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ABSTRACT

This study examines the impact of data analytics maturity on innovation capabilities in Pakistan's
manufacturing sector, emphasizing the mediating role of knowledge-oriented leadership. It also
investigates the distinct influence of data science skills and data analytical skills on explorative and
exploitative innovation capabilities. This research fills a gap in the literature by exploring how
organizations can leverage data competencies alongside leadership to drive innovation within a
developing economy. A deductive methodology was adopted, with data collected from 354 respondents
in manufacturing firms across Lahore, Faisalabad, Karachi, and Sialkot. Convenience sampling was
employed, and Structural Equation Modeling (SEM) with Smart PLS 4.0 was utilized for data analysis.
To ensure reliability, validity and robustness, the study assessed outer loadings, R-squared values and
variance inflation factors. Results indicate that data analytical skills significantly influence both
explorative and exploitative innovation capabilities, while data science skills have a stronger impact on
explorative innovation. Knowledge-oriented leadership plays a crucial mediating role, reinforcing the
importance of leadership in translating data competencies into innovation outcomes. The empirical
findings confirm that knowledge-oriented leadership enhances both types of innovation, supporting
theories of transformational leadership and organizational learning. The model exhibited strong
explanatory power, with statistically significant path coefficients supporting the acceptance of all
hypotheses. The study underscores that while data capabilities are essential, their impact on innovation
is maximized when complemented by effective leadership. These findings contribute to research on
digital transformation and innovation management, offering practical insights for manufacturing firms
to integrate data-driven decision-making with leadership development. By fostering data analytics
maturity and knowledge-oriented leadership, organizations can enhance their innovation capabilities,
ensuring a sustainable competitive advantage in the era of Industry 4.0.

Keywords: Data analytics maturity, Knowledge-oriented leadership, Explorative innovation,
Exploitative innovation, Manufacturing sector, Structural Equation Modeling (SEM)

1. Introduction

Worldwide, Digital technology and data analysis techniques interventions have fueled major
increase in progress in manufacturing industries [1]. This sort of change is called as Industry 4.0 which
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makes organizations think about the utilizations of data, yield outputs and spark new ideas [2, 3]. Those
manufacturers who are working in emerging markets are starting to look around for getting better ways
to utilize the data analytics leading their selves to cutting-edge innovation [4]. This should help them to
stay competitive in increasingly digitalized world[5].

Right people and right leaders governing those people really matter to direct and utilize the data
effectively and this only happens if they know about the data analytics techniques [6]. This current study
looks in to how good a manufacturing organization is in terms of utilizing the data analytical techniques
which is driven by social sciences and analytical skills. According to ul Amin, Shehzad [7], Knowledge
about the data analytical techniques really help leaders to innovate and explore new ideas in
manufacturing industry of Pakistan. This would really help the manufacturing industries to innovate.
This current study delves into how knowledge-oriented leadership focuses on effective utilizations of
knowledge which helps turn insights from data into lasting innovation.

Although this is a fact that more and more practitioners working in, see data analytics as a major
contributor to apply new ideas [8, 9], lots are having trouble to apply such data analytics and data science
skills in to their advantage [10]. In the developed countries such as US, Japan, Germany have smoothly
blended data driven techniques into their strategies for innovation in automotive making industries [11].

Businesses in developing nations are still facing lot of obstacles, like not having enough professional
skilled workers, missing strong leadership and even though not having the right strategy to share
organized knowledge[12]. Ever since, reaching up with new ideas is essential for a manufacturing
organizations to be competitive and sustainable for a longer period of time in such as challenging world
in chemical industry [12]. In addition to it, it is also necessary to drive out with the things that allow
businesses to explore and exploit new innovations with the help of data science skills and data analytical
techniques [13].

This current research article aims to examine the following objectives, 1) To examine the
relationship between data analytics maturity such as data science skills (DS) and data analytical skills
(DA) on explorative innovation capability (EXP) and exploitative innovation capability (EXI) in the
manufacturing sector of Pakistan, 2) To examine the relationship amongst data science skills and data
analytical skills on knowledge-oriented leadership of employees working in the manufacturing
organizations of Pakistan, 3) To investigate the impact of knowledge-oriented leadership on explorative
innovation capability, 4) To investigate the impact of knowledge-oriented leadership on exploitative
innovation capability in the manufacturing sector context of Pakistan.5) To investigate the mediating
impact of knowledge-oriented leadership between data analytics maturity i.e., data science skills and data
analytics skills leading to innovation capabilities such as explorative innovation capability and,
exploitative innovation capability in the manufacturing context of Pakistan.

The current research has its own significance and adding value in variety of ways both theoretically
and in real-world scenarios. From a theoretical perspective, it is more focused on the manufacturing
industry’s utilization of data analytics capabilities leading to possessing an ability to innovate and
investigate in the developing markets. It also makes leadership focused on the knowledge which connects
the data utilization effectively leading to actual innovative results. On a practical level, these results can
assist manufacturing organizations in Pakistan and in other like nations to raise a culture of giving value
to the data, so that to improve their employee’s skills and implement leadership typologies that encourage
the sharing of knowledge and the development of innovative ideas.
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Internationally, data science skills and data analytical skills have proven their worth in propelling
innovation within the realm of Philippine manufacturing industry [14]. International manufacturing
giants such as General Electric (GE) of United States of America (US), have harnessed the power of
machine learning techniques and predictive analytics to fine-tune industrial processes, leading to a higher
level of jumps in their efficiency and effectiveness [15, 16]. In Asia, China’s “Made in China 2025”
broader plan to chalk down not only but also implementing the big data analytics techniques in their
smart manufacturing practices[17]. Furthermore, the utilization of big data analytical techniques, data
science skills were also witnessed in the north Indian’s manufacturing sector where data analytics
techniques have been applied to boost innovation in supply chain processes and tailor products towards
effectiveness[18].

This above comparative analysis of data analytics maturity techniques in the manufacturing sector
across variety of regions revealed significant disparities in data analytical maturity and innovation
performance [19]. In the developed world, such as USA and Germany, high level of data analytical
maturity is witnessed which correlates with strong innovatory results as evidenced through the filing of
over 150,000 patents respectively[20]. China with a medium to higher level of data analytics maturity,
demonstrated a substantial innovation in terms of performance filing more than 120,000 patents [21]. In
comparison, developing economies like India and Pakistan prove lower levels of data analytics adoption.
India, with a medium maturity level, has a moderate innovation output, with over 80,000 patents filed,
while Pakistan, with the lowest data analytics maturity, lags significantly behind, keeping only 10,000
patents[21].

This tendency underlines the crucial role of data analytics in driving innovation and highlights the
need for developing economies to enhance their analytical capabilities to remain competitive in the global
manufacturing view [22]. Pakistan’s manufacturing industry gets itself at a critical point, where fully
utilizing data analytics could completely revolutionize innovation [23]. Current research article strives
to provide real-world proof of how data science and analytical skills boost exploratory innovation with
prime focus on knowledge-oriented leadership in their processes [24].

To tackle current weaknesses in the manufacturing processes and provide actionable advice, this current
study also hopes to equip manufacturing companies to employ their fullest innovation capabilities shaped
by data based on the prior research undertaken by [25]. The manufacturing landscape is being
transformed, largely driven by digital advancements and the potential of data analytics [26, 27]. As
Industry 4.0 takes hold, manufacturers are finding innovative methods to polish their processes, improve
efficiency and cultivate innovation in SME enterprises [28].

This digital revolution is specifically apparent in developing nations, where manufacturers recognize the
advantage of leveraging data analytics to uncover novel concepts and maintain a competitive edge[27].
However, effective data utilization demands both competent technicians and leaders capable of making
learned decisions derived from data insights [29]. This study examines the impact of a manufacturing
organization’s data analytics proficiency specifically, their expertise in data science and analysis on
their capacity for innovation within Pakistan's manufacturing sector. It further explores how leaders who
prioritize knowledge contribute to translating data revelations into sustained innovation based on the
prior works undertaken. [30].

Finally, following the article’s introduction section is the literature review which sheds light on
empirical relationships between constructs and theoretical reflections behind the research model. After
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literature review, methodology and, then analysis and findings of the results conducted through SMART
PLS 4.0. The final section is comprised of conclusion, discussion, implications and future research.

2. Literature Review

2.1 Innovation Capability

For a manufacturing company, being innovative is all about leveraging its knowledge, talents and
sources to establish fresh, significant products in Vietnamese manufacturing sector organizations [30].
Manufacturing businesses must strike a balance between modification their current processes (recognized
as exploitative innovation) and offering into unknown processes with entirely new concepts that could
be central to different products or their entire business model (recognized as explorative innovation) [25].
Manufacturing organizations that are good at both sorts of innovation organization are dynamic
organizations that really succeed and stay ahead in the long-term perspective [31].

Exploitative innovation boosts how completely things run and how dependable they are by
modifying the ways businesses already operate [32]. It’s all about keeping products stable, making sure
everyone involved is happy and saving money where possible. On the other side, explorative innovation
is about existing adjustable and trying out innovative things to grow and reach new markets [33].
Manufacturing organizations that are really good at exploring are rapid to select up on innovations
happening outside their walls, often pushing them ahead in today’s competitive world [34].

Researchers have extensively highlighted the requirement to reach a good equilibrium between
exploiting innovatory ideas and exploring brand new ideas when it comes to innovation especially in the
context of United Kingdom manufacturing firms [34]. But social scientists still don't have considerable
concrete evidence viewing how a manufacturing company's level of data know-how shapes this
equilibrium, especially in markets like Pakistan. Majority of the studies look at already well-off
economies, leaving us in the dark about how going digital can spark innovation in places where resources
are scarce[35].

If we can see across the world regarding the explorative and exploitative innovation, TESLA is a
good example[36]. With the passage of time they are getting better and better in developing electric cars
under the umbrella of exploring new products and also leading with an example in self-driving
technology and energy storage which comes under the umbrella of exploitative innovation[36]. Toyota’s
is applying technique such as “Kaizen” in their operations, being efficient[37]. At the same time, they
are investing in making products with the assistance of artificial intelligence, which comes under the
umbrella of exploring unique ideas[38]. In Pakistan, automation to develop new things and making
environmental packaging is undertaken by Packages Limited[39].

2.2 Knowledge-Oriented Leadership

Leadership is fundamental when it comes to driving decisions based on data and accepting
innovativeness through technologies [40]. Leaders who prioritize knowledge go beyond the old ways of
managing, promoting both the discovery of new knowledge (exploration) and its practical use
(exploitation)[41]. Good leaders make it easier to share data throughout the company, making sure that
the insights gained from data analysis line up perfectly with the overall objectives [42]. While the link
between leadership and digital transformation is a well-researched topic[43-45], there's a clear lack of
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deep dives into how this link plays out in specifically the manufacturing industries within developing
countries.

Additionally, past studies have often remained persistent on individual leadership traits rather than
examining the formal organizational frameworks that encourage leadership procedures initiated with the
knowledge [46-48]. Around the globe, manufacturing organizations such as General Electric (GE) are
pioneers in this field, integrating Al and analytics into their decision-making, thus fostering a culture that
prioritizes knowledge [49, 50]. In Asia, Samsung's leadership is strategically employing big data to
spearhead breakthroughs in semiconductor technology [51]. Meanwhile, in Pakistan, the Fauji Fertilizer
Company (FFC) is implementing a leadership style concentrated on knowledge to polish their supply
chain management [52].

2.3 Theoretical Justification

Current research presents relationships between data science abilities, data analysis skills, leadership
focused on knowledge and the capacity for innovation. These relationships can be backed up with
established theories. When research discussed about direct effects, we mean the straight-up, immediate
way one factor affects another. For example, leadership that emphasizes knowledge has a significant
impact on the ability to innovate in an exploitative way [53, 54]. This aligns with the knowledge-based
view proposed by [55], suggesting that leaders who make sharing knowledge a priority help bring about
gradual improvements[56]. Also, skills in data science affect knowledge-focused leadership which is
linked with upper echelons theory [57]. This theory suggests that a leader's actions are shaped by their
specific expertise[58].

Data science skills really matter when it comes to a company's ability to innovate in a couple of key
ways [59]. First, through what's called dynamic capabilities theory, as explained by [60], having strong
analytical skills helps businesses improve the things they're already doing - this is known as exploitative
innovation. Second, according to absorptive capacity theory, as put forward by [61], companies with top-
notch data science skills are better at bringing in new ideas from outside and using them to come up with
completely new innovations. Also, leaders who focus on knowledge, as suggested by transformational
leadership theory [62], can really boost a company's ability to be a creatively innovative by being
visionary and inspiring[63].

According to Barney [64], Data analytical skills can also influence knowledge-oriented leadership,
as supported by the resource-based view. This perspective indicates that robust analytical abilities
provide leaders with valuable strategic insights[64]. Furthermore, data analysis capabilities impact the
ability to engage in exploitative innovation, a concept grounded in the technology-organization-
environment framework [65, 66]. This framework posits that advanced analytics enhance operational
efficiency. The capability for exploratory innovation is illuminated by disruptive innovation theory [67],
which proposes that companies utilizing sophisticated data analytics can produce groundbreaking
innovations.

The Phenomenon that indirect effects happen when an independent variable impacts a dependent
variable through a mediating variable, specifically knowledge-oriented leadership. According to Fiedler
[68], Data science skills enhance knowledge-oriented leadership, which subsequently increases the
potential for exploitative innovation. This reverberates the leadership contingency theory [68],
suggesting that leadership effectiveness relies on the availability of expertise and resources.
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As per organizational learning theory, which underlines the role of leaders in fostering a learning
culture that encourages innovation, data science skills affect explorative innovation capability via
knowledge-oriented leadership [69, 70]. Data science skills can sway the capacity for explorative
innovation[71].

Data analysis skills influence a leader's ability to drive exploratory innovation, a big thanks to
knowledge-focused leadership. This idea is supported by the digital leadership model [72], which
explains how leadership driven by data can enhance innovation within an organization. Likewise, the
capacity to analyze data indirectly affects a leader's ability to foster exploitative innovation through
knowledge-focused leadership. This aligns with the sensemaking theory [73], suggesting that leaders use
data insights to refine organizational processes, thereby promoting more structured forms of innovation.

When leaders focus on sharing knowledge, using data science tools enhances a company's ability to
try out new ideas [74]. This idea lines up with innovation diffusion theory, suggesting that leaders help
bring about change by encouraging people to embrace new technologies[75]. This well-rounded theory
backs up the idea that businesses should prioritize training their leaders and making decisions based on
data to get the most out of innovation [76]. The connection between these concepts is strongly supported
by looking at theories about knowledge, leadership styles and models of innovation. This support
underscores how crucial data science, analytics, and leadership are for both refining existing practices
and exploring completely new ones.

2.4 Data Science Skills, Knowledge oriented leadership, Innovation Capability

The swift evolution of Industry 4.0 technologies has made data science a crucial driver of innovation
in the manufacturing industry[74]. Companies are increasingly using data to make decisions that boost
their efficiency and help them stay competitive [3]. At the same time, leaders are essential in creating a
culture that encourages the sharing of ideas and new ways of doing things [25]. A leadership style that
focuses on knowledge (KL) has become a major factor in how well a company can use data science.
Skills in data science cover a broad spectrum, including things like statistical analysis, machine learning,
data visualization and handling large datasets [25]. These skills are vital for finding useful information
in the massive amounts of data generated in manufacturing [77]. According to Wamba et al. (2017)
found that manufacturing driven by data improves efficiency through predictive maintenance, demand
forecasting and process optimization which is also backed by research [78]. According to Jeble, Dubey
[79], Manufacturing companies that put money into data science find out that their manufacturing gets
better, as keeping an eye on things while they happen and maintains high standards. Using predictive
analytics and Al helps spot defects, streamline the supply chain and automate things smarter. Plus, being
good at data science lets companies use digital twins—basically, virtual copies of real-world processes—
which helps them run simulations and avoid problems [80].

Even though the advantages are clear, there's still a big gap in the skills found in the manufacturing
workforce. Lots of old-school manufacturing companies are having a hard time adopting data science
because they don't have the right know-how and are hesitant to embrace digital change [81, 82].

To close this gap, businesses are teaming up more and more with universities and putting money
into training their staff to boost their understanding of data [83]. As a result, it's super important for
manufacturing companies that want to stay ahead of the game to make sure their data science skills line
up with their overall goals[84, 85].
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Leadership is key in determining how innovative a company will be more competitive in years
coming ahead[86, 87]. Knowledge oriented leadership refers to such leaders who put creating, sharing
and using knowledge at the very heart of their organization's strategy [87]. According to Donate and de
Pablo [87], these kinds of leaders cultivate a culture where everyone is constantly learning and sharing
what they know, creating a perfect breeding ground for new ideas to flourish. In the world of
manufacturing, Knowledge-oriented leadership helps seamlessly blend data science skills into everyday
decision-making. Leaders who place a high value on managing knowledge make sure that employees use
data-driven insights to make products better, processes more efficient and customers happier [56, 88].
On top of that, these knowledge-focused leaders actively promote teamwork between data scientists,
engineers and production staff, encouraging them to solve problems by combining their different areas
of expertise [89].

Research suggested that Knowledge oriented Leadership is influential in seizing obstacles to digital
transformation in manufacturing businesses [87, 90]. According to [91]Leaders who actively endorse
data-driven initiatives and provide resources for skill development enable employees to adopt new
technologies with confidence [91]. Furthermore, the role of transformational leadership in knowledge
management has been widely studied, highlighting its positive influence on organizational agility and
resilience (Northouse, 2018).

However, knowledge-oriented leadership needs a balanced approach to managing tacit and explicit
knowledge. While explicit knowledge (e.g., standard operating procedures, manuals) can be easily
documented and shared, tacit knowledge (e.g., experiential learning, intuition) demands interactive
learning environments [53]. Effective leaders apply mentorship programs, cross-functional teams and
digital knowledge sources to facilitate knowledge transfer in manufacturing situations [92].

Innovation capability is all about how well a company can come up with new products, processes,
and business models that give them an edge over the competition [93]. In the manufacturing world, this
ability is tightly connected to how they use new technology, manage their knowledge, and how effective
their leaders are in manufacturing industry [94]. Manufacturing companies that are really good at
innovating can quickly adjust to shifts in the market, bring in new technologies smoothly, and keep
getting better in their manufacturing processes[95].

Data science expertise plays a crucial role in adopting innovation by empowering businesses to
make decisions grounded in solid evidence and to automate processes [26]. Companies leveraging big
data analytics can pinpoint emerging market trends, refine their product designs and expand their
customization choices (Choi et al., 2017). Additionally, insights derived from Al enable the swift
development of cutting-edge manufacturing solutions [34], shrinking the time it takes to bring products
to market and increasing responsiveness to what consumers want [88]. Leaders who focus on knowledge
help boost innovation by creating an environment where people feel free to try new things in the
organizational processes. When leaders encourage their teams to come up with fresh ideas and use data
to make decisions, it helps the whole organization learn and adapt quickly [58, 96]. On top of that,
working together with outside groups like universities, startups, and research centers—a concept known
as open innovation—makes the exchange of knowledge even more powerful for driving innovation [96].
However, building a culture of innovation in manufacturing isn't simple. A lot of companies struggle
with this because they're set in their ways, subsequent traditional methods and relying on top-down
decision-making[97]. In addition to it, to get pass these hurdles, companies really need to focus on
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managing adjustments within their organization. This means manufacturing companies are emphasizing
the assistance of going digital and encouraging a more collaborative approach based on shared
knowledge[98]. The relationship between data science skills, knowledge-oriented leadership and
innovation in manufacturing is intricate but powerful. Data science skills lay the footings for
understanding data, while knowledgeable leaders require those intuitions are used well within the
business [99]. Operating all together, they boost a company's capability to originate, leading to the
formation of advanced products and processes [100].

Taking into account the example of organizations such as Siemens and General Electric, have really
mastered using data science and knowledge-focused leadership to spearhead innovation in smart
manufacturing [101]. These companies use decision-making models driven by data, Al-powered
predictive maintenance and digital twin technologies to make production more efficient and motivating
employees [102]. On top of that, their leaders strongly encourage initiatives that promote knowledge
sharing, like internal innovation centers and collaboration across different departments, to stay ahead of
the competition [103]. Further research backs up the positive link between making decisions based on
data, leadership and successful innovation. Manufacturing companies from india with a high level of data
analytics maturity and actively involved leadership were top performers in innovation [104]. Also,
blending knowledge management systems with cutting-edge data analytics tools boosts real-time
learning and constant progress[105].

2.5 Data Analytical Skills, Knowledge oriented leadership, Innovation Capability

Data analytics has become a game-changer in the manufacturing industry [106]. It empowers
companies to leverage big data for forecasting maintenance needs, ensuring quality, and fine-tuning their
processes [107]. As Wamba et al. (2017) pointed out, this data-centric approach to manufacturing slashes
inefficiencies. It does this by using machine learning algorithms to anticipate when equipment might
break down, refine supply chain logistics and make production processes leaner [108]. With the power
to gather and examine massive quantities of real-time information, manufacturers can make smarter
choices that lead to better operational efficiency. Advanced analytics, like Al, deep learning, and digital
twins, really boost manufacturing results [79]. Take digital twins are basically virtual copies of real-
world manufacturing processes. This lets companies try out different situations and fine-tune production
without actually messing with the physical factory floor [109]. All these sophisticated advancements just
go to show how crucial data analytics is for driving innovation in manufacturing. Even though data
analytics holds a lot of promise for the manufacturing industry, getting it widely adopted isn't easy. There
are a bunch of hurdles, like not having enough skilled workers, people being hesitant to change how they
do things and data being trapped in isolated departments. A lot of companies had a hard time to make
sure that their data analytics projects actually match up with what they're trying to achieve as a business,
and this means valuable insights don't get used to their full potential. To fix this problem, businesses
need to create an environment where data is valued and used every day. This needs to be backed by the
leaders of the company, who also need to encourage everyone to share what they know and keep learning.

Knowledge-focused leadership (KL) plays a vital role in helping manufacturing companies use data
analytics for innovation. Leaders who prioritize knowledge management make it easier for different
departments to share analytical insights, promoting teamwork among data scientists, engineers and
production managers [56]. Successful KL guarantees that staff have the training and tools needed to
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understand and utilize data-driven insights, boosting the organization's overall ability to innovate [103].
Leaders who focus on knowledge are really helpful when it comes to getting past pushback against digital
changes [89]. When leaders champion decisions based on data, it fosters a setting where workers feel
confident trying out fresh technology and ways of doing things [110]. Leadership styles that are
transformative, promoting clear communication and a shared sense of purpose, tend to lead to
organizations that are more nimble and able to adjust [111].

A major hurdle in managing knowledge is finding out the right balance between explicit and tacit
knowledge. Explicit knowledge, like reports and technical documents, is easy to document and share.
However, tacit knowledge, such as insights gained from experience and strategies for problem-solving,
needs more interactive settings for learning [53]. Leaders who focus on knowledge, use mentorship
programs, teams with diverse skills and online platforms for sharing knowledge to help transfer both
kinds of knowledge inside manufacturing companies [87]. A company's ability to innovate means it can
come up with and put into action new ways of doing things, new products, or even entirely new business
models that help it get ahead of the competition. In the world of manufacturing, being innovative is all
about successfully bringing in new technologies, streamlining operations and quickly adapting to shifts
in the market (Tidd & Bessant, 2020). Companies that are good at innovation use data analytics to spot
trends, fine-tune product development and offer more personalized options to their customers (Choi et
al., 2017).

Data analytics, when paired with knowledge-oriented leadership, supercharges a company's ability
to innovate by creating an environment, where trying new things, learning from them and constantly
getting better is the norm. Companies that make decisions based on what data tells them are in a much
better position to come up with game-changing innovations and work more efficiently (Von Krogh et al.,
2012). Plus, businesses that embrace open innovation — teaming up with universities, research centers,
and tech partners — tap into a wider pool of knowledge outside their own walls, which speeds up the
innovation process even more (Chesbrough, 2003).

Even so, building the ability to innovate in manufacturing means getting past a bunch of hurdles,
like a reluctance to change within the organization, a fear of taking chances and isolated decision-making
[112]. Companies have to put in place strategies for managing change that match up innovation goals
with the leadership's vision and get employees involved [113]. By bringing together data analytics and
good knowledge management, manufacturers can boost their capacity for innovation and keep growing
over the long haul [114].

In the world of manufacturing, there's a real magic that happens when you combine data analytics,
leadership that values knowledge and the ability to innovate. Data analytics gives you the solid, technical
base you need to make smart choices[115]. At the same time, knowledge-oriented leaders make sure
those valuable insights are shared and used throughout the company[116].

Working together, they spark innovation, giving businesses the freedom to try new things, adjust,
and fine-tune how they manufacture their products creating a win-win situation [117]. Siemens and
General Electric, prominent names in manufacturing, have cleverly merged data analytics with their
knowledge management strategies, sparking significant innovation [118]. They use Al-powered
predictive maintenance, digital twins and intelligent automation to boost efficiency, all while nurturing
a culture where knowledge is freely shared and teamwork is valued (Rifmann et al., 2015). Their
leadership styles highlight the crucial role of decisions backed by data, collaboration across different
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departments and a commitment to ongoing learning — all vital for staying ahead in the competitive
landscape. Studies have confirmed that there's a good link between how well a company uses data
analytics, how effective its leaders are and how well it innovates[119]. Companies with leaders who are
involved and strong data analytics skills do better at innovation [14]. Also, businesses that combine

knowledge management with advanced data analytics tools are better at reacting to shifts in the market
(Lee etal., 2018).

This model looks at how good a company is at using data analytics (its "data analytics maturity")
affects its ability to innovate, especially in manufacturing. It focuses on how leadership that values
knowledge (knowledge-oriented leadership) plays a key role in this relationship. There are two main
factors (independent variables): how skilled employees are in data science and how skilled they are in
data analysis. These factors affect two types of innovation (dependent variables): 1) improving existing
processes and products (exploitative innovation), and 2) coming up with completely new, potentially
disruptive ideas (explorative innovation). The model shows that leadership focused on knowledge helps
to amplify the positive effects of data skills on innovation. Simply put, having strong data science and
analysis skills directly leads to better innovation, but when leaders prioritize knowledge sharing and
learning, that effect is even stronger. The various connections between these factors really underscore
how important it is for companies to make decisions based on data and to have leaders who understand
and support that approach to drive innovation.

2.6 Conceptual Framework

H2ZHTH1I1:H1Z2

Knowledge-
oriented
Leadership
(MW

Data Science
Skills {IW1L)

Exploitative
imnowation
Capability
{DWw1})

Explorative
innorwation
Capability
§OWSE)

Fig.1. Conceptual Framework
Source: Author’s Own

2.7 Hypothesis

H1: Knowledge-oriented leadership positively influences exploitative innovation capability.
H2: Data science skills positively influence knowledge-oriented leadership.
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H3: Knowledge-oriented leadership mediates the relationship between data science skills and
exploitative innovation capability.

H4: Data science skills positively influence exploitative innovation capability.

H5: Data science skills positively influence explorative innovation capability.

H6: Knowledge-oriented leadership positively influences explorative innovation capability.

H7: Knowledge-oriented leadership mediates the relationship between data science skills and
explorative innovation capability.

H8: Data analytical skills positively influence knowledge-oriented leadership.

H9: Data analytical skills positively influence exploitative innovation capability.

H10: Data analytical skills positively influence explorative innovation capability.

H11: Knowledge-oriented leadership mediates the relationship between data analytical skills and
explorative innovation capability.

H12: Knowledge-oriented leadership mediates the relationship between data analytical skills and
exploitative innovation capability.

3. Methodology

3.2. Data Collection

The model developed for this research have been tested within Pakistan's manufacturing sector. The
researchers have selected this particular industry because it involves creating innovative products and
processes. The study focused on major manufacturing firms located in Lahore, Faisalabad, Karachi and
Sialkot. These cities were chosen after an initial evaluation by the research team. Notably, these urban
centers are known for their significant contributions to various manufacturing sectors, including textile,
chemical, food processing and automotive. Some of these manufacturing firms have branch offices in
different parts of the country.

The respondents of the current study were approached by the researchers in an office
environment. Data from the respondents were based on the prior research undertaken by (K. Awan et al.
2021; Cheng et al., 2021; H. Sun et al., 2020) on the service industry. The consent box to engage
respondents was applied on the cover letter of the survey form plus conveyed to all that participated in
the research study on a voluntary basis and respondent's response would be kept purely confidential.
Moreover, it was also conveyed to respondents the significance of the current research and the
importance of their honest responses to the questions. However, researchers have distributed 400
questionnaires and out of which 354 respondents correctly responded. The response rate was 88 percent.
The current section is divided into subheadings that provide the reader with a concise and precise picture
of the experiment results, their interpretation as well as the experimental conclusions that can be yielded.
To eliminate social desirability bias, subject-matter specialists extensively cross-checked the survey
questions to ensure no ambiguity and the study instrument was acceptable and relevant to the current
research goals.

To prevent any bias from the order of the questions, they were distributed randomly. The
researcher was also involved in the data collection process. Additionally, the researchers examined all
the item loadings within a single factor to identify a primary component, which helps to control for
common method bias (CMB) [120]. To tackle the potential issue of common method bias (CMB), we
had employed Harman's single-factor test. The results showed that the variance explained by a single
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factor was 33.2%, falling below the 50% threshold that's commonly cited in prior studies [120, 121]
clearly revealing that common method bias is not a concern in this research.

3.2. Variable Measurement

Researchers have used Data Analytics Maturity with two dimensions such as Data science skills
measured with 8 items and Data Analytics skills measured with 3 items taken from the earlier research
from [25]. Knowledge-oriented leadership was measured with 4 items scale taken from the previous
work undertaken by [25]. Innovation capabilities with two dimensions such as exploitative innovation
capability and explorative innovation capability were measured with 12 items examined earlier in the
research by [25]. All questions were measured through behavioral rating scale i.e., Likert scale 1 to 5
(Strongly disagree to Strongly agree). Initial analysis was carried out in SPSS and then followed by
inferential in SMART PLS version 4.0 based on the research conducted by [122, 123].

4. Results
4.1 Demographics Profile

Summary of Demographics Profile

Textiles 56%

Automobile 11% = Male (9%
= Food Processing  28% = Female 31%

Chemical 5%

Industry Gender

m20yrsto30yrs  12%

3lyrsto40yrs 48%
m4lyrsto50yrs  37%
m 51yrsand Above 17%

m Engineer  15% .

Manager  41% -
10%

m Technician
® Operator  26% Job Role

>z
-

Experience Education

u Diploma 5%
u Bachelors 6%
u Masters 20%
= PhD 8%

Lessthan 5 yrs 11%
Syrsto 10yrs 9%

w11 yrsto 20yrs 29%
Mare than 20yrs 52% I

Fig.2. Demographics Profile of Respondents
Source: Author’s Own

Summary of the demographic profile of the respondents depicted in Fig 2, presents a diverse
representation across various categories. In terms of gender, 69% of the respondents are male, while 31%
are female. The age distribution confirms that 12% fall within the 20 to 30 years range, 48% are between
31 and 40 years, 37% belong to the 41 to 50 years category and 17% are aged 51 years and above.
Regarding educational qualifications, the majority hold a bachelor's degree (67%), followed by master's
degree holders (20%), Ph.D. holders (8%), and diploma holders (5%). The experience level of
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respondents indicates that 52% have more than 20 years of experience, 29% possess 11 to 20 years, 9%
have 5 to 10 years,and 11% have less than 5 years of experience. In terms of job roles, managers constitute
the largest proportion at 41%, followed by operators (26%), engineers (15%), technicians (10%) and
supervisors (8%). The respondents come from different industries, with the textiles sector being the most
dominant (56%), followed by food processing (28%), automobile (11%), and chemical (5%). This
demographic distribution provides valuable insights into the workforce composition and expertise levels
within the surveyed population.

DsS1

DAZ - 0T 8E—

—
o818
E

Fig.3. Outer Model (Path Coefficients & Outer-loadings)

Figure 3 shows the path coefficients and outer loadings that we got using SMART-PLS 4.0.
Researchers have utilized this software to analyze the outer model, which let us calculate path coefficients,
outer loadings, the Heterotrait-monotrait ratio, and the Fornell-Larcker criterion.

Table 1. Outerloadings

DA DS EXI EXP KL

DAl 0.832

DA2 0.798

DA3 0.818

DS1 0.7
DS2 0.806
DS3 0.813
DS4 0.838
DS5 0.809
DS6 0.624
DS7 0.671
DS8 0.713
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EXI1 0.752

EXI2 0.873

EXI3 0.843

EXI4 0.861

EXIS 0.848

EXI6 0.565

EXP1 0.755

EXP2 0.875

EXP3 0.847

EXP4 0.857

EXP5 0.853

EXP6 0.549

KL1 0.745
KL2 0.793
KL3 0.804
KL4 0.743

The outer loadings table 1 looks at how well the indicators measure the underlying concepts. Most
indicators are above the 0.70 mark, which means they're pretty reliable. Specifically, constructs like data
analytics, explorative innovation, exploitative innovation and knowledge-oriented leadership show
strong reliability. However, a few data science skills and certain other indicators aren't as strong. Taken
as a whole, though, the model seems reliable, with most indicators doing a good job of capturing their
examined variables.

The R2values reveal how well the model explains each dependent variable. Explorative innovation
is highly predictable at 85.8%, while knowledge-oriented leadership shows a strong influence at 67.6%.
Exploitative innovation is moderately predictable at 46.8%. The adjusted R2values are close to the R2
values, indicating the model's robustness. While the model effectively explains explorative innovation
and knowledge-oriented leadership, it may need more factors to better predict exploitative innovation.

This table 2 shows the important results of how much reliable and valid our measurements are for
the hidden concepts researchers have examined. Researchers have looked at statistical procedures like
Cronbach’s alpha, composite reliability and average variance extracted. Cronbach's alpha scores were
between 0.749 and 0.887, which means we have pretty good to really good internal consistency. Data
science skills, explorative innovation and exploitative innovation were most reliable, with scores over
0.88. All our composite reliability scores were above 0.85, which further suggests our measurements are
strongly consistent. The average variance extracted tells us about how well each construct is measured,
and all of our constructs scored above 0.50. This means each constructs explains more than half of the
differences we see in its indicators. Data analytics had the best score here, at 0.666, while data science
skills had the lowest, but still good, score of 0.563. Overall, these findings tell us that our model is very
reliable and has strong convergent validity, meaning it's a good fit for doing more detailed analysis later
on such as deducing the hypothesis relationships.
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The table 3 showing the heterotrait-monotrait ratios helps us figure out if we're really looking at
separate concepts by checking how closely related they are. Ideally, these numbers should all be below
0.90 to feel confident that the concepts are truly distinct. Happily, all the numbers in this table fall within
the desired range, suggesting that the concepts are pretty well-defined. The closest relationship we see is
between skills in data science and what's called "explorative innovation,”" which has a correlation of
0.78—pretty strong, but still acceptable. On the other end of the spectrum, data science skills are least
related to "knowledge-oriented leadership,” with a correlation of 0.607, meaning that connection is a bit
weaker.

The Fornell-Larcker criterion is a way to check if our different concepts (constructs) are truly
separate from each other. It does this by looking at the square root of the average variance extracted
(which is like the strength of each construct) and comparing it to how much the construct correlate with
each other (how much they overlap). In the table 4, the numbers on the diagonal are the square roots of
the average variance extracted, and these are larger than the correlations between the different constructs.
Take data analytics, for example. Its value is 0.816, which is bigger than its correlation with data science
skills (0.727) and explorative innovation (0.741). The Variance Inflation Factor (VIF) values are used to
evaluate multicollinearity, with readings below 5 signifying an acceptable degree of collinearity. The
majority of the indicators in the table 5 display values comfortably within this acceptable range, pointing
to minimal multicollinearity issues. Nevertheless, a few data science skills indicators exhibit somewhat
higher values—ds2 at 3.559, ds3 at 3.253, and ds5 at 3.279—though they remain under the permissible
threshold. These results indicate that multicollinearity does not pose a major concern, thereby supporting
the reliability of the regression estimates.

Table 2. Cronbach’s Alpha, Composite reliability, Average Variance Extracted

Average

variance

Cronbach's Composite reliability Composite reliability extracted
alpha (rho_a) (rho_c) (AVE)
DA 0.749 0.751 0.857 0.666
DS 0.887 0.891 0.911 0.563
EXI 0.882 0.903 0.912 0.637
EXP 0.883 0.908 0.911 0.636
KL 0.773 0.776 0.855 0.595

Table 3. Heterotrait-Monotrait Matrix
DA DS EXI EXP KL

DA

DS 0.776

EXI 0.721  0.78

EXP 0.749 0.741  0.774

KL 0.692 0.607 0.721  0.755
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Table 4. Fornell-Larcker Criterion

DA DS EXI EXP KL
DA 0.816
DS 0.727  0.75
EXI 0.741 0.699  0.798
EXP 0.631 058 0.615 0.808
KL 0.664 0604 0703 0.646 0.772

Table 5. VIF Values

VIF
DAl 1.545
DA2 1.452
DA3 1.509
DS1 1.559
DS2 3.559
DS3 3.253
DS4 2.991
DS5 3.279
DS6 1.464
DS7 2.07
DS8 2.257
EXI1 172
EXI2  2.768
EXI3 2357
EXI4  2.603
EXIS 245
EXI6  1.309
EXP1 1.722
EXP2  2.767
EXP3 2341
EXP4  2.607
EXP5  2.467
EXP6  1.313
KL1 1.408
KL2 1.571
KL3 1.637
KL4 1.44
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Fig 4. Inner Model (P-values)
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Fig 5. Inner Model (Path coefficients with T values)
Source: Author's Own

The results provide empirical validation for the hypothesized relationships in the conceptual
framework, confirming both direct and indirect effects were mentioned in table 6. The findings indicate
that data analytical skills have a significant direct effect on explorative innovation capability (f = 0.332,

33



Journal of Management Science and Operations (JMSO), 2025, 3(2), 17-43.

t=6.461,p <0.001), exploitative innovation capability (B =0.289, t=3.799, p <0.001), and knowledge-
oriented leadership (p = 0.444, t = 8.116, p < 0.001). Similarly, data science skills significantly impact
explorative innovation capability (B = 0.185,t=3.707, p <0.001) and knowledge-oriented leadership (B
= 0.441, t = 8.411, p < 0.001), but their direct influence on exploitative innovation capability is not
statistically significant (f = 0.124, t = 1.595, p = 0.111). These results partially support the proposed
relationships, confirming that data analytical skills and data science skills contribute to knowledge-
oriented leadership, which aligns with the resource-based view and upper echelons theory. However, the
weak direct impact of data science skills on exploitative innovation capability suggests that additional
factors may mediate this relationship, as implied by the dynamic capabilities theory.

The significant positive effect of knowledge-oriented leadership on both explorative innovation
capability (B = 0.488, t=11.969, p < 0.001) and exploitative innovation capability (f = 0.33, t =4.164,
p < 0.001) validates the role of leadership in fostering innovation. These findings are consistent with
transformational leadership theory and knowledge-based theory, which emphasize how leaders enhance
innovation capabilities through effective knowledge-sharing and strategic decision-making.

The indirect effects confirm that knowledge-oriented leadership mediates the relationships between
data analytical skills and innovation capabilities. Data analytical skills significantly influence explorative
innovation capability (p =0.216,t=6.699, p < 0.001) and exploitative innovation capability ( = 0.147,
t = 3.761, p < 0.001) through knowledge-oriented leadership. Similarly, data science skills have
significant indirect effects on explorative innovation capability (f = 0.215, t = 7.114, p < 0.001) and
exploitative innovation capability (p = 0.146, t = 3.573, p < 0.001) via knowledge-oriented leadership.
These findings align with organizational learning theory and innovation diffusion theory, highlighting
the role of leadership in translating data competencies into innovative outcomes.

Specific indirect effects further substantiate these mediating relationships. The influence of data
analytical skills on explorative innovation capability is fully mediated by knowledge-oriented leadership
(B=0.216,t=16.699, p <0.001), reinforcing the argument that leadership is a critical mechanism through
which analytical capabilities foster radical innovation. Likewise, data analytical skills indirectly impact
exploitative innovation capability through leadership (p = 0.147, t = 3.761, p < 0.001), supporting the
sensemaking theory’s assertion that data-driven leadership improves structured innovation. Similar
mediation patterns are observed for data science skills, confirming that leadership enables firms to
capitalize on data competencies for both incremental and radical innovation.

The total effects analysis integrates both direct and indirect effects, reaffirming the strong influence
of data analytical skills and data science skills on innovation capabilities. Data analytical skills exhibit
the highest total effect on explorative innovation capability (f = 0.549, t = 11.604, p < 0.001) and a
significant effect on exploitative innovation capability (B =0.435,t=6.187, p <0.001), confirming their
dual role in driving both types of innovation. Data science skills also significantly contribute to
explorative innovation capability (f = 0.4, t =8.267, p < 0.001) and exploitative innovation capability (3
=0.27,t=3.769, p < 0.001), but with relatively lower magnitude. These results suggest that while both
data competencies are essential, data analytical skills play a more substantial role in shaping innovation
outcomes, which is consistent with the disruptive innovation theory and the technology-organization-
environment framework.

Based on these findings, hypotheses related to the direct effects of data analytical skills on all
dependent variables (H4, H8, H9) and data science skills on knowledge-oriented leadership and
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explorative innovation capability (H2, H10) are supported. However, the hypothesis proposing a direct
effect of data science skills on exploitative innovation capability (H5) is rejected due to its non-significant
p-value (p = 0.111, t = 1.595). All hypotheses related to the mediation effects through knowledge-
oriented leadership (H6, H7, H12, H13) are supported, confirming the essential role of leadership in
transforming data-driven capabilities into innovation. These results provide strong empirical backing for
the proposed theoretical justifications, reinforcing the need for organizations to integrate data science,
data analytics, and leadership development to optimize innovation capabilities.

Table 6. Direct Effect, Total Indirect Effects, Specific Indirect Effects, Total Effects
Results of Direct Effect, Total Indirect Effects, Specific Indirect Effects,

Total Effects

Direct Effect

Original sample Sample mean Standard deviationT statistics P

(O) (M) (STDEV) (JO/STDEV)) values
DA ->EXI  0.332 0.335 0.051 6.461 0.0000
DA ->EXP 0.289 0.288 0.076 3.799 0.0000
DA -> KL 0.444 0.443 0.055 8.116 0.0000
DS -> EXI 0.185 0.184 0.05 3.707 0.0000
DS->EXP 0.124 0.128 0.078 1.595 0.1110
DS -> KL 0.441 0.442 0.052 8.411 0.0000
KL->EXI 0.488 0.487 0.041 11.969 0.0000
KL->EXP 0.33 0.329 0.079 4.164 0.0000

Total indirect Effects

Original sample Sample mean Standard deviationT statistics P

(O) (M) (STDEV) (JO/STDEV)) values
DA ->EXI 0.216 0.216 0.032 6.699 0.0000
DA ->EXP 0.147 0.146 0.039 3.761 0.0000
DS -> EXI 0.215 0.215 0.03 7.114 0.0000
DS->EXP  0.146 0.146 0.041 3.573 0.0000

Specific Indirect Effects

Original sample Sample mean Standard deviation T statistics P

(O) (M) (STDEV) (JO/STDEV)) values
DA -> KL ->
EXI 0.216 0.216 0.032 6.699 0.0000
DA > KL ->
EXP 0.147 0.146 0.039 3.761 0.0000
DS > KL ->
EXI 0.215 0.215 0.03 7.114 0.0000
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DS -> KL ->
EXP 0.146 0.146 0.041 3.573 0.0000

Total Effects

Original sample Sample mean Standard deviationT statistics P

(O) (M) (STDEV) (JOISTDEV)) values
DA ->EXI  0.549 0.551 0.047 11.604 0.0000
DA ->EXP 0.435 0.434 0.07 6.187 0.0000
DA -> KL 0.444 0.443 0.055 8.116 0.0000
DS -> EXI 0.4 0.399 0.048 8.267 0.0000
DS->EXP 0.27 0.274 0.072 3.769 0.0000
DS -> KL 0.441 0.442 0.052 8.411 0.0000
KL->EXI  0.488 0.487 0.041 11.969 0.0000
KL->EXP 0.33 0.329 0.079 4.164 0.0000

5. Conclusion, Implications and Future Research

This study examines the impact of data analytics maturity on innovation capabilities in the
manufacturing sector, highlighting the mediating role of knowledge-oriented leadership. The findings
confirm that data analytical skills and data science skills significantly contribute to explorative innovation
capability, while data analytical skills have a stronger impact on exploitative innovation capability.
Knowledge-oriented leadership is established as a critical enabler, effectively mediating the relationships
between data competencies and innovation outcomes. The results provide empirical validation for
multiple theoretical perspectives, including the resource-based view, dynamic capabilities theory and
knowledge-based theory, reinforcing the importance of leadership in leveraging data-driven decision-
making for innovation. Furthermore, the findings suggest that organizations focusing on data analytics
must simultaneously foster leadership strategies to maximize their innovative potential.

This research contributes to the existing body of knowledge in several ways. First, it extends the
resource-based view by demonstrating that data analytical and data science skills serve as valuable
resources that drive innovation, contingent upon effective leadership. Second, it supports the dynamic
capabilities theory by emphasizing how leadership transforms data capabilities into strategic innovation
outcomes. Third, it enhances understanding of knowledge-based theory by showing that leadership
serves as a mechanism for knowledge integration and utilization. Fourth, this study aligns with
organizational learning and innovation diffusion theories, highlighting that data-driven leadership
facilitates both radical and incremental innovation. Fifth, the findings provide empirical support for
sensemaking theory by showcasing how leadership translates data-driven insights into structured
innovation processes.

For practitioners, this study underscores the need for organizations to cultivate both data
competencies and leadership capabilities to enhance innovation. Manufacturing firms should prioritize
training programs that develop data science and analytical skills among employees while simultaneously
investing in leadership development initiatives. Additionally, firms should implement leadership
strategies that foster knowledge-sharing, encourage data-driven decision-making and promote an
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innovation-oriented culture. Given the significant role of knowledge-oriented leadership, organizations
must integrate leadership training with data analytics initiatives to achieve maximum benefits. Moreover,
firms should adopt a balanced approach to innovation, ensuring that both explorative and exploitative
innovation capabilities are developed through effective leadership practices.

Future research can explore several avenues to build upon the findings of this study. First,
longitudinal studies could provide deeper insights into how data analytics maturity influences innovation
over time. Second, future studies may examine the moderating effects of organizational culture, industry
dynamics, or digital transformation maturity on the relationships identified in this research. Third,
expanding the study to other industries or geographical contexts would enhance the generalizability of
the findings. Fourth, qualitative research could complement these findings by offering deeper insights
into the mechanisms through which knowledge-oriented leadership facilitates innovation. Lastly, future
research could investigate how emerging technologies such as artificial intelligence and machine learning
interact with leadership to drive innovative capabilities in manufacturing and other sectors.
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