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ABSTRACT The ability to continuously innovate has been widely realized as crucial for organizations
to survive and be sustainable. One of the keys to successful innovation in a turbulent environment is
leadership from top management and executives in organizations. Moreover, the role of knowledge-oriented
leadership in promoting innovationwithin organizations has received considerable attention in recent studies.
However, past studies have been more focused on the indirect impact of knowledge-oriented leadership
instead of the direct impact of innovation capability. Therefore, this study examined both the indirect and
direct impacts of knowledge-oriented leadership on fostering innovation capabilities through data analytics
maturity. Data were collected from 114 participants working in medium and large organizations across
different industries in Indonesia using a web-based questionnaire. Data were analyzed using partial least
squares-structural equation modeling (PLS-SEM). Results show that knowledge-oriented leadership has a
significant direct impact on innovation capabilities, especially on explorative innovation. The results also
show that knowledge-oriented leadership has a strong indirect impact on both explorative and exploitative
innovation through data analyticsmaturity. Hence, this study confirms that as a third-order construct compris-
ing five dimensions (organizational culture, data governance, strategy management, skills and technology),
data analytics maturity plays an important role in fostering explorative and exploitative innovation in
companies.

INDEX TERMS Data analytics, exploitative innovation, explorative innovation, innovation capabilities,
knowledge-oriented leaderships.

I. INTRODUCTION
In order to survive in a dynamic and highly competitive busi-
ness environment, organizations are encouraged to contin-
uously innovate. Continuous innovation utilizes knowledge
assets to face challenges, seize opportunities, and maintain
the organization’s relevance and success in the long term.
There are two main types of innovation, namely explo-
rative and exploitative. Research shows that organizations
that can introduce exploitative and explorative innovation
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simultaneously will improve the organization’s financial per-
formance [1]. Explorative innovation aims to create new
products or processes that are different from existing prod-
ucts or processes, which requires new knowledge or changes
to existing skills [2]. Exploitative innovation aims to meet
existing customer needs and improve existing processes or
products based on existing knowledge [2]. Through exper-
imentation and continuous adaptation, innovation enables
organizations to create a unique and difficult-to-replicate
value proposition, which is then strengthened by technolog-
ical advances [3]. However, most companies still experience
difficulties balancing explorative and exploitative innovation
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due to the competition for scarce resources, which often leads
to conflicts and inconsistencies between these activities [4].
The proliferation of digital technologies has revolutionized

how organizations collect, store, and analyze data, enabling
the use of data-driven decision-making to achieve strategic
objectives. With the advent of big data and advanced data
analytics, organizations are able to capture large volumes
of data from diverse sources, including social media, sen-
sors, and transactional systems [5]. Research also shows that
organizations embracing data analytics are more likely to
outperform their peers in innovation, productivity, and prof-
itability [6]. Data analytics allows organizations to identify
patterns, trends, and correlations in their data, enabling them
to make accurate decisions [7]. Therefore, one of the areas
that is starting to gain researchers’ attention in the informa-
tion technology literature is how data analytics can facilitate
innovation [8].

The study in [9] also showed that there is a close and
positive relationship between data analytics and innovation
because data acquisition could encourage the formation of
new knowledge. New knowledge produced from the data
analytics process could support some types of innovation
better than others [8]. Furthermore, a key factor contributing
to increased innovation is the level of data analytics capa-
bilities within an organization [10]. These capabilities could
encourage organizations to build their data analytics maturity,
which refers to their ability to effectively collect, analyze,
and gain insight from large volumes of data [11]. Hence,
to fully harness the power of data analytics, organizations
need to invest in tangible assets such as tools, infrastructure,
and technology [12], [13] and also in intangible assets such
as human resources and strategy [14].
Despite the benefits of data analytics, many organizations

still struggle to gain business value and insight from data
analytics results [15]. Research showed that organizations
could increase productivity by 5% and profitability by 6% if
they successfully implement data analytics [15]. Hence, orga-
nizations need guidance to develop data analytics capabilities.
One of the tools often used by organizations for guidance
is the maturity model, which contains the success factors
needed to build specific capabilities [5].
Past research has shown that knowledge-oriented leaders

can create an innovation culture [16]. Previous studies have
examined how leadership can increase innovation capability
through various mediating variables. While authors in [16]
used knowledge management as a mediating variable, study
in [2] used organizational culture as a mediating variable.
This study was executed in Indonesia, in which power dis-
tance is considered high, and the companies have a strong
culture of following the leaders. In this context, it is interest-
ing to investigate leadership’s influence on exploitative and
explorative innovation mediated by data analytics maturity.
This study will contribute in two ways: firstly, to examine
the data analytics maturity as a third-order construct, and
secondly, to examine its mediating role in the relationship

between knowledge-oriented leadership and both explorative
and exploitative innovation.

II. THEORETICAL BACKGROUND
A conceptual framework is helpful as a ground base to
develop a research model. This section explains the under-
lying concepts used to develop the hypothesis and build the
conceptual framework based on extending the resource-based
view from Barney [17].

A. RESOURCE-BASED VIEW ON DATA ANALYTICS
The resource-based view has been widely used by researchers
to build research models. It argues that a firm’s competitive
advantages can be leveraged by deploying a set of spe-
cific resources that are ‘‘valuable, rare, imperfectly imitable
and non-substitutable’’ [17]. A few scholars, such as [12],
[13], and [14], adapted the resources-based view to build a
conceptual model that helps organizations understand and
organize their data analytics capabilities to get value from
their data. They found that it is crucial for firms to build
organizational capabilities, which are a firm’s strength and
competitive advantage. Hence, this study also proposes that
data analytics maturity could be a key capability to build a
firm’s competitive advantage. For instance, authors in [12]
and [13] identified three primary resources to build data
analytics capability, namely intangible, tangible, and human
resources. Furthermore, authors in [14] introduced threemain
dimensions of data analytics capability: infrastructure flex-
ibility, management capabilities, and personnel capability.
Therefore, this study aims to enrich the body of knowledge
on data analytics, by proposing a new set of dimensions based
on data analytics maturity model literature.

B. DATA ANALYTICS MATURITY
Data analytics capabilities are a company’s ability to utilize
analytical tools and processes to examine vast amounts of
data to gain insights for decision-making [18]. Data analytics
capabilities include statistical techniques, data visualization
techniques, and dashboards that can hasten organizational
decision-making processes [18]. Organizations may struggle
to exploit the full potential of large amounts of data to make
effective decisions and maintain a competitive advantage if
the organization does not achieve a high enough data analytics
maturity level. In other words, data analytics maturity can be
described as an organization’s ability to integrate, manage,
and utilize relevant internal and external data sources into
decision-making processes [19].

The use of data analytics is increasingly popular because
it allows companies to make effective business decisions
through the optimization of data-based business processes
rather than relying solely on intuition [19]. Despite a growing
interest in data analytics, only a small number of com-
panies have the necessary analytical capabilities, including
infrastructure, human resources, and effective management
skills, to meet analytics requirements [19]. Although previous
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research has highlighted the relationship between data analyt-
ics and innovation [1], [20], there is a need for further research
on how data analytics mediates the relationship between
knowledge-oriented leadership and innovation capabilities,
namely exploitative innovation and explorative innovation.

1) ORGANIZATIONAL CULTURE
The organizational culture dimension is the most widely
used dimension in the data analytics maturity models devel-
oped by authors in [5], [11], [21], [22], [23], and [24]. The
organizational maturity dimension focuses on understanding
individual and collective attitudes toward big data and data
analytics [25]. There are two main aspects of the organiza-
tional dimension, namely the individual aspect (skills) and
the collective aspect (culture). The skills aspect evaluates the
extent to which employees in the organization are aware of
the potential of data analytics technology and have the skills
to implement it. The culture aspect assesses the extent to
which the organizational culture acknowledges data analyt-
ics as important and reliable [25]. Leidner and Kayworth
[26] also defined culture as the norms, values, and patterns
of organizational behavior that are explicitly and implicitly
established over time and lead to a systematic approach to
data collection, analysis, and distribution. While skills and
culture may have different maturity levels, some studies com-
bine aspects of skills and culture into a single dimension of
organizational maturity. At the collective level, the maturity
of a data analytics culture is determined by the level of
confidence that an organization has in the results big data ana-
lytics provides [25].Moreover, to transform into a data-driven
organization, companies must prioritize the establishment of
a suitable corporate culture, as well as leadership and com-
munication strategies within the organization [27]. Hence,
the ability to develop, acquire, and orchestrate human and
organizational resources becomes crucial in providing sup-
port for data analytics activities throughout the organization
[28]. Therefore, this research proposes that the dimensions of
culture and skills should be separate from the dimensions of
organizational maturity.

Data is used to create knowledge to help organizations
make decisions [12]; hence, data-driven culture is considered
as an important sub-dimension in organizational culture. The
concept of an IT-business unit partnership is also a critical
sub-dimension since collaboration and coordination in data
analytics activities are important for IT technical issues and
business strategy across the organization. Hence, coordina-
tion between IT departments and business divisions is crucial
for developing data analytics maturity. Business–IT partner-
ships refer to a firm’s ability to foster collaboration between
IT and business units that use the technology, thus facili-
tating users’ understanding of the potential power of data
analytics [29], [30]. Collaboration and coordination between
IT and business divisions and units is vital for organiza-
tions to benefit from data analytics utilization. Collaboration
includes disseminating information about new technologies,

managing data analytics projects, and sharing knowledge
between members [5]. Hence, collaboration is also con-
sidered an important sub-dimension of organizational cul-
ture. Therefore, this research proposes splitting culture into
three sub-dimensions: data-driven culture, collaboration, and
IT–business partnerships.

2) DATA GOVERNANCE
Data governance refers to the framework that a company
adopts to establish the rights and obligations associated with
handling data as an asset of the company [31]. The main
objective of data governance is to recognize data as a valuable
resource for the organization [32]. In this context, data assets
are defined as information with potential value and, therefore,
require documentation [33]. The main difference between the
concepts of governance and management is that governance
refers to the decision-making process and the individuals
responsible for making these decisions to ensure the manage-
ment and utilization of resources. In contrast, management
encompasses the execution of implemented decisions [34].
Khatri and Brown [34] identified five decision domains in
data governance that must be considered as sub-dimensions
of data governance maturity. This framework contains five
interrelated decision domains: 1) data principle, 2) data
quality, 3) metadata, 4) data access, and 5) data lifecycle.
However, several adjustments have beenmade for this current
study.

Data principles aim to establish requirements for using
data assets that meet company data quality standards [35].
Hence, data quality is considered as a sub-dimension of data
governance. In addition, the data life cycle is the process of
defining, collecting, creating, using, maintaining, archiving,
and deleting data [34]. Hence, data management becomes an
important part of data governance, so this study uses the term
data management to replace the term data life cycle.

Companies collect data from various sources, which often
include inconsistent, incomplete, and incorrect data, caus-
ing complexities with data integration and standardization
[27]. Therefore, companies must ensure data is gathered,
stored, and managed in a secure, precise, and efficient man-
ner [36]. Thus, security and privacy are the most frequently
raised issues regarding using data as an asset. Therefore, this
research uses the sub-dimension of data security and privacy.

Access to quality data is essential for organizations to
make good decisions, especially in the innovation process.
The utilization of external knowledge sources as opposed to
solely relying on internal sources of knowledge, has garnered
significant interest in the existing literature [37]. One of the
success factors for explorative or radical innovation is the
use of external knowledge [38]. Studies in the manufacturing
industry reveal that innovation outcomes are enhanced when
knowledge and information from external sources are uti-
lized [39]. Furthermore, the rapid distribution of data results
in increased knowledge-based value creation, accelerating
the innovation cycle and the creation of new products [40].
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Hausladen and Schosser [41] also argue that the management
of data sources is important in organizations. Thus, external
and internal data source diversity is vital to encourage the
implementation of data analytics in the company’s innova-
tion process. Hence, data source diversity is also important
for data governance. This research proposes splitting data
governance into four sub-dimensions: data management, data
quality, data security and privacy, and data source diversity.

3) SKILLS
Several studies have highlighted the importance of people as
part of data analytics capability, such as [5], [7], [10], [21],
[24], [42], [43], [44], and [45]. Instead of focusing on people,
this study proposes to highlight skills, where this dimension
focuses on developing employees’ or organization members’
abilities, knowledge, and competencies to support the use of
data analytics. Moreover, employees are considered crucial
stakeholders in the data collection process [46] because of
the knowledge and skills they possess. Hence, to improve
data analytics capabilities, companies must develop techni-
cal, relational, and business knowledge and skills [14].
Since data analytics depends on the competence of each

individual in the company, it is important to separate the skills
dimension from the organizational dimension. The skills
dimension needs to be separated from the cultural dimension
so that organizations can focus on building internal capabil-
ities, such as the skills and knowledge needed to implement
data analytics. In other words, the skills dimension focuses on
the types of competencies that each individual or employee
in the organization must have. Because employees’ and
managers’ knowledge regarding digitalization and analytical
capabilities can be seen as limited resources [42], companies
need to increase employees’ knowledge and abilities through
training. Therefore, it is necessary to identify what kind of
skills employees must master to encourage the use of data
analytics in the company.

Studies in the field of data science develop methodologies
and models that convert raw data into valuable informa-
tion, knowledge, and actionable strategies [27]. This can be
accomplished by utilizing significant big data sources, along
with relevant technologies and techniques [27]. Moreover,
acquiring data science skills is crucial for advancing data ana-
lytics proficiency because such skills empower organizations
to effectively analyze and interpret vast quantities of data,
which ultimately yields valuable insights [14]. Consequently,
the mastery of data science skills is essential for employees
to uncover patterns, correlations, and trends within data sets,
promoting business growth and fostering innovation within
organizations [47].

Analytical skills are closely related to problem-solving
abilities. Data analytics frequently involves the use of
data-driven approaches to identify and resolve complex busi-
ness problems [48]. Thus, analytical skills allow employees
to break down complicated problems into more manageable
components, construct hypotheses, and assess them using

appropriate analytical techniques [48]. Moreover, analytical
skills empower employees to evaluate the effectiveness of
data analytics initiatives, identify gaps in capabilities, and
propose strategies to enhance data analytics maturity [27].
Therefore, analytical skills play a crucial role in improving
data analytics maturity as they facilitate recognizing oppor-
tunities, optimizing processes, and fostering innovation in
organizations [48].

Communication skills are also considered crucial for
developing data analytics maturity. Xu et al. [48] argued
that effective communication plays a vital role in convey-
ing insights derived from data analysis to stakeholders. This
includes the visual presentation of data, explanations of sta-
tistical analyses, and the interpretation of findings resulting
from data analysis [48]. This is because data analysts are
encouraged to be proficient in effectively communicating
complex technical concepts to non-technical audiences, such
as business unit managers.Moreover, data analysts frequently
work within interdisciplinary teams, where effective commu-
nication is necessary for coordination, information sharing,
and conflict resolution [49]. Hence, clear and concise com-
munication guarantees that team members comprehend their
respective roles and responsibilities, leading to more efficient
and effective collaboration. Thus, this study proposes three
skills: analytical, communication, and data science skills.

4) STRATEGY MANAGEMENT
The importance of strategy as a main capability in data ana-
lytics maturity has been mentioned in a number of studies [5],
[24], [25], [27], [41], [42], [50]. The importance of strategic
practices in data analytics initiatives lies in their potential
to produce desired outcomes and performance [42]. Hence,
organizations need a data science or analytics vision, strategy,
and roadmap that can be utilized to overcome the challenges
of moving toward a data-driven organization [27]. Notably,
strategic IT alignment has been highlighted as amajor success
factor in IT investment [51]. Thus, strategic alignment in
data analytics is important for improving the data analyt-
ics maturity level. Companies are also urged to develop a
comprehensive strategy to make sure that the data analytics
strategy supports business processes [42]. Therefore, strategy
management is important for implementing the use of data
analytics in organizations. Thus, this study proposes two
main sub-dimensions in strategy management, namely data
analytics strategy and strategic alignment.

5) TECHNOLOGY
An organization’s ability to deploy and manage infras-
tructure, tools, and technology is becoming increasingly
important [44]. Maroufkhani et al. [52] highlighted the suc-
cessful use of technology as one of the main success factors
in big data analytics adoption. The emergence of big data
and open-source cloud computing have become significant
ways to generate effective technology usage in support-
ing the company’s data analytic capabilities [44]. Business
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intelligence (BI) technology in a data warehouse environment
also offers flexibility in data administration and monitoring,
enabling efficient analytical processing [35]. Thus, data ware-
housing and BI technology are considered sub-dimensions of
technology capability.

Maturity in technology use is also required to ensure that
data is accessed and employed through the utilization of
the most potent and efficient software and hardware [27].
Hence, organizations need to identify and assess potential
tools and suitable applications to exploit the capabilities of
data analytics [53]. Cosic et al. [21] define IT tools as a
separate dimension in data analytics maturity focused on
supporting the data analysis process. They propose putting IT
tools into two separate dimensions, namely business analytics
technology and visualization analytics technology.

Authors in [25] and [43] highlighted the importance of
IT infrastructure in the technology dimension. Moreover,
the advancement of IT infrastructure is driven by the extent
of technology employed in the storage and processing of
data analytics [25]. Halaweh and Massry [54] argued that
organizations should be supported by a comprehensive IT
infrastructure, including high-capacity storage and powerful
processors to facilitate extensive data analysis. The absence
of flexibility in accessing adequate infrastructure for testing
and deployment of data analytics solutions can impede data
analysis [43]. Hence, this study also includes IT infrastructure
capability as a sub-dimension of technology capability. Thus,
this study proposes three main sub-dimensions in technology:
IT infrastructure and capability, data analytics tools sophis-
tication, and data warehouse and business intelligence (BI)
technology. Appendix A describes the data analytics maturity
dimensions used in this study.

C. INNOVATION CAPABILITIES
A company’s innovation capability is defined as its ability,
compared to its competitors, to collectively apply knowledge,
skills, and resources in innovation to add value to the com-
pany [65]. In order to compete, companies are encouraged
to innovate incrementally (exploitative innovation) and radi-
cally (explorative innovation) [66]. Therefore, ambidextrous
organizations can carry out both types of product and process
innovation [67].

Exploitative innovation ensures reliable implementation
of current business processes, so the focus of exploita-
tion is maintaining sustainable business processes to meet
commitments to external and internal stakeholders, as well
as meeting the efficiency levels required by the company
[68]. Exploitative innovation is also designed to meet exist-
ing customer needs by building on existing organizational
knowledge [2].
Explorative innovation experiments with new features and

is related to flexibility [3]. Exploration activities are driven
more by opportunities than internal process problems, and
their main goal is to encourage innovation, growth, and
effective and efficient utilization of business and technical

opportunities [68]. Moreover, explorative innovation is aimed
at new customers or market needs [2]. Therefore, in contrast
to exploitation, which is driven by current practices, explo-
ration focuses on future practices or new opportunities that
may occur [68]. Thus, organizations with strong exploration
capabilities are generally highly sensitive to external environ-
mental changes.

D. KNOWLEDGE ORIENTED LEADERSHIP
Good leadership is closely related to the ability of top-level
executives or senior managers to instill the practice of
data-based decision-making in the organization [44], [69].
Researchers such as [7], [10], [21], [23], [44], [45], [54],
[55], and [70] emphasize the importance of good leadership
to encourage the application of data analytics. Furthermore,
data analytics is resource-intensive and relies on collabo-
ration between different units [7]. Therefore, the influence
of management support and attitudes towards change are
key factors in determining technological innovation adoption
[71], [72]. Knowledge is an important aspect of leadership
for effectively implementing data analytics. Therefore, the
leadership term used in this study is knowledge-oriented
leadership, where managers are able to simultaneously sup-
port exploration (i.e., creation) and exploitation innovation
(i.e., storage, transfer, and application) initiatives [16].

III. MODEL DEVELOPMENT
A. THE DEVELOPMENT OF DATA ANALYTICS MATURITY AS
A THIRD-ORDER CONSTRUCT
Recent research argues that the power of data analyt-
ics to influence business outcomes can be formed indi-
rectly by developing higher-order dynamic capabilities [14],
[73]. Therefore, data analytics is repeatedly identified as
a multidimensional hierarchical construct with lower-level
sub-dimensions that define the main dimensions [74]. For
example, research by Gupta and George [12] and Wamba
et al. [14] suggest data analytics capabilities as a higher-order
construct because data analytics capabilities are the result
of the orchestration of tangible assets, intangible assets, and
human skills.

FIGURE 1. Data analytics maturity model.
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Sarstedt et al. [75] also argue that higher-order con-
structs can reduce collinearity among formative indicators
by reorganizing indicators and constructs across concrete
sub-dimensions of more abstract constructs. In general,
a higher-order modeling approach allows the pathways and
relationships in the model to be more easily understood
[74]. Another important thing to consider in building a
data analytics maturity model is the detailed dimensions of
existing maturity models [76]. Therefore, this research will
develop a data analytics maturity model by considering exist-
ing dimensions from previous models. The data analytics
maturity construct in this research will be conceptualized
as a third-order construct composed of five second-order
constructs (organizational culture, data governance, skills,
strategic and technology management) and 15 first-order
constructs. Fig. 1 shows the data analytics maturity model
proposed in this research, and Fig. 2 displays the high-level
construct for data analytics maturity.

FIGURE 2. Higher-order construct of data analytics maturity.

B. THE INFLUENCE OF DATA ANALYTICS MATURITY ON
INNOVATION CAPABILITIES
Companies can analyze and understand large volumes of
diverse big data using data analytics [77], thereby allowing
them to recognize gaps that open up opportunities or areas for
improvement that can be tackled through innovation [14]. For
instance, data analytics can identify customer needs, detect
operational inefficiencies, monitor competitors, and develop
predictive models of market conditions [20], [78]. Strong
data analytics capabilities enable companies to elevate per-
formance levels across departments, from marketing, sales,
operations, and supply chain management. Wamba et al. [14]
found that organizations with data analytics and big data

capabilities exhibited better innovation capabilities due to
collecting valuable information from large and diverse data.

High data analytical capabilities have the potential to
support or even replace human decision-making by automat-
ing responses to the insights that are generated [28]. By
leveraging data analytics, companies are able to consolidate
the flow of knowledge about existing products and market
trends throughout the organizations using integrated tech-
nologies [1], [59]. Therefore, companies with a certain level
of maturity in applying data analytics will be more able
to balance exploitative and exploratory innovation activities.
Thus, this research hypothesizes that data analytics maturity
could increase organizations’ explorative and exploitative
innovation capabilities. Fig 3. shows the conceptual model
proposed in this research. The dotted lines represent indirect
effects, while the solid lines represent direct ones. Hence, this
study proposes the following hypotheses:
H1: Data analytics maturity has a significant positive

impact on explorative innovation
H2: Data analytics maturity has a significant positive

impact on exploitative innovation

C. THE INFLUENCE OF KNOWLEDGE-ORIENTED
LEADERSHIP ON DATA ANALYTICS MATURITY
The significance of knowledge-oriented leadership for inno-
vation has grown during the transition from the industrial
era to the knowledge era [79]. Leadership plays a dominant
role in enabling organizations to acquire, apply, and share
corporate knowledge, which drives the spread and implemen-
tation of new commercial ideas [79]. Because data analytics
requires a lot of data and analytical tools to produce knowl-
edge, corporate leaders must secure, absorb, understand,
and integrate new knowledge and ideas [80]. Furthermore,
knowledge-oriented leaders will base decisions and activities
on their insights. However, data analytics activities are not
formed and carried out only as technical activities but need to
be developed as capabilities across the company [20]. There-
fore, knowledge-oriented leadership is needed to support
every data analytics activity in the company and establish data
analytics maturity. Hence, this study proposes the following
hypothesis:
H3: Knowledge-oriented leadership has a significant pos-

itive impact on data analytics maturity

D. THE INFLUENCE OF KNOWLEDGE-ORIENTED
LEADERSHIP ON INNOVATION CAPABILITIES
Leaders can facilitate knowledge sharing and collabora-
tion among employees by providing the necessary resources
and incentives, thereby breaking down silos to promote
cross-functional collaboration and generating new insights
and ideas for innovation [16]. Because explorative and
exploitative innovation involve very different activities, they
require different skills and leadership styles [2]. Leader-
ship also plays an important role in balancing the forces
of VOLUME XX, 2017 3 exploration, such as innovation
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FIGURE 3. Conceptual model.

and change, and the forces of inertia for exploitation [81].
Leaders must make decisions and take actions that resolve
these contradictory forces, enabling the company to bal-
ance exploration and exploitation innovation [2], [82] which
will be possible when leaders or managers encourage their
employees to participate in knowledge-based activities [83].
Thus, knowledge-oriented leaders will encourage company
members to continue to innovate while balancing exploitative
and explorative innovation. Thus, this study hypothesizes that
knowledge-oriented leadership will increase exploitative and
explorative innovation capabilities. While Table 1 shows the
role of each variable used in this research, this study proposes
the following hypotheses:
H4: Knowledge-oriented leadership has a significant pos-

itive impact on explorative innovation
H4a: Data analytics maturity positively mediates the rela-

tionship between knowledge-oriented leadership and explo-
rative innovation

TABLE 1. Roles and description of research variables.

H5: Knowledge-oriented leadership has a significant pos-
itive impact on exploitative innovation
H5a: Data analytics maturity positively mediates the

relationship between knowledge-oriented leadership and
exploitative innovation

IV. RESEARCH METHOD
A. SURVEY INSTRUMENTS
Questionnaire items were developed based on past research.
The items were measured using a Likert scale ranging from 1
(‘‘Strongly disagree’’) to 5 (‘‘Strongly agree). For example,
the items to measure knowledge-oriented leadership were
adapted from Donate and De Pablo [16], who used four
indicators: leadership creates an environment for responsi-
ble behavior, managers promote learning from experience,
managers promote the acquisition of external knowledge,
and managers reward employees who share knowledge. The
indicators to measure exploitative and explorative innovation
as dependent variables are based on Jansen et al. [3] and
comprise six items for explorative innovation and six items
for exploitative innovation.

Organizational culture comprises several sub-dimensions,
such as data-driven culture, IT-business partnership, and col-
laboration. The measurement items of data-driven culture are
based on Gupta and George [12], Hajiheydari et al. [55], and
Cosic et al. [69], and indicators of IT-business partnership are
based on Ravichandran et al. [60] and Tian et al. [61]. The
sub-dimension of collaboration is measured by four items
from Brinch et al. [42] and Hornick [50].

On the one hand, data governance comprises four sub-
dimensions: data sources diversity, data security and privacy,
data management, and data quality. Data source diversity
was measured by two indicators related to how the company
collects data either from internal sources or both external
and internal data sources. Data security and privacy were
measured by three indicators from Paul et al. [84]. Addition-
ally, measurement items of data management were adapted
from Gupta and George [12]. Seven indicators were also used
to measure the sub-dimension of data quality, which were
adapted from Wang and Strong [85].

Analytical, communication, and data science skills were
also operationalized based on past research from Matin et al.
[86], Power [87], and Tippins and Sohi [88]. Furthermore, the
measurement indicators of data analytics strategy, strategic
alignment, and IT infrastructure and capability were adapted
from Akter and Wamba [89]. Additionally, six measurement
items from Ghasemaghaei et al. [53] were used to measure
data analytics tools’ sophistication. Indicators of data ware-
house and business intelligence technology were adapted
fromGupta and George [12]. The complete questionnaire can
be seen in Appendix B.

B. SURVEY PRE-TESTING
The questionnaire was first tested before being distributed
to the full sample of respondents. Pre-testing was carried
out on 15 randomly chosen respondents– ten respondents
who were experts on data analytics from the service, finance,
manufacturing, and technology sectors and five who were
academics at educational institutions. These fifteen respon-
dents had a background in data analytics to ensure they could
understand the questionnaire questions so that the researchers

VOLUME 11, 2023 129689



D. R. A. K. Kadarsah et al.: Role of Knowledge-Oriented Leadership in Fostering Innovation Capabilities

could test whether the questions were clear enough and easy
to understand. Huang et al. [90] also randomly pre-tested
ten respondents to confirm the clarity of the survey ques-
tion items. Respondents were asked to fill out the survey
and provide feedback regarding the appearance and content
of the survey questions. The questionnaire items were then
modified based on the pre-test feedback.

C. DATA COLLECTION
The questionnaire was compiled in Google Forms for easy
access and data collection. The questionnaire was dis-
tributed to medium-sized companies (20–99 employees) and
large-sized companies (100 or more employees) in Indone-
sia. There were three criteria for selecting respondents: the
respondent’s position in the company could be no lower than
a junior manager, the company implements data analytics in
daily activities, and the respondent has experience in using
data analytics. The respondents’ departments or divisions
were not taken into account, assuming that data analytics
can be utilized in all company divisions, including human
resources, marketing, operations, finance, IT, supply chain,
and research and development. The questionnaire was dis-
tributed from May – October 2023, and 181 respondents
filled out the questionnaire. However, 67 respondents did not
meet the research criteria. Therefore, only 114 samples were
processed for analysis using SmartPLS software version 3.0.

D. MEASUREMENT MODEL
The measurement model shows how the observed variables
can represent latent variables to be measured, so validity and
reliability testing was carried out [91]. These tests evaluated
each measurement item’s accuracy (reliability) and conver-
gent and discriminant validity [91].

1) CONVERGENT VALIDITY
Validity refers to whether a research instrument’s measure-
ment attributes are valid. Outer loading is a table containing
loading factors showing the magnitude of the correlation
between indicators and latent variables used in validity test-
ing. The validity testing procedure measures convergent
validity and compares the item score (component score) with
the construct score, producing a loading factor value, where
validity is considered good if the component or indicator
correlates > 0.70 with the construct to be measured [91].
However, for research in the early stages of development,
a loading factor of 0.5– 0.6 is considered sufficient [92].
Measurement evaluation was done by using the coefficient
path algorithm function in Smart PLS version 3.0 to obtain
measurement model test results. In addition, the AVE mea-
sure is used to assess convergent validity testing [91]. AnAVE
value of ≥ 0.5 confirms convergent validity [91].

2) INTERNAL CONSISTENCY RELIABILITY
Reliability measures whether results can be trusted and
whether they provide relatively consistent measurements.

In order to measure reliability, coefficient alpha or Cronbach
alpha and composite reliability are used. Ameasurement item
can be reliable if it has an alpha coefficient value >0.6 [91],
[93] and the accepted composite reliability value is>0.7 [94].
The Cronbach alpha value is the lower limit for reliability, and
composite reliability (CR) is the upper limit for internal con-
sistency reliability [94]. Additionally, rho_a values usually
lie between these limits and represent the construct’s internal
consistency reliability, assuming the model is correct [94].
Hair et al. [94] also suggested that the CR and CA values
should not exceed 0.95 to avoid indicator redundancy, which
would impact content validity.

3) DISCRIMINANT VALIDITY
Discriminant validity assessment ensures that the reflective
construct has the strongest relationship with its indicators
(e.g., when compared with other constructs) in the PLS-SEM
path model [94]. Three criteria are used to assess discrim-
inant validity: the Fornell-Larcker criteria, cross-loadings,
and the heterotrait-monotrait ratio of correlations (HTMT)
[94]. Because the model construct is first-order reflective
and higher-order formative, the discriminant validity value
is only carried out in stage 1 for the first-order reflective
constructs. In the case of the embedded two-stage approach,
the model must be assessed only in the first stage because
stage two uses the latent variable scores from the output
of stage one as a single item, which makes validation on
the basis of items meaningless [75]. Therefore, discrim-
inant validity assessment is only carried out in the first
stage.

E. STRUCTURAL MODEL
According to Hair et al. [94], there are several criteria used
to test the structural model, namely, the significance of path
coefficients, R2 value, predictive power (Q2), and effect size
(f2). Before testing the structural model, it is necessary to
identify whether there is collinearity between constructs.
The variance inflation factor (VIF) value checks collinearity
between constructs, with the maximum accepted VIF limit
value being 5 [91].

1) SIGNIFICANCE TESTING
Besides testing the hypotheses, significance testing was used
to see whether each low-order construct was a high-order
dimension [94]. In other words, significance testing can con-
firm whether each sub-dimension (e.g., data-driven culture,
collaboration, and IT-business partnership) is forming the
construct of data analytics maturity dimension (e.g., orga-
nizational culture). Significance testing in this study uses
bootstrapping techniques with a confidence level of 0.05 or
5%. Because the relationship between variables (positive
or negative) was clear, a one-way (1-tailed) test was used.
In using one-tailed hypothesis testing, the statistical t-value
must be > 1.64.
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2) R-SQUARE
The R-square (R2) measures the changes in exogenous vari-
ables to endogenous variables [94]. If the R-square (R2) value
is 0.67, then the model is considered good, 0.33 value is
considered moderate, and 0.19 is weak [92]. R-square is also
referred as the predictive power of a sample [94].

3) Q-SQUARE
To assess the predictive relevance of the PLS path model, the
Q-square (Q2) value needs to be calculated [94]. As a guide-
line, the Q2 value should be greater than zero for a particular
endogenous construct to indicate the predictive accuracy of
the structural model for that construct sample [94]. In other
words, if the Q2 value is less than 0 (zero), it will show that the
model lacks predictive relevance. However, if the calculation
results show a Q2 value of more VOLUME XX, 2017 3 than
0 (zero), then the model can be said to have predictive rele-
vance. As a rule of thumb, Q2 values higher than 0, 0.25, and
0.50 depict the PLS path model’s small, medium, and large
predictive relevance sample [94]. Q2 results can be seen in
the blindfolding algorithm in SmartPLS software.

4) F-SQUARE
The effect size (f2) is a measure that quantifies the mag-
nitude of the difference or relationship between variables.
The condition is that if the f2 value is 0.02, the latent pre-
dictor has a small influence, 0.15 has a medium influence,
and 0.35 has a large influence at the structural level sam-
ple [94]. Hair et al. [91] argue that the f2 value may be
redundant for the results of path coefficients. This is because
the ranking order of the predictors in explaining the depen-
dent (endogenous) construct in the structural model is often
the same when comparing the size of the path coefficient
and the size of the f2 effect. However, the f2 results and the
significance of the path coefficients may differ, for exam-
ple, due to mediation effects [91], [94]. Since this research
has a mediating variable, this research still includes the
f2 value.

V. RESULTS
A. RESPONDENTS’ PROFILE
Table 2 shows that out of 114 respondents, 11.40% respon-
dents were from medium companies (20–99 employees) and
88.60%were from large companies (100 ormore employees).
Furthermore, 68.52% of respondents had more than four
years of work experience, which indicates that the major-
ity of the respondents already have knowledge about the
implementation of data analytics tools. In terms of com-
pany age, it is harder to confirm exploitative innovation in
younger companies (1–9 years) since most young companies
are likely to focus on expanding their business by capturing
new opportunities by creating new products and services
rather than strengthening their existing innovation processes.
Around thirty percent of the companies surveyed were aged
1–9 years and thus focused on building their core business.

Thus, smaller companies are more likely to use explorative
innovation.

Moreover, firm size may also influence the results of
this research because large-sized companies dominate this
research. Business activities in large-sized companies are
more mature than in medium-sized companies. Mature com-
panies usually do exploitative innovation as part of their daily
business activities because they are more focused on using
existing knowledge to optimize their production process,
resulting in modifying or configuring their existing products.
Hence, exploitative innovation activities may function bet-
ter than explorative innovation in larger and more mature
companies.

B. TWO-STAGE APPROACH FOR MODEL EVALUATION
According to Ringle et al. [95] and Becker et al. [96], high-
order PLS-SEM can be carried out using repeated indicators
or a two-stage approach. A two-stage approach was used in
this study to test the research model because it can overcome
problems in reflective-formative higher-order constructs and
is more suitable for small sample sizes [75]. It begins by
applying a repeated indicators approach to form the first stage
of the two-stage approach, where testing is only carried out
to assess outer loading without checking the consistency or
reliability of the model [74], [75]. Then, in the second stage,
the construct scores in the form of latent variables from the
results of stage 1 are used as indicators in the high-level
construct measurement model [74], [75].

Since this research uses a third-order construct model, the
test was carried out in three stages. In the first stage, testing
was carried out for lower-order constructs to obtain construct
values as latent variables from each lower-order variable.
Model assessment for first-order variable components was
carried out to see the direct relationships between measured
items and the construct. In the second stage, the latent variable
scores from the first-order components are used to obtain
latent variables for the second-order construct. In the third
stage, the second-order latent variable scores were used as
indicators for the third-order construct. The higher-order con-
struct of data analytics maturity in this research consisted
of 15 first-order constructs, five second-order constructs
(organizational culture, data governance, skills, strategyman-
agement, and technology), and data analytics maturity as a
third-order construct.

Since the indicators of the first-order construct are reflec-
tive, in the first stage, the model was measured by the loading
factor, Average Variance Extracted (AVE), Cronbach alpha,
and composite reliability values. In the second stage, the
latent variable first-order scores (ALT, COLAB, COM, DAS,
DMAN, DRIV, DSP, DW, INF, PART, QUAL, SA, SCI,
SRCS, and TS) were indicators for the second-order construct
measurement. In the third stage, the latent variable scores
from the second-order construct (organizational culture, data
governance, skills, strategy management, and technology)
were used to measure the third-order construct (data analytics
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maturity). Therefore, their validity and reliability must be
tested at all three stages.

C. MEASUREMENT MODEL EVALUATION
The measurement model is evaluated by considering internal
consistency reliability, convergent validity, and discriminant
validity. The measurement model is considered valid if the
AVE value is more than 0.5 [91] and the outer loading is more
than 0.6 [92]. The outer loading values shown in Appendix B
and AVE values shown in Table 3 confirm that all constructs
are valid since the AVE is> 0.5 and the outer loading is>0.6.
Furthermore, the measurement model is considered reliable if
the Cronbach alpha (CA) value is more than 0.6 [91], [93] and
the composite reliability (CR) value is more than 0.7 [94].
Table 3 also shows that all constructs are reliable since the
Cronbach alpha andCRvalues are> 0.6 and 0.7, respectively.
Hence, the measurement items could be considered as
reliable.

Discriminant validity is also used to measure the valid-
ity of the model built using three criteria: cross-loadings,
Fornell-Larcker, and HTMT. Since the square root value of
AVE for each latent variable is greater than the correlation
between other latent variables, the Fornell-Larcker value in
this research has already met the validity criteria. Addition-
ally, the value of HTMT in this study is also below the
threshold value of 0.90, as suggested by [97]. Furthermore,
the cross-loading value in this study also shows that the cor-
relation between the constructs and their indicators is higher
than the correlation with indicators from other constructs.
Hence, based on the cross-loadings, Fornell-Larcker, and
HTMT threshold values, all constructs in first-order reflective
can be considered valid (see Appendix C and Appendix D).

D. STRUCTURAL MODEL EVALUATION
The structural model can be verified by evaluating the coef-
ficient of determination values (R2), the effect size of path
coefficients (f2), predictive relevance (Q2), and the signifi-
cance of path coefficient. Before testing the structural model,
the VIF value is examined, and results in Table 4 show that
the VIF value for each indicator in this study is less than 5,
indicating no multicollinearity between constructs.

Besides the VIF value, Table 4 also shows the t-value
and p-value results for the second-order and third-order con-
structs which indicates significant results for all relationships
between constructs. The results confirm that the 15 first-
order constructs are dimensions for the five second-order
constructs. Furthermore, the five second-order constructs of
organizational culture, data governance, skills, strategy man-
agement, and technology were confirmed as dimensions of
the data analytical maturity construct because the p-value was
significant (< 0.05).

The results of R2 show that the structural model explains
34.5% of the variance for data analytics maturity (R2

=

0.345), 46.3% of the variance for exploitative innovation
(R2

= 0.463), and 45.3% of the variance for explorative

TABLE 2. Profile of respondents.

innovation (R2
= 0.453). Hence, all the R2 values represent

a moderate level of predictive power [94].
The structural model is also evaluated by examining the

effect size (f2) value, which assesses exogenous constructs’
contribution to an endogenous variable. In this study, the
effect size of the relationship between data analytics maturity
and exploitative innovation can be considered a large effect
size (f2 = 0.420), the effect size of the relationship between
knowledge-oriented leadership and data analytics maturity is
also considered a large effect size (f2 = 0.526), and the effect
size of the relationship between data analytics maturity and
explorative innovation can be considered as medium effect
size (f2 = 0.320). However, the effect size of the relation-
ship between knowledge-oriented leadership and explorative
innovation (f2 = 0.060) and between knowledge-oriented
leadership and exploitative innovation only shows a small
effect size (f2 = 0.025).
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TABLE 3. Measurement model results.

This study measures predictive relevance (Q2) using the
blindfolding algorithm in SmartPLS. The value of Q2 should
be more than zero (0) to indicate that variables have good
predictive relevance [91]. Table 5 presents the Q2 values
for the endogenous variables, namely data analytical matu-
rity (DAM), explorative innovation (EXPR), and exploitative
innovation (EXPL). The model has met predictive relevance
because the Q2 value is more than zero. The Q2 values
of exploitative and explorative innovation are classified as
medium values, which means that both models have been
constructed well.

The hypotheses in this research were tested using the PLS
bootstrapping technique. The hypothesis testing was set at a

TABLE 4. T-values, P-values, and VIF values.

TABLE 5. Q-square results.

significance level of 0.05% and one-way (1-tailed). Based
on the results, all hypotheses are supported except for the
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direct relationship between knowledge-oriented leadership
and exploitative innovation. Table 6 shows the results of
hypotheses testing in this research. Even though the results of
hypotheses testing in Table 6 show that knowledge-oriented
leadership has no direct influence on exploitative innovation,
the f2 value indicates that knowledge-oriented leadership still
has a small effect on explorative and exploitative innovation.

TABLE 6. Hypotheses results.

Besides testing direct effects, indirect effects are also
examined through the mediation effect. Table 7 shows that
data analytics maturity mediates the relationship between
knowledge-oriented leadership and explorative innovation
and between knowledge-oriented leadership and exploita-
tive innovation. Specifically, it shows that data analytics
maturity fully mediates the influence of knowledge-oriented
leadership on exploitative innovation. However, data ana-
lytics maturity only partially mediates the relationship
between knowledge-oriented leadership and explorative
innovation since knowledge-oriented leadership already
directly affects explorative innovation. Findings also suggest
that knowledge-oriented leadership has a stronger indirect
impact on exploitative and explorative innovation rather than
the direct impact.

In regards to model fit, it is important to know that the
term model fit has different meanings in the contexts of
CB-SEM and PLS-SEM [98]. The goodness-of-fit statistics
for CB-SEM come from the difference between the empirical
covariance matrix and the theoretical model, while PLS-SEM
focuses on the difference between the observed variable or
dependent variable values and the values predicted by the
model [94], [99]. The criteria used to measure model fit
in PLS-SEM is the standardized root mean square residual
(SRMR), which can be interpreted as the difference between
the observed model correlation and the implied model [94].
A good fit model is a model that meets a threshold SRMR
value of< 0.08 [100]. In this study, the SRMR value is 0.073,
which is <0.08. Therefore, the research model already met
the model fit criteria.

VI. DISCUSSION
A. THEORETICAL CONTRIBUTIONS
The study findings enrich the data analytics literature in
several ways. First, results show that knowledge-oriented
leadership positively impacts data analytics maturity in orga-
nizations. Data analytics is resource-intensive and relies on
collaboration between different departments [7]. Support

TABLE 7. Mediation effect.

from top management is necessary to build a supportive
environment with sufficient resources to accelerate IT inno-
vation [72]. Knowledge-oriented leaders also promote that
knowledge creation in an organization is vital for organiza-
tional development and competitive advantage [101]. Hence,
organizations will encourage the use of technology to support
data analytics processes.

Furthermore, knowledge-oriented leaders will encourage
members to make decisions based on data analytics. Such
leaders can create a knowledge-sharing culture characterized
by openness to ideas so that members of the organization are
comfortable sharing information with each other [2]. There-
fore, organizational members will be encouraged to utilize
tools and data sources to gain new insights. Thus, knowledge-
oriented leadership can increase the company’s data analytics
maturity.

Second, the findings show that knowledge-oriented leader-
ship directly impacts explorative innovation but not exploita-
tive innovation. This may be because 88.6% of the companies
in this research were large companies. Previous studies have
investigated the impact of firm size and age on innovation
performance. Firm size positively influences innovation per-
formance [102], [103] because larger firms often have more
diversified resources, such as financial capital and workforce,
which enables them to invest in new types of innovation
[103]. Diverse expertise in larger firms also contributes to
innovative and creative thinking by enabling companies to
accumulate a larger store of technological knowledge and
skills [104]. Thus, larger firms may invest more resources
in explorative innovation. By contrast, smaller companies
may be more agile and flexible in responding to market
changes [103], allowing them to adopt radical or explorative
innovation quickly.

In this study, 73% of firms were aged more than ten
years, which can be considered as mature organizations.
Firm age may influence innovation [105], [106] because as
a firm ages, its capabilities and expertise expand, enabling
it to effectively and efficiently execute its operations [107].
Older companies tend to innovate more because they are
more likely to build upon their well-established innovative
activities [107]. Hence, the exploitative innovation activi-
ties that result in modifying existing products could already
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TABLE 8. Descriptions of the data analytics maturity dimensions.

operate efficiently and effectively without further guidance
from top management. The results of this study suggest
that knowledge-oriented leadership does not directly affect
exploitative innovation and only directly influences explo-
rative innovation.

Consequently, data analytics maturity plays a crucial role
in mediating the relationship between knowledge-oriented
leadership and exploitative innovation. This study shows
that data analytics maturity has a full mediating effect

on exploitative innovation and a partial mediating effect
on explorative innovation. Knowledge-oriented leadership
means emphasizing the importance of knowledge and taking
advantage of opportunities to innovate [16]. Knowledge-
oriented leadership possibly has a direct effect on explorative
innovation rather than on exploitative innovation because
leaders who encourage experimentation, risk-taking, and
learning from failure create an innovation culture within
the organization. Hence, they foster an environment where
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TABLE 9. Measurement items.
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TABLE 9. (Continued.) Measurement items.

employees feel empowered to generate new ideas and take
calculated risks.

From a more transactional perspective, knowledge-
oriented leadership increases the willingness of organiza-
tional members to exploit existing knowledge [108]. When
an organization has knowledge-oriented leadership, the orga-
nization will more intensively encourage the development
and use of data to create knowledge [16]. However, in the
context of exploitative innovation, other mediating factors

are needed to transform employees’ innovation intention
into concrete behavior, such as innovation activities. Thus,
the results of this study suggest that knowledge-oriented
leadership has a strong indirect influence on innovation
capabilities through data analytics maturity. Hence, the indi-
rect impact of knowledge-oriented leadership is stronger
than the direct impact on innovation capabilities. The find-
ings also indicate that exploitative innovation is leveraged
through data analytics maturity because knowledge-oriented
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TABLE 10. Fornell-Larcker results for first-order reflective constructs.

leaders who provide technical and non-technical resources
will support the data analytics environment, boosting new
product innovation by modifying existing products and
processes.

Third, the results show that data analytics maturity signif-
icantly impacts both explorative and exploitative innovation.
This result aligns with Mikalef et al. [20], who found big
data analytics capabilities positively influence exploitative
and explorative innovation. Liao et al. [1] stated that data
analytics can enable the smooth flow of knowledge within an
organization by integrating tools and technology. In this way,
the organization constantly updates information regarding
products developing in the market. As a result, managers gain
insight into the different needs of each work unit so they can
allocate different resources for exploration and exploitation
innovation [109]. Data analytics can also help organizations
use knowledge assets to facilitate innovation strategies and
better performance [110]. By utilizing diverse internal and
external data sources, employees will be encouraged to utilize
data analytics, thereby encouraging continued exploitation
and exploration innovation.

B. MANAGERIAL IMPLICATIONS
This study has several implications for business practition-
ers. First, executives need to implement data analytics by

considering the five dimensions of the maturity model (orga-
nizational culture, data governance, skills, strategy manage-
ment, and technology) along with the 15 crucial success
factors (sub-dimensions). Thus, to fully benefit from data
analytics implementation, top management must consider
dividing company resources to support those five maturity
dimensions.

Second, companies should not only focus on hard dimen-
sions (technology, skills, and data governance) but also on
soft dimensions such as organizational culture and strategy
management. Top management should provide appropri-
ate technology and efficient data governance and upgrade
employees’ skills through training. Managers also need to
create a data-driven culture and align the data analytics strat-
egy with the business strategy to start creating a data analytics
environment.

Third, to build data analytics maturity, managers should
build leadership capabilities focused on knowledge and data
as primary information sources for decision-making. The
results of this study indicate that knowledge-oriented lead-
ership influences innovation capabilities in companies. In
regard to explorative innovation, managers could support
experimentation and exploring new opportunities in prod-
uct or process innovation by providing a sufficient budget.
Moreover, to fully boost exploitative innovation, managers
could strengthen the flow of information within the company
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TABLE 11. HTMT results for first-order reflective constructs.

by encouraging knowledge sharing and collaboration. There-
fore, managers in Indonesian companies should create and
nurture a mature data analytics environment to foster both
explorative and exploitative innovation because a supportive
environment will balance explorative and exploitative inno-
vation within the company.

C. LIMITATIONS AND FUTURE RESEARCH
While this study offers new insights on the use of data ana-
lytics to support innovation, there are some limitations that
need to be addressed as well as new opportunities for future
research. First, the sample size of this study is relatively
small and focused only in one country, Indonesia. Hence,
future research could increase the sample size, for example,
by gathering data from different countries.

Second, as this research was quantitative, it may not fully
explain the role of each data analytics maturity dimension.
Future studies may conduct longitudinal research to investi-
gate how technology, skills, and data governance play crucial
roles as hard dimensions in data analytics maturity while
culture and strategy management serve as soft dimensions.
Future studies could also examine how different indus-
tries encourage both exploitative and explorative innovation
by improving hard and soft dimensions of data analytics
maturity.

Third, since this study does not specify a certain size of
companies, future research may focus on particular sizes
rather than combining two or three-size groups to investigate
the role of knowledge-oriented leadership in specific sizes
of companies. For example, large-sized companies may give
different results in fostering innovation capabilities through
data analytics maturity.

VII. CONCLUSION
This study investigated the role of knowledge-oriented
leadership on innovation capabilities by highlighting the
importance of data analytics maturity as the mediating vari-
able. The results indicate that knowledge-oriented leader-
ship indirectly impacts both exploitative and explorative
innovation. However, knowledge-oriented leadership has a
strong direct influence on explorative innovation. Nonethe-
less, the results suggest that through data analytics maturity,
knowledge-oriented leadership could foster both explorative
and exploitative innovation within organizations. Hence,
data analytics maturity fully mediates only the relation-
ship between knowledge-oriented leadership and exploitative
innovation. The findings also indicate that data analyt-
ics maturity plays a crucial role in enabling organiza-
tions to effectively utilize knowledge in decision-making.
Organizations that have developed strong data analytics
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capabilities are better equipped to collect, analyze, and
utilize data for innovation. Furthermore, the results suggest
that knowledge-oriented leadership is a key driver of both
exploitative and explorative innovation. Therefore, organiza-
tions must focus on developing knowledge-oriented leader-
ship and enhancing their data analytics maturity to foster a
culture of innovation that encompasses both explorative and
exploitative activities. Ultimately, organizations that priori-
tize and invest in both knowledge-oriented leadership and
data analytics are more likely to achieve successful and sus-
tained innovation capabilities.

APPENDIX A
DESCRIPTIONS OF THE DATA ANALYTICS MATURITY
DIMENSIONS
See Table 8.

APPENDIX B
MEASUREMENT ITEMS
See Table 9.

APPENDIX C
FORNELL-LARCKER RESULTS FOR FIRST-ORDER
REFLECTIVE CONSTRUCTS
See Table 10.

APPENDIX D
HTMT RESULTS FOR FIRST-ORDER REFLECTIVE
CONSTRUCTS
See Table 11.
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