825

Ferreira J, Coelho A, Moutinho L (2020) Strategic alliances, exploration and
exploitation and their impact on innovation and new product development:

the effect of knowledge sharing. Manag Decis 59(3):524–567. https://doi.org/
10.1108/MD-09-2019-1239

Fleming L, Sorenson O (2001) Technology as a complex adaptive system: evidence
from patent data. Res Policy 30(7):1019–1039. https://doi.org/10.1016/S0048-
7333(00)00135-9

Fornell C, Larcker DF (1981) Evaluating structural equation models with unob-
servable variables and measurement error. J Mark Res 18(1):39–50. https://
doi.org/10.1177/002224378101800104

Fursov K, Linton J (2022) Social innovation: integrating product and user inno-
vation. Technol Forecast Soc Change 174. https://doi.org/10.1016/j.techfore.
2021.121224

Galbraith JR (1974) Organization design: an information processing view. Inter-
faces 4(3):28–36. https://www.jstor.org/stable/25059090

Gasparin M, Green W, Lilley S, Quinn M, Saren M, Schinckus C (2021) Business as
unusual: a business model for social innovation. J Bus Res 125:698–709.
https://doi.org/10.1016/j.jbusres.2020.01.034

Gebauer H, Fleisch E, Lamprecht C, Wortmann F (2020) Growth paths for
overcoming the digitalization paradox. Bus Horiz 63(3):313–323. https://doi.
org/10.1016/j.bushor.2020.01.005

Ghasemaghaei M, Calic G (2019) Does big data enhance firm innovation com-
petency? The mediating role of data-driven insights. J Bus Res 104:69–84.
https://doi.org/10.1016/j.jbusres.2019.07.006

Guerrero M, Urbano D (2020) Institutional conditions and social innovations in
emerging economies: insights from Mexican enterprises’ initiatives for pro-
tecting/preventing the effect of violent events. J Technol Transf 45:929–957.
https://doi.org/10.1007/s10961-020-09783-9

Gupta A, Smith K, Shalley C (2006) The interplay between exploration and
exploitation. Acad Manag J 49(4):693–706. https://doi.org/10.5465/amj.2006.
22083026

Gupta M, George JF (2016) Toward the development of a big data analytics cap-
ability. Inf Manag 53(8):1049–1064. https://doi.org/10.1016/j.im.2016.07.004

Gupta S, Kumar S, Kamboj S, Bhushan B, Luo ZW (2019) Impact of IS agility and
HR systems on job satisfaction: an organizational information processing
theory perspective. J Knowl Manag 23(9):1782–1805. https://doi.org/10.1108/
JKM-07-2018-0466

Harman HH (1976) Modern factor analysis. University of Chicago Press
He W, Wu H, Yan G, Akula V, Shen JC (2015) A novel social media competitive

analytics framework with sentiment benchmarks. Inf Manag 52(7):801–812.
https://doi.org/10.1016/j.im.2015.04.006

Herrera MEB (2015) Creating competitive advantage by institutionalizing corpo-
rate social innovation. J Bus Res 68(7):1468–1474. https://doi.org/10.1016/j.
jbusres.2015.01.036

Ho JY, Yoon S (2022) Ambiguous roles of intermediaries in social entrepreneur-
ship: the case of social innovation system in South Korea. Technol Forecast
Soc Change 175. https://doi.org/10.1016/j.techfore.2021.121324

Jarjabka Á, Sipos N, Kuráth G (2024) Quo vadis higher education? Post-pandemic
success digital competencies of the higher educators- a Hungarian university
case and actions. Humanit Soc Sci Commun 11(1). https://doi.org/10.1057/
s41599-024-02809-9

Javed S, Rashidin MDS, Xiao Y (2022) Investigating the impact of digital influ-
encers on consumer decision-making and content outreach: using dual
AISAS model. Econ Res Ekonomska Istraživanja 35(1):1183–1210. https://
doi.org/10.1080/1331677X.2021.1960578

Kiron D, Ferguson RB, Prentice PK (2013) From value to vision: reimagining the
possible with data analytics. MIT Sloan. Manag Rev 54(3):1–19

Koryak O, Lockett, Hayton JC, Nicolaou N, Mole K (2018) Disentangling the
antecedents of ambidexterity: exploration and exploitation. Res Policy
47(2):413–427. https://doi.org/10.1016/j.respol.2017.12.003

Krishnamurthy R, Desouza KC (2014) Big data analytics: the case of social security
administration. Inf Polity 19(3):165–178. https://doi.org/10.3233/IP-140337

Krlev G, Bund E, Mildenberger G (2014) Measuring What Matters—Indicators of
Social Innovativeness on the National Level. Inf Syst Manag 31(3):200–224.
https://doi.org/10.1080/10580530.2014.923265

Lavalle S, Lesser E, Shockley R, Hopkins MS, Kruschwitz N (2011) Big data,
analytics and the path from insights to value. MIT Sloan. Manag Rev
52(2):21–31. https://doi.org/10.0000/PMID57750728

Li DH, Lin J, Cui WT, Qian YJ (2018) The trade-off between knowledge
exploration and exploitation in technological innovation. J Knowl Manag
22(4):781–801. https://doi.org/10.1108/JKM-09-2016-0401

Liu Y, Fang W, Feng TW, Gao N (2022) Bolstering green supply chain integration
via big data analytics capability: the moderating role of data-driven decision
culture. Ind Manag Data Syst 122(11):2558–2582. https://doi.org/10.1108/
IMDS-11-2021-0696

Ma Z, Yu M, Gao C, Zhou J, Yang Z (2015) Institutional constraints of product
innovation in China: evidence from international joint ventures. J Bus Res
68(5):949–956. https://doi.org/10.1016/j.jbusres.2014.09.022

Maalaoui A, Le Loarne-Lemaire S, Razgallah M (2020) Does knowledge manage-
ment explain the poor growth of social enterprises? Knowledge exploitation

ARTICLE HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-024-03288-8

16 HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |          (2024) 11:864 | https://doi.org/10.1057/s41599-024-03288-8

https://doi.org/10.1111/1467-8551.12549
https://doi.org/10.1111/1467-8551.12549
https://doi.org/10.1016/j.resconrec.2019.104559
https://doi.org/10.1016/j.resconrec.2019.104559
https://doi.org/10.1186/s40537-023-00846-w
https://doi.org/10.1186/s40537-023-00846-w
https://doi.org/10.25300/MISQ/2014/38.4.14
https://doi.org/10.25300/MISQ/2014/38.4.14
https://doi.org/10.1016/j.im.2017.09.004
https://doi.org/10.1016/j.im.2017.09.004
https://doi.org/10.1007/s10479-022-05002-w
https://doi.org/10.1111/isj.12290
https://doi.org/10.1016/j.jbusres.2020.11.003
https://doi.org/10.1109/tem.2019.2914408
https://doi.org/10.17705/1jais.00700
https://doi.org/10.17705/1jais.00700
https://doi.org/10.1108/00251741111151163
https://doi.org/10.1108/00251741111151163
https://doi.org/10.1057/jit.2015.26
https://doi.org/10.1108/IJOPM-08-2022-0537
https://doi.org/10.1016/j.jbusres.2020.09.023
https://doi.org/10.1016/j.jbusres.2020.09.023
https://doi.org/10.1016/j.im.2018.05.010
https://doi.org/10.1016/j.im.2018.05.010
https://doi.org/10.5465/amr.1999.2202135
https://doi.org/10.5465/amr.1999.2202135
https://doi.org/10.1016/j.jbusres.2024.114738
https://doi.org/10.1016/j.techfore.2020.120068
https://doi.org/10.1109/TEM.2019.2916378
https://doi.org/10.1109/TEM.2019.2916378
https://doi.org/10.1016/j.ijpe.2019.01.023
https://doi.org/10.1016/j.ijpe.2019.01.023
https://doi.org/10.1108/MD-07-2018-0825
https://doi.org/10.1108/MD-09-2019-1239
https://doi.org/10.1108/MD-09-2019-1239
https://doi.org/10.1016/S0048-7333(00)00135-9
https://doi.org/10.1016/S0048-7333(00)00135-9
https://doi.org/10.1177/002224378101800104
https://doi.org/10.1177/002224378101800104
https://doi.org/10.1016/j.techfore.2021.121224
https://doi.org/10.1016/j.techfore.2021.121224
https://www.jstor.org/stable/25059090
https://doi.org/10.1016/j.jbusres.2020.01.034
https://doi.org/10.1016/j.bushor.2020.01.005
https://doi.org/10.1016/j.bushor.2020.01.005
https://doi.org/10.1016/j.jbusres.2019.07.006
https://doi.org/10.1007/s10961-020-09783-9
https://doi.org/10.5465/amj.2006.22083026
https://doi.org/10.5465/amj.2006.22083026
https://doi.org/10.1016/j.im.2016.07.004
https://doi.org/10.1108/JKM-07-2018-0466
https://doi.org/10.1108/JKM-07-2018-0466
https://doi.org/10.1016/j.im.2015.04.006
https://doi.org/10.1016/j.jbusres.2015.01.036
https://doi.org/10.1016/j.jbusres.2015.01.036
https://doi.org/10.1016/j.techfore.2021.121324
https://doi.org/10.1057/s41599-024-02809-9
https://doi.org/10.1057/s41599-024-02809-9
https://doi.org/10.1080/1331677X.2021.1960578
https://doi.org/10.1080/1331677X.2021.1960578
https://doi.org/10.1016/j.respol.2017.12.003
https://doi.org/10.3233/IP-140337
https://doi.org/10.1080/10580530.2014.923265
https://doi.org/10.0000/PMID57750728
https://doi.org/10.1108/JKM-09-2016-0401
https://doi.org/10.1108/IMDS-11-2021-0696
https://doi.org/10.1108/IMDS-11-2021-0696
https://doi.org/10.1016/j.jbusres.2014.09.022


insights from a systematic literature review on knowledge management and
social entrepreneurship. J Knowl Manag 24(7):1513–1332. https://doi.org/10.
1108/JKM-11-2019-0603

Maiolini R, Marra A, Baldassarri C, Carlei V (2016) Digital technologies for social
innovation: an empirical recognition on the new enablers. J Technol Manag
Innov 11(4):22–28. https://doi.org/10.4067/S0718-27242016000400004

Mani V, Delgado C, Hazen BT, Patel P (2017) Mitigating supply Chain risk via
sustainability using big data analytics: evidence from the manufacturing
supply chain. Sustainability 9(4). https://doi.org/10.3390/su9040608

March JG (1991) Exploration and exploitation in organizational learning. Organ
Sci 2:71–87. https://doi.org/10.1287/orsc.2.1.71

Mikalef P, Pappas IO, Krogstie J, Giannakos M (2018) Big data analytics cap-
abilities: a systematic literature review and research agenda. Inf Syst e-Bus
Manag 16(3):547–578. https://doi.org/10.1007/s10257-017-0362-y

Mikalef P, Boura M, Lekakos G, Krogstie J (2019) Big data analytics capabilities and
innovation: the mediating role of dynamic capabilities and moderating effect
of the environment. Br J Manag 30(2):272–298. https://doi.org/10.1111/1467-
8551.12343

Mikalef P, Krogstie J, Pappas IO, Pavlou P (2020) Exploring the relationship
between big data analytics capability and competitive performance: the
mediating roles of dynamic and operational capabilities. Inf Manag 57(2).
https://doi.org/10.1016/j.im.2019.05.004

Mirvis P, Baltazar HME, Googins B, Albareda L (2016) Corporate social innova-
tion: how firms learn to innovate for the greater good. J Bus Res
69(11):5014–5021. https://doi.org/10.1016/j.jbusres.2016.04.073

Müller Oliver FayM, Vom BJ (2018) The effect of big data and analytics on firm
performance: an econometric analysis considering industry characteristics. J
Manag Inf Syst 35(2):488–509. https://doi.org/10.1080/07421222.2018.
1451955

Munodawafa RT, Johl, SK (2019) Big data analytics capabilities and eco-innova-
tion: a study of energy companies. Sustainability 11(15). https://doi.org/10.
3390/su11154254

Ndou V, Schiuma G (2020) The role of social innovation for a knowledge-based
local development: insights from the literature review. Int J Knowl Based Dev
11(1):6–25. https://doi.org/10.1504/IJKBD.2020.106841

Netemeyer RG, Bearden WO, Sharma S (2003) Scaling procedures: Issues and
applications. SAGE publications

Neumeier S (2012) Why do social innovations in rural development matter and
should they be considered more seriously in rural development research?
Proposal for a stronger focus on social innovations in rural development
research. Socio Ruralis 52(1):48–69. https://doi.org/10.1111/j.1467-9523.2011.
00553.x

Nicolopoulou K, Karataş-Özkan M, Vas C, Nouman M (2017) An incubation
perspective on social innovation: the London Hub-a social incubator. RD
Manag 47(3):368–384. https://doi.org/10.1111/radm.12179

Nunnally JC (1994) Psychometric Theory (3rd ed). University of Michigan Ann
Arbor MI

Nwankpa JK, Roumani Y, Datta P (2022) Process innovation in the digital age of
business: the role of digital business intensity and knowledge management J
Knowl Manag 26(5):1319–1341. https://doi.org/10.1108/JKM-04-2021-0277

O’Reilly CAI, Tushman ML (2013) Organizational ambidexterity: past, present and
future. Acad Manag Perspect 27(4):324–338. https://doi.org/10.5465/amp.
2013.0025

Oeij PRA, Wouter VDT, Vaas F, Dhondt S (2019) Understanding social innovation
as an innovation process: applying the innovation journey model. J Bus Res
101:243–254. https://doi.org/10.1016/j.jbusres.2019.04.028

Okorie O, Salonitis K, Charnley F, Moreno M, Turner C, Tiwari A (2018) Digi-
tisation and the circular economy: a review of current research and future
trends. Energies 11(11). https://doi.org/10.3390/en11113009

Olszak CM (2014) Towards an understanding business intelligence a dynamic
capability-based framework for business intelligence. Proceedings of 2014
Federated conference on computer science and information systems (FedC-
SIS) 1103–1110. https://doi.org/10.15439/2014F68

Onsongo E (2019) Institutional entrepreneurship and social innovation at the base
of the pyramid: the case of M-Pesa in Kenya. Ind Innov 26(4):360–390.
https://doi.org/10.1080/13662716.2017.1409104

Pauleen D (2009) Personal knowledge management: putting the ‘person’ back into
the knowledge equation. Online Inf Rev 33(2):221–224. https://doi.org/10.
1108/14684520910951177

Rashidin MS, Gang D, Javed S, Hasan MM (2021) The role of artificial intelligence
in sustaining the E-Commerce Ecosystem: Alibaba vs. Tencent. J Glob Inf
Manag 30:1–25. https://doi.org/10.4018/JGIM.304067

Real JC, Leal A, Roldan JL (2006) Information technology as a determinant of
organizational learning and technological distinctive competencies. Ind Mark
Man 35:505–521. https://doi.org/10.1016/j.indmarman.2005.05.004

Rialti R, Zollo L, Ferraris A, Alon I (2019) Big data analytics capabilities and
performance: evidence from a moderated multimediation model. Technol
Forecast Soc Change 149. https://doi.org/10.1016/j.techfore.2019.119781

Said F, Zainal D, Jalil AA, Wright LT, Nisar T (2023) Big data analytics capabilities
and sustainability reporting on Facebook: does tone at the top matter? Cogent
Bus Manag 10(1):1–20. https://doi.org/10.1080/23311975.2023.2186745

Saka-Helmhout A, Chappin MMH, Rodrigues SB (2022) Corporate social inno-
vation in developing countries. J Bus Ethics 181:589–605. https://doi.org/10.
1007/s10551-021-04933-x

Sandberg B, Aarikka-Stenroos L (2014) What makes it so difficult? A systematic
review on barriers to radical innovation. Ind Mark Manag 43(8):1293–1305.
https://doi.org/10.1016/j.indmarman.2014.08.003

Shamim S, Yang YM, Ul ZN, Shah MH (2021) Big data management capabilities in
the hospitality sector: service innovation and customer generated online quality
ratings. Comput Hum Behav 121. https://doi.org/10.1016/j.chb.2021.106777

Shanock LR, Baran BE, Gentry WA, Pattison SC, Heggestad ED (2010) Polynomial
regression with response surface analysis: a powerful approach for examining
moderation and overcoming limitations of difference scores. J Bus Psychol
25(4):543–554. https://doi.org/10.1007/s10869-010-9183-4

Srinivasan R, Swink M (2018) An investigation of visibility and flexibility as
complements to supply chain analytics: an organizational information pro-
cessing theory perspective. Prod Oper Manag 27(10):1849–1867. https://doi.
org/10.1111/poms.12746

Su XF, Zeng WP, Zheng MH, Jiang XL, Lin WH, Xu AX (2022) Big data analytics
capabilities and organizational performance: the mediating effect of dual
innovations. Eur J Innov Manag 25(4):1142–1160. https://doi.org/10.1108/
EJIM-10-2020-0431

Sun Y, Liu J, Ding Y (2019) Analysis of the relationship between open innovation,
knowledge management capability and dual innovation. Technol Analysis
Strategic Manage 32:15–28

Suseno Y, Abbott L (2021) Women entrepreneurs’ digital social innovation: linking
gender, entrepreneurship, social innovation and information systems. Inf Syst
J 31(5):717–744. https://doi.org/10.1111/isj.12327

Tjörnbo O, McGowan K (2022) A complex-systems perspective on the role of
universities in social innovation. Technol Forecast Soc Change 174. https://
doi.org/10.1016/j.techfore.2021.121247

Unceta A, Castro-Spila J, Fronti JG (2016) Social innovation indicators. Innov Eur J
Soc Sci Res 29(2):192–204. https://doi.org/10.1080/13511610.2015.1127137

Verhoef P, Kooge E, Walk N (2016) Creating value with big data analytics: Making
smarter marketing decisions. Routledge. https://doi.org/10.4324/
9781315734750

Wamba SF, Gunasekaran A, Akter S, Ren SJF, Dubey R, Childe SJ (2017) Big data
analytics and firm performance: effects of dynamic capabilities. J Bus Res
70:356–365. https://doi.org/10.1016/j.jbusres.2016.08.009

Wang N, Wan J, Ma Z, Zhou Y, Chen J (2023a) How digital platform capabilities
improve sustainable innovation performance of firms: the mediating role of
open innovation. J Bus Res 167:114080. https://doi.org/10.1016/j.jbusres.
2023.114080

Wang N, Xie W, Huang Y, Ma Z (2023b) Big Data capability and sustainability
oriented innovation: The mediating role of intellectual capital. Business
Strategy Environ 32(8):5702–5720

Wang Y, Hajli N (2017) Exploring the path to big data analytics success in healthcare.
J Bus Res 70:287–299. https://doi.org/10.1016/j.jbusres.2016.08.002

Wang Y, Kung LA, Byrd TA (2018) Big data analytics: understanding its cap-
abilities and potential benefits for healthcare organizations. Technol. Forecast
Soc. Change 126:3–13. https://doi.org/10.1016/j.techfore.2015.12.019

Xiao S, Oh KS (2021) Unraveling the underlying mechanisms of new product
development in high-technology emerging-market multinationals. Manag
Decis 59(1):68–83. https://doi.org/10.1108/MD-02-2019-0224

Xie X, Wu Y, Palacios-Marqu´es D, Ribeiro-Navarrete S (2022) Business networks
and organizational resilience capacity in the digital age during COVID-19: a
perspective utilizing organizational information processing theory. Technol
Forecast Soc Change 177. https://doi.org/10.1016/j.techfore.2022.121548

Xu D, Yan S, Zhang Y, Zhang S, Nakamori Y, Chen L (2022) Knowledge management
for extreme public health events COVID-19: based on Tiktok data. J Knowledge
Manag 26(9):2354–2369. https://doi.org/10.1108/JKM-06-2021-0450

Yao A, Ma Z (2023) Toward a holistic perspective of congruence research with the
polynomial regression model. J Appl Psychol 108(3):446–465. https://doi.org/
10.1037/apl0001028

Yu W, Zhao G, Liu Q, Song YT (2021) Role of big data analytics capability in
developing integrated hospital supply chains and operational flexibility: an
organizational information processing theory perspective. Technol Forecast
Soc Change 163. https://doi.org/10.1016/j.techfore.2020.120417

Zeng SX, Xie XM, Tam CM (2010) Relationship between cooperation networks
and innovation performance of SMEs. Technovation 30(3):181–194. https://
doi.org/10.1016/j.technovation.2009.08.003

Acknowledgements
This work are supported by the Beijing Social Science Foundation (21DTR052) and
Innovation Centre for Digital Business and Capital Development of Beijing Technology
and Business University (SZSK202213).

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-024-03288-8 ARTICLE

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |          (2024) 11:864 | https://doi.org/10.1057/s41599-024-03288-8 17

https://doi.org/10.1108/JKM-11-2019-0603
https://doi.org/10.1108/JKM-11-2019-0603
https://doi.org/10.4067/S0718-27242016000400004
https://doi.org/10.3390/su9040608
https://doi.org/10.1287/orsc.2.1.71
https://doi.org/10.1007/s10257-017-0362-y
https://doi.org/10.1111/1467-8551.12343
https://doi.org/10.1111/1467-8551.12343
https://doi.org/10.1016/j.im.2019.05.004
https://doi.org/10.1016/j.jbusres.2016.04.073
https://doi.org/10.1080/07421222.2018.1451955
https://doi.org/10.1080/07421222.2018.1451955
https://doi.org/10.3390/su11154254
https://doi.org/10.3390/su11154254
https://doi.org/10.1504/IJKBD.2020.106841
https://doi.org/10.1111/j.1467-9523.2011.00553.x
https://doi.org/10.1111/j.1467-9523.2011.00553.x
https://doi.org/10.1111/radm.12179
https://doi.org/10.1108/JKM-04-2021-0277
https://doi.org/10.5465/amp.2013.0025
https://doi.org/10.5465/amp.2013.0025
https://doi.org/10.1016/j.jbusres.2019.04.028
https://doi.org/10.3390/en11113009
https://doi.org/10.15439/2014F68
https://doi.org/10.1080/13662716.2017.1409104
https://doi.org/10.1108/14684520910951177
https://doi.org/10.1108/14684520910951177
https://doi.org/10.4018/JGIM.304067
https://doi.org/10.1016/j.indmarman.2005.05.004
https://doi.org/10.1016/j.techfore.2019.119781
https://doi.org/10.1080/23311975.2023.2186745
https://doi.org/10.1007/s10551-021-04933-x
https://doi.org/10.1007/s10551-021-04933-x
https://doi.org/10.1016/j.indmarman.2014.08.003
https://doi.org/10.1016/j.chb.2021.106777
https://doi.org/10.1007/s10869-010-9183-4
https://doi.org/10.1111/poms.12746
https://doi.org/10.1111/poms.12746
https://doi.org/10.1108/EJIM-10-2020-0431
https://doi.org/10.1108/EJIM-10-2020-0431
https://doi.org/10.1111/isj.12327
https://doi.org/10.1016/j.techfore.2021.121247
https://doi.org/10.1016/j.techfore.2021.121247
https://doi.org/10.1080/13511610.2015.1127137
https://doi.org/10.4324/9781315734750
https://doi.org/10.4324/9781315734750
https://doi.org/10.1016/j.jbusres.2016.08.009
https://doi.org/10.1016/j.jbusres.2023.114080
https://doi.org/10.1016/j.jbusres.2023.114080
https://doi.org/10.1016/j.jbusres.2016.08.002
https://doi.org/10.1016/j.techfore.2015.12.019
https://doi.org/10.1108/MD-02-2019-0224
https://doi.org/10.1016/j.techfore.2022.121548
https://doi.org/10.1108/JKM-06-2021-0450
https://doi.org/10.1037/apl0001028
https://doi.org/10.1037/apl0001028
https://doi.org/10.1016/j.techfore.2020.120417
https://doi.org/10.1016/j.technovation.2009.08.003
https://doi.org/10.1016/j.technovation.2009.08.003


Author contributions
Conceptualization, WN; methodology, CBL; software, WLY; validation, WLY, and PS;
writing—original draft preparation, CBL; writing—review and editing, WN and MZZ. All
authors have read and agreed to the published version of the manuscript.

Competing interests
The authors declare no competing interests.

Ethical approval
This study is exempted in line with the School of Business at Beijing Technology
and Business University ethical guidelines as per the Declaration of Helsinki,
ensuring participant anonymity and avoiding sensitive topics. Informed consent was
obtained during data collection from January to March 2022 and March to May
2023, detailing purpose, data use, and risks, emphasizing voluntary participation.
This reflects our commitment to ethical standards, prioritizing participant rights
and welfare. Since the study exempted and any procedures requiring ethical
approval by an institutional review board, no specific ethical approval number was
assigned.

Informed consent
Informed consent was obtained from all individual participants included in the study.

Additional information
Correspondence and requests for materials should be addressed to Baolian Chen or
Liya Wang.

Reprints and permission information is available at http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,

adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons licence, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons licence and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2024

ARTICLE HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-024-03288-8

18 HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |          (2024) 11:864 | https://doi.org/10.1057/s41599-024-03288-8

http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Big data analytics capability and social innovation: the mediating role of knowledge exploration and exploitation
	Introduction
	Literature review
	Organizational information processing theory
	Organizational learning theory
	Big data analytics capabilities
	Social innovation
	Knowledge ambidexterity

	Hypothesis
	Big data analytics capabilities and social innovation
	Big data analytics management capabilities and social innovation
	Big data analytics technology capabilities and social innovation
	Big data analytics personnel capabilities and social innovation
	The mediating role of knowledge ambidexterity
	Configurations of knowledge ambidexterity and social innovation

	Research design
	Respondent profiles
	Sample and data collecting processes
	Measurement of variables
	Analytical methods

	Results
	Reliability and validity
	Common method bias
	Correlation analysis

	Hypothesis testing
	Main effects test
	Mediating effect test
	Matching consistency verification

	Discussions and implications
	Theoretical implications
	Managerial implications
	Limitations and future research

	Data availability
	References
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




