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Abstract: Increasing haze pollution and its adverse effects on human health is pressuring academics
and practitioners to search for different solutions for environmental sustainability around the world.
Similar to other countries, Pakistan is also affected by air pollution, and smog has become a fifth
season. In Pakistan, one of the main reasons of smog and air pollution is hazardous emissions
from vehicles. As a result, the booming automobile industry of Pakistan is now affected by two
major challenges: sustainable product development and organizational performance. To meet these
challenges, the study has developed a conceptual model to find the effect of big data analytics on
organizational performance by adopting a sustainable development program. For the elimination of
standard method biases, the study has used a time lag approach to collect the data in three waves and
receive 372 usable responses. The empirical results of PLS-SEM suggest that big data analytics have a
positive effect on a sustainable product development and sustainable product development has a
positive and significant impact on organizational performance. Moreover, mediation of a sustainable
program development is also confirmed between big data analytics and organizational performance.
The managerial and theoretical implications of these results are discussed.

Keywords: big data analytics; sustainable product development; organizational performance;
sustainability

1. Introduction

In recent years, air pollution in the form of haze and smog has increased worldwide, which has
been a crucial threat to human health [1]. The public and government bodies are paying more
attention to environmental and health problems due to haze pollution [2]. Hazy weather is basically an
atmospheric condition in which various tiny dust particles are distributed in the air. Haze pollution is
caused by many factors such as coal burning, crop burning, industrial emission and more importantly,
vehicle emission from the consumption of fuel [3]. Due to the increase in the population of the world,
demand for vehicles has been increased [4], which affects environmental conditions. According to the
statistics of the world, the automobile sector is considered as the leading manufacturing sector in the
economy of the world [5]. The auto sector covers a wide range of transportation options, including
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motorcycles, buses, trucks and cars. The automobile sector plays a vital role in the life of human beings
by providing transport services. It influences the environmental, social and economic activities of
both developing and developed countries [6]. The automobile market is rapidly growing not only in
European and American countries, but it is also increasing in the rest of the world in current years [7].
In Asia, Pakistan is a developing country with various leading manufacturers of automobiles. Pakistan’s
automobile sector is considered as one of the fastest growing sectors of this country. It contributes 4%
to the GDP of Pakistan. The employee workforce consists of more than 3.5 million people in this sector.
Moreover, the investment of automotive industry consists of PKR 92 billion and it shares an indirect
tax of PKR 63 billion in the national exchequer [8]. Now, Pakistan’s automobile sector is facing two
major challenges. Firstly, automobile organizations have to sustain their performance and secondly,
they have to reduce the adverse effect of environment on society [7].

Pakistan’s automobile industry could not sustain their performance, and there is a 40–60% steep
downslide occurring in the fiscal year of 2019/2020. Due to this severe situation, 150,000 employees
are facing unemployment in this sector [9]. The automobile sector is facing the worst crisis due
to the implementation of more taxes from the government and steep devaluation in the currency,
which increases the product prices. However, the government has realized the poor condition of this
sector and has decided to take lower taxes of PKR 150–200 billion [10]. Still, now it will take time for
the settlement of this sector.

Moreover, environmental issues are considered as one of the critical weaknesses of this industry.
In the main cities of Pakistan, specifically, automobiles that are based on diesel contributes more to
polluting the air [8]. The quality of air is so terrible in Pakistan that it has crossed the limits of a safe
environment in different factors. Pakistan is ranked as the seventh most susceptible country due to
the impact of change in climate [11]. Burning fossil fuels and oil may worst the environment further.
It increases carbon emissions, enhances the toxic elements like Nitrogen Dioxide (NO2), Sulphur
Dioxide (SO2) and Particulate Matter (PM), PM2.5, PM10 in the environment. The threshold value of
clean air has crossed within the core cities of Pakistan which is one of the reasons that smog has become
a fifth season in Pakistan [12]. Moreover, every year more than 3000 people die because of inadequate
air quality in Pakistan [13]. The report of the National Economic and Environment Development
Study (NEEDS) stated that the expected emission rate would be double in 2020, and in 2030, it will
be further doubled in Pakistan [14]. There is no strategy to minimize the pollutants’ emissions from
the automobile sector regardless of one of the extremely polluted air in the world [15]. So, there is
a need of an environmental regulator that is more vigilant and has excellent skills in Pakistan to
minimize the effect of environmental degradation. In this study, we argue that the implementation
of Big Data Analytics (BDA) through Sustainable Product Development (SPD) in the automobile
sector of Pakistan can solve present and impending problems e.g., adverse environmental effects and
performance-related issues.

The big data concept has gained vast admiration among practitioners and research scholars due to
its ability to transform the entire process of doing the business. It is considered a hot topic in the current
business environment [16]. At present, the “Age of data” is flourishing due to the increase in new
data that is created by public institutions and industries at an exceptional rate [17]. Big data analytics
investment has been persistently growing worldwide due to the organizations’ search to gain maximum
value and sustainable competitive advantage [17,18]. In the prior few years, big data has developed
as an exciting milestone to gain opportunity and better performance. Current studies stated that big
data analytics could transform the practices of doing business and theory of management [19–21].
It is considered as “Break through technological development” [22] “the digital revolution” [23] and
“the fourth paradigm of science” [24]. Gartner [25] stated that organizations had invested USD 2.1
trillion in 2013 to leverage big data analytics, and these investments are expected to grow around USD
3.8 trillion in 2014. Accenture and General Electric conducted a study, and the results of this study
revealed that 89% of organizations believe that if they do not implement the big data, then they cannot
compete in the market. Due to which, they will lose momentum and market share [26]. Organizations



J. Open Innov. Technol. Mark. Complex. 2020, 6, 190 3 of 30

are considering big data analytics as mainstream due to the flattening out of the steep performance
growth curve using analytics [27]. It is not sufficient for an organization to gain insights and data
from simple analytical applications. Managers and analysts require collaboration to develop data and
analytic techniques to attain better insights from it [16]. Although applications of big data analytics
have been utilized and implemented in various fields of business or organizations. Amazon and
Google are considered pioneers in the adoption of big data and they perform well base on their ability
as compare to their competitors to exploit data. On the other hand, Hewlett-Packard and IBM are
considered as early adopters and technology leaders [19]. BSA Software Alliance, based on the US,
reported that 56% of the organizations that have adopted and implemented the big data analytics in
their processes show the more than 10% increase in their growth [28].

Organizations are competing in a rapidly fluctuating business environment with the help of vital
information that can be extracted from big data [29]. However, the term big data is not considered
as new for organizations, but few researchers have examined how organizations can collect valuable
information from big data for sustainable product development [30]. In the automobile industry,
sustainable product development is a combination of three core components such as (1) environment,
(2) social and (3) economy [7,31–33]. The development of environmental perspectives needs to consider
the hazarded quality of human life, development of social aspects refers to fulfil the human needs partly
to meet the requirements of concerned parties of innovative product development and development
of economic perspectives deals with the requisites for the economic growth of organizations [33].
Advancement in the process of sustainable product development influences the products’ perceived
value and quality, and enhances the reputation and image of the organization. However, the automotive
industry has rarely adopted the standards to develop a sustainable product, especially in Pakistan [33].

Moreover, big data analytics is considered an insufficient resource to increase organizational
performance and attain competitive advantage [34,35]. However, the competitive advantage in the
form of sustainable product development through open innovation can be attained by using big data
analytics. For instance, Vecchio et al. [36] found that big data analytics to be a significant tool for
sustainable open innovation. The impact of big data analytics on organizational performance has
remained inconclusive [16,18,37]. The topic of big data analytics has gained immense popularity among
scholars and practitioners because of their significant role in firm performance. It has been considered
as the next big thing for organizations to gain competitive advantage [16]. Nonetheless, very little
empirical evidence has so far been put forward about the contribution of big data analytical capabilities
towards firm performance in an emerging economy such as Pakistan.

Furthermore, multiple evidence indicates that various industries have adopted and implemented
big data analytics, but there is limited research in the automotive sector [33]. Additionally, the study
has adopted the hierarchal conceptual model (HCM) for the operationalization of the constructs.
Previously, the studies in the big data analytics context has adopted a lower order model to explain its
phenomena, while the HCM model helps to better explain the phenomena and present best abstraction
of the model in the parsimonious way [38]. This is why new researchers in business and management
studies are adopting the HCM model for the development of the conceptual model [39] which is
obsolete in big data analytics adoption. To address this problem, the prime objective of this research
is to explore the role of big data analytical and sustainable product development in organizational
performance in the higher order. Moreover, the mediating role of sustainable product development
between big data analytics and organizational performance has not been checked in the previous
literature which is also one of the objectives of the study. For this reason, the quantitative research
approach was adopted. From a practical point of view, this study provides guidance to data scientists
to implement the big data analytical process to overcome environmental problems and improve
organizational performance.
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1.1. Literature Review

1.1.1. Resource-Based View (RBV)

Barney [40] built the Resource-Based View (RBV) theory which explains why some organizations
are performing better and how an organization can perform better. Many researchers have discussed the
RBV in their studies from the perspective of competitive advantage and organizational performance [41].
Resources are “stocks of available factors that are owned or controlled by the firm” [42]. Rooted in the
literature of strategic management, RBV indicates the organization as a grid of capabilities and resources
that cannot be easily sold or purchased from the market [16]. Some organizations are considered more
competent than others in accumulating and utilizing the resources to achieve sustainable competitive
advantage [43]. RBV depends upon two key assumptions about the resources of the organization to
describe why some organizations have a superior performance than others and how organizations can
improve their performance. First, firms have heterogeneous resources even when they are operating
in a similar industry [44]. Organizations can accomplish particular functions due to the unique or
different resources. Second, distinct resources make it difficult to interchange the resources across
organizations. The immobility of resources provides benefits to organizations to sustain them over
time [45].

RBV proposes that resources are considered essential to build and implement strategies in an
organization that should be VIRN: (1) Valuable (resources that produce value for customers that cannot
be easily achieved by competitors). These resources facilitate the organization to increase the net
revenues or gain opportunities and minimize the net costs or threats [45]. (2) Imperfectly imitable
(resources that cannot be copied easily by rivals). These resources are more costly; which is why
competitors cannot imitate them. (3) Rare (resources that are scarce, or not plentiful). These resources are
owned by a few organizations to gain a competitive advantage. (4) Non-Substitutable (take benefits from
resources in such a way that competitors cannot do). The organization takes benefits from its complement
resources to create difficulty for rivals to copy them. The existence of one resource facilitates another to
influence the performance of the organization [41,46–49]. VIRN resources facilitate organizations in
achieving competitive advantage and enhancing the performance of organizations [16,46,47,50,51].

Prior studies stated that organizational resources are tangible, such as technologies of the
organization (technological capability), and intangible, such as employee skills (talent capability) [40,41,46].
RBV proposes that firms employ both tangible and intangible resources that help the organization to take
value from them and can obtain superior organizational performance [16,47,52,53]. Furthermore, three
core types of resources are organizational capital resources (management capability), physical capital
resources (technological capability), and human capital resources (talent capability) [41]. In literature,
both the terms “resources” and “capabilities” are often employed interchangeably [54]. In the context
of big data, organizational capital resources (management capability) express that organizational
processes and structure must be changed based on insights from big data analytics. Physical capital
resources (technological capability) are comprised of software that helps the organization to accumulate
and analyze the big data. Human capital resources (talent capability) refers to the ability and expertise of
data scientists to analyze and manage the information and facts about the activities of consumers [46,55].

1.1.2. Big Data

Michael Cox and David Ellsworth were considered among the pioneers who defined the concept
of big data. Big data is the vast amounts of scientific data for visualization [56]. Goes [57] described
the term big data as massive amounts of data from different observations that provide support to the
organization to take various decisions. According to researchers [58,59], big data is the large volume of
organized and unorganized data that is approachable in real-time. [60] stated that the concept of big
data is increasing rapidly with the help of social contacts, internet facility, mobile, telephone and new
innovative technology that provide support to collect the data. Furthermore, Beyer and Laney [61]



J. Open Innov. Technol. Mark. Complex. 2020, 6, 190 5 of 30

stated that researchers used the concept of big data to describe the multifaceted, massive and immediate
data. Analytical, management and processing skills are required to obtain insights from big data.

1.1.3. Big Data Analytics (BDA)

Big data analytics are referred to organizations that need to apply the analytical process to reveal
the hidden arrangements among data and to acquire more value from big data [62]. APICS [63]
defined the term big data analytics as “a collection of data and technology that accesses, integrates and
reports all available data by filtering, correlating and reporting insights not attainable with past data
technologies”. According to some researchers, big data analytics is the “next big thing” in management,
‘next management revolution’ or ‘blue ocean in nurturing business opportunities’ [64]. Moreover,
Gupta and George [65] stated that BDA capability is the organization’s capability to accumulate,
integrate and implement the organizational resources that are based on big data. Big data analytics
provides insight into the organizations about their current and predicted situations and what are the
requirements to gain more appropriate results [66].

Furthermore, big data analytics capability is considered as one of the core organizational capabilities
that leads towards a competitive advantage in the climate of big data [27,67]. Different researchers
such as [18,27] broadly defined the big data analytics capability as the capability that delivers insights
to organizations and competitive advantage by using the management, technological and talent
capabilities. Researchers proposed three building blocks for big data analytics capability such as (1)
BDA management capability, (2) BDA technology (infrastructure) capability (3), BDA Talent (personal)
Capability [18,27,68].

1.1.4. BDA Management Capability

Management capability is the firm ability for a firm to manage its resources that deliver high
business value [68]. BDA management capability refers to the capability of data scientists to arrange
the routine matters in an organized way to manage the BDA resources according to the needs and
preferences of organizations [18]. According to recent researches such as [18,27,68,69] the four core
components of BDA management capability are (1) BDA planning, (2) BDA Investment, (3) BDA
coordination and 4) BDA control. These are not only the crucial components of BDA management
capability but are also considered as the critical routine activities of organizations [70–72]. (1) BDA
planning is the organizations’ practice to arrange and deploy big data analytics in an organized
way to support the functions, objectives and strategies of the organization formally and informally.
Organizations regularly plan to adapt the innovative opportunities to change the strategic position of
the organization and to use big data analytics in an appropriate manner [68,72].

(2) BDA investment decisions refer to the organizations’ decisions to acquire the BDA resources
by using structural manners like organization funding to maintain the balance of cost and strategic
position of the organization [73]. The organization considers the effects of BDA investment decisions
on the performance of employees, efficient decision making of employees, cost-benefit analysis of
training investment, and quickly respond to change by managers [68,71]. Ramaswamy [74] stated
that organizations with more investment in BDA are getting more returns and competitive advantage.
(3) BDA coordination refers to the coordination and synchronization between the data scientists
and different departments of an organization through structured ways like as reports, employees,
and interpersonal relations formally and informally [70,72]. Data scientists and line people from
different departments interact with each other frequently to consult the crucial issues, coordinate with
each other and share the information to make effective decisions [68,72,75]. This coordination with
other departments increases the performance of the organization. (4) BDA control is the process at
which BDA control activities and functions, either they have organized adequately according to the
formal or informal ways [68]. In this regard, organizations consider that responsibilities are clearly
defined, and proposals of projects are assessed for the development of big data analytics. Organizations
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ensure that performance criteria are appropriately defined to monitor the performance of functions of
BDA [68,72,76].

1.1.5. BDA Technology Capability

Technological capability takes into account all of the technological components, applications,
software and physical components that are used to improve operations, processes and create
various skills within the organization [77]. BDA technology capability can be described as the
technological capability of organizations (hardware, software, applications, data and networks) that
allows data scientists to swiftly upgrade, organize and support the compulsory system components
of the organization [18]. To advance the technical capability of organizations, organization technical
infrastructure should be strengthened and flexible because sometimes organizations have to face
indefinite situations (economic pressure, hyper-competition and the emergence of social marketing)
and organizations need to alter their short- and long-term strategies (merger, acquisition and strategic
alliances) [78,79]. Many researchers, such as [18,27,68], have stated that some key components support
the perception of BDA technological capability: (1) Connectivity, (2) Compatibility, (3) Modularity.

(1) Connectivity refers to the ability of an organization to connect its internal and external
components. The flexibility of an organization’s technological capability is based upon the level of
connectivity among various systems (customer relationship management, supply chain management,
enterprise resource planning and database). Organizations used a flexible system network to connect the
offices that are located in different locations. In this regard, organizations ensure that all communication
networks are jam-free and share analytical information with other departments and develop applications
to tackle varying requirements to improve the BDA connectivity [68,77]. (2) Compatibility that supports
and shares the flow of data and accurate information (databases managed by uniform metadata) to take
correct decisions. Software applications and information can easily be shared and used throughout
the organization despite location to improve the BDA compatibility [68,77]. (3) Modularity refers
to add, alter and eliminate the software modules efficiently and cost-effectively according to the
requirements and helps the organization to improve its performance [18,80]. Researchers have argued
that modularity helps the organization to reuse the software modules, object-oriented tools to develop
the applications and new analytics models in the minimum period [68,77].

1.1.6. BDA Talent Capability

Talent capability means specialized skill and knowledge of an organization’s employees.
BDA talent capability refers to the data scientists’ capability (skills and knowledge) in treating
the analytical technologies to perform tasks related to BDA [18,68]. Researchers suggested four key
elements that will allow the organization to develop BDA talent capability such as (1) Technical skills,
(2) Technology management skills, (3) Business skills, (4) Relational skills [18,27,68]. Previous studies
emphasized that data scientists should know the distinct skills; (1) Technical skills mean that data
scientists should be able to treat different data analysis and analytical technologies. Data scientists
should be capable in multiple areas like as programming, the managing life cycle of a project, data
and network management, maintenance of network management, building of decision support
system [68,77,81].

(2) Technology management skills mean that data scientists should be capable of managing
BDA essential resources to perform business operations smoothly. A data scientist should have
superior knowledge and capability to learn technological developments. Moreover, they should
know the big data and critical issues to attain success for the organization [68,82]. (3) Business skills
mean that data scientists should have knowledge about the different functions and environments of
business. Data scientists should have experience with the policies of the organization. Furthermore,
they should be able to understand the problems of organization and their technical solutions [68,83].
(4) Relational skills mean that data scientists should have interpersonal communication skills to
communicate well with people of other business departments [69,84,85]. Data scientists should be
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able to plan, organize and lead the organization’s projects and execute them through the mutual
contribution of other personnel from various departments. They should maintain their relationships
with customers [69,81,86].

1.1.7. Sustainable Product Development

Big data is considered a crucial part of organizations to develop a sustainable product.
Organizations are competing in a rapidly fluctuating business environment with the help of valuable
information that can be extracted from big data [29]. However, it is not a new concept, but only a
few researchers have studied the effect of big data analytics on sustainable product development
programs [30]. Big data is changing the process to develop a sustainable product [87]. Therefore,
organizations are considering to collect knowledge from big data to build a sustainable product, to
reduce the cost, to reduce the time to market and to improve the consumers’ product adoption [30].
In the automobile industry, sustainable product development is a combination of three core components
such as (1) environment, (2) social and (3) economy [7,32,33]. Organizations should employ these
sustainability components to develop innovative products [88]. The organizations are now adopting
open innovation strategies to include internal and external stake holders for developing sustainable
products [36,89]. The development of environmental perspectives needs to consider the hazarded
quality of human life, development of social aspects refers to fulfil the human needs partly to meet the
requirements of concerned parties of innovative product development and development of economic
perspectives deals with the requisites for the economic growth of the organization [33].

1.1.8. Environment

Organizations adopt the environmental standards to develop a sustainable product by controlling
the maximum level of solid waste and utilization of toxic material in the process of producing the
products. Organizations follow the environmental rules and regulations to improve the environmental
condition of an organization that is related to the social life of human beings [90]. Therefore,
organizations are implementing the standards of ISO14001 (i.e., environmental management system)
to advance the environmental standards to produce sustainable development products and to improve
the environmental situation of the organization [33].

The effects of different environmental issues such as carbon emissions and global warming
are increasing due to an increase in the market share, manufacturing processes, supply chain and
logistics activities of the automobile sector [7,31,32]. Environmental programs such as “reduce, reuse,
and recycle” have been followed by organizations to achieve the sustainability objectives related to the
environment (e.g., reducing the influence of carbon emissions) [32]. Therefore, consumers are taking
more interest in the environmental and ethical issues that influence their buying decisions [91,92].
Furthermore, the researcher examines the influence of big data analytics on minimizing the negative
impact of carbon emissions in their current studies [93–95].

1.1.9. Social

Social sustainability is considered the second essential element of sustainable product development
for an organization to operate in society [32]. Organizations are facing pressure from social organizations
and stakeholders to encompass all three components of sustainable product development. However,
organizations are taking measures to adopt the economic and environmental components in their
processes, but social elements should need to achieve momentum [96]. Most organizations pay less
attention to social issues and rarely consider it as a long-term goal [33]. Many countries are paying
attention to improve the standard of living, but some countries are facing challenges to meet their basic
needs. There are different social challenges that organizations have to face, such as equity, famine,
child labor, gender equality and sustainability in working conditions, etc. [32].

Organizational leadership should pay more attention to social issues because these are also
considered as crucial components for organizational success. When employees are satisfied due to the
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social programs of organizations, then they support the organization to gain superior performance in
the future [33]. Thomas et al. [97] stated that the sustainable enforcement of organization influences the
performance of the organization. Therefore, the organization actively participates in social activities to
compete with competitors and these participations are also recommended to enhance the social life of
the employees in the organization [33].

Developmental objectives should notice the interest of upcoming cohorts and other societies to
share the planet. There are several indicators in the stock market and balance sheet to measure the
economic performance of the organization. The organization measures its environmental performance
through ISO14001 (i.e., Environmental Management System) and GRI (i.e., Global Reporting
Initiatives) [32]. Moreover, social sustainability has received little consideration due to challenges
in acquiring the tangible outcome and involvement of complicated human issues [98]. Big data,
in the unstructured and social media form (i.e., Facebook, Twitter), creates substantial awareness
about social issues that many stakeholders have to face such as wages, equity, safety, working and
living conditions [99]. Consequentially, organizations recognize the importance of their social and
environmental obligations and their impact on organizational performance [100].

The social sustainability of manufacturing organizations is getting better because organizations
are taking part to improve the living standards of society, to improve the working condition, to remove
the waste and to use the resources efficiently [96]. Several organizations have started publishing
their record about social issues and their corporate social responsibility report in the annual report.
Stakeholders and consumers expect organizations should be profitable, environmentally friendly and
ethical [101]. Researchers stated that big data analytics has enough capability to develop the social
sustainability of an organization [102].

Organizations should provide priority to social values and involve the society in the business
strategies to make green initiatives successful. Sustainable product development cannot be attained
without the involvement of the community [7].

1.1.10. Economy

The economic sustainability of the organization is considered one of the crucial components of
sustainable product development. Basically, the economic concept stated that activities should be
coordinated, such as assembly design, process design and after-sales services to develop a sustainable
product [103]. The organization should use the material to produce a sustainable product according
to the requirement of stakeholders and interested parties (e.g., an asbestos-free product). Economy
refers to reducing the cost in the process of producing sustainable products without compromising its
quality. The organization should involve in delivering the after-sales services to customers and provide
awareness to them about economic added value. The organization should control waste management
in the process of producing sustainable products and should be capable of meeting the constitutional
and regulatory requirements [33].

The primary objective of the organization is to gain profit in order to survive in the market for
a more extended period. The organization is operating in a highly competitive environment where
every organization wants to acquire market share [104]. In recent years, the average life span of
the organization is decreasing enormously due to globalization, better information and improved
communication technologies [105]. The economic performance of the organization can be measured
through several indicators such as profitability, cost reduction, competitiveness and brand equity [104].
The business organizations should be profitable to provide profit to stakeholders and to meet the
requirements of them. They should maintain their competitive position in the market by improving
the product continuously and reducing its cost. According to prior studies, big data analytics has a
positive impact on the economic performance of the organization [18,65].



J. Open Innov. Technol. Mark. Complex. 2020, 6, 190 9 of 30

1.1.11. Organizational Performance

The principal objective of every organization is to increase its performance. The ultimate goal
of corporate strategic management is considered as an enhancement of organizational performance.
Thus, organizations have dispersed their efforts into this direction [106,107]. Several researchers
presented various definitions, views, and indicators of measurement to measure the performance of
an organization that indicates the low level of consensus among them to define that what is meant
by organizational performance and how it will be estimated. Therefore, it is quite problematic for an
organization to define, conceptualize and measure the performance [108].

Researchers have paid more attention to identify the best performance measure. Organizations
measured the performance through financial measurement between 1850 to 1975. Many researchers
have criticized the use of financial measures as performance indicators because it provides short-term
opinions, and a low level of strategic concentration and information about responsiveness, flexibility
and quality. It also does not provide information regarding the consumers’ wants and the performance
of competitors [109]. In 1980, traditional indicators to measure the performance were not considered
as adequate for organizations to survive in modern markets due to the increase in the demands of
customers and the emergence of competitive markets. Therefore, the organization should be more
responsive and pay more attention to external issues [110]. Both financial and non-financial indicators
to measure the performance have benefits and limitations. Financial measures are considered more
concrete, but their scope is limited for financial data. In contrast, non-financial measures are considered
less tangible but provide more information on the organization’s effectiveness about competitors [111].

Moreover, it is challenging to determine the appropriate measures for organizational performance
to obtain relevant sensitive information. Many respondents (i.e., organizations) are reluctant to reveal
their confidential information related to measurement indicators such as profitability and return on
investment (ROI) [82]. Researchers employ the indirect technique to collect the data to avoid the
omission of information related to the sensitive performance of the organization. Respondents were
requested to provide data about how effectively their organization performed within the last 3 years
compared to their competitors in terms of profitability, sales growth, return on investment and retention
of customers instead of using the direct approach to ask from them to reveal the objective information
about the performance of organizations [82]. In previous studies, some indirect techniques have been
employed when organizations do not provide the permission to compare with other organization,
and they do not publish their financial reports publicly [18,82,112–115].

1.2. Hypothesis Development

1.2.1. Big Data Analytics and Sustainable Product Development

Big data is playing an essential role in organizations in developing sustainable products.
Organizations are competing in an inconsistent business environment by taking benefits of valuable
information from big data [29]. Although the concept of big data is not novel for organizations, very few
researchers have investigated in their studies how organizations can extract valuable knowledge from
big data to facilitate the sustainable product development [30]. Big data is shifting the sustainable
product development process [87]. Therefore, organizations are collecting information from big data to
assist the process of sustainable product development, to reduce the cost, to improve the consumers’
product adoption and to reduce the time to market [30]. In the automobile industry, sustainable
product development consists of three crucial elements such as (1) environment, (2) social and (3)
economy [7,32,33].

Researchers stated that big data analytics play a progressive role in various domains, but the trend
of research for organizations is increasing between big data and sustainable product development
in auto industry relationships [116]. However, several studied Melnyk, conceptual and subjective
evidence. There is limited empirical research on the relationship between big data analytics and
sustainable product development. So, the main focus of empirical studies is to examine the impact
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of big data analytics on the three elements of sustainable product development [32]. Few studies
have investigated the relationship between big data analytics and sustainable product development
or its elements such as environmental, social and economic development [18,32,47,65,96,117,118].
Organizations should take the potential benefits of big data, and specifically take potential assistance in
developing eco-sustainable products [119]. Researchers agreed that there is more need to research this
phenomenon regardless of these findings. There is a positive association between big data analytics
and environmentally sustainable product development [30].

Researchers have examined the relationship between big data analytics and the component
of sustainable product development (i.e., environmental, social and economic performance) [32].
According to Seles et al. [120], big data analytics has an impact on environmentally sustainable product
development. Big data assimilation has a positive impact on sustainable performance or product
development [121]. Hence, big data play a crucial role in the progression of sustainable product
development in several sectors [122]. There is limited research on the relationship between big data
analytics and sustainable product development in the auto industry, so based on the above arguments
it can be said that:

Hypothesis 1 (H1). Big data analytics has a significant and positive impact on sustainable product development.

1.2.2. Sustainable Product Development and Organizational Performance

The key reason to develop a sustainable product is to gain customer satisfaction, fulfil the demand
of stakeholders and attain sustainability in the organizational business and industry [33] Organization
performance refers to the process that is used to measure the attainment of organizational success [123].
The ultimate goal of corporate strategic management is considered as an enhancement of the
organizational performance; thus, organizations have dispersed their efforts into this direction [106,107].
Advancement in the process of sustainable product development influences the products’ perceived
value and quality, and enhances the reputation and image of the organization. The organization
can increase sales by offering the product at an optimal price, gain a high market share through
increasing the sustainable product development, which has a positive influence on organizational
performance [124]. However, the automotive industry has rarely adopted the standards to develop a
sustainable product [33].

There is a positive association between sustainable product development and organizational
performance [124]. The strategy of product development helps to determine the sustainability and
success of any organization in highly competitive situations. It is tough for organizations to distinguish
their products based on cost and quality. Therefore, sustainable product development facilitates
organizations in competing in a competitive market. Findings suggest that there is a positive
and significant relationship between sustainable product development and performance of the
organization [125]. Innovativeness of the organization is positively associated with the performance of
the organization, which approves the results of research related to new products [126].

The results of the study stated that the components of sustainable product development, that
is comprised of environment, social and economy, have significant and positive influences on
the performance of the organization in the automotive industry [33]. It was also found that the
development of the product based on the eco-innovation strategy has a positive impact on organizational
performance [127]. Environmental innovation is considered as a dominant factor for an organization
that facilitates the organization to develop sustainable products [128]. While [129] suggested that there
is a positive association between sustainable product development and organizational performance So
it can be hypothesized that:

Hypothesis 2 (H2). Sustainable product development has a significant and positive impact on
organizational performance.
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1.2.3. Mediating Role of Sustainable Product Development

Big data analytics is considered as the process, practice and decision-making activity to develop
the new product. Organizations are competing in an inconsistent business environment by taking
the benefits of valuable information from big data [29]. Moreover, big data analytics is considered an
insufficient resource to increase organizational performance and attain competitive advantage [34,35].
Accenture and General Electric conducted a study, where the results revealed that 89% of organizations
believe that if they do not implement big data, then they cannot compete in the market [26]. There is
an ambiguous relationship between big data analytics and organizational performance despite the full
acceptance of big data [18,37]. Organizations have paid great attention to big data analytics to make
a crucial business decision. Despite its popularity, it is not clear how big data analytics impacts the
performance of the organization [16].

Big data analytics could lead to various benefits and add more value if the organization
implemented it accurately through alternative strategic management practices. The key reason
for not attaining the desired organizational performance with the help of big data analytics is due to
the low level of involvement with other strategies. These practices and policies play a vital role to assist
and complement big data analytics to enhance the performance of the organization. Moreover, despite
this ample research, leading researchers stated that impact of big data analytics on the performance
of the organization is mediated by numerous intervening variables [127,130,131]. The mediation
effect of sustainable product development was also examined between total quality management and
organizational performance [103].

Furthermore, there is more research needed to increase the understanding level of the significance
of big data analytics capabilities for the success of organizations [127,132]. Big data analytics need to
be examined in terms of organizational and strategic perspectives despite considering big data as a hot
topic [133]. Researchers have investigated the relationship between big data analytics and the component
of sustainable product development (i.e., environmental, social and economic performance) [32].
The results of the study stated that the components of sustainable product development that comprise
of environment, social and economy have significant and positive influences on the performance
of the organization in the automotive industry [33]. The three building blocks of big data analytics
(i.e., BDA management capability, BDA technology (infrastructure) capability, BDA Talent (personal)
Capability) alone, will not be considered enough to facilitate the organization to achieve the desired
performance unless there are sustainable product development practices in the organization. In general,
organizations cannot make the desired results by using big data analytics only unless they develop and
provide sustainable products to customers to satisfy their demands. There is a lack of research on the
relationship between big data analytics and organizational performance with the mediating effect of
sustainable products. This study investigates the mediating effect of sustainable product development
on the relationship between big data analytics and organizational performance. The researchers
hypothesize that:

Hypothesis 3 (H3). Sustainable product development mediates the relationship between big data analytics and
organizational performance.

Based on the above discussion, a theoretical framework was developed by taking big data analytics
as third order construct, sustainable product development program as a second order construct and
organizational performance as a first order construct (see Figure 1).
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2. Materials and Methods

The automotive industry of Pakistan is comprised of the following four sub-sectors, (a) Cars and
Light Commercial Vehicles, (b) Motorcycles and Rickshaws, (c) Tractors and (d) Trucks, Buses and
Trailers. In Pakistan, there are four provinces, namely, Punjab, Baluchistan, Sindh and Khyber
Pakhtunkhwa. Punjab contributes almost 60% in the overall industrial production of Pakistan.
According to Punjab Bureau of Statistics, Punjab is the largest province both in terms of population
and size of the economy. The research population consisted of all automotive parts and accessories
manufacturer located in the province of Punjab, Pakistan. There are seven industrial zones in Punjab
such as Rawalpindi/Islamabad, Sialkot, Wazirabad, Gujranwala, Sheikhupura, Faisalabad and Lahore.
In Pakistan, a complete list of manufacturing firms is rarely available because undocumented firms
are also in business in all industrial sectors of a country. When there is difficulty in accessing a
complete sampling frame, then non-probability (purposive) sampling is appropriate because it delivers
a representative sample.

Moreover, the non-probability sampling technique is suitable for theoretical generalization.
Selection of judgmental sampling was based on the advice from a person in charge of Pakistan
Association of Automotive Parts and Accessories Manufacturers (PAAPAM), Pakistan Automotive
Manufacturers Association (PAMA) and Association of Pakistan Motorcycle Assemblers (APMA).
The unit of analysis in this study was the organization (i.e., managerial level or higher rank executive)
who must have sufficient knowledge of the entire firm and directly involved in any critical company
decisions making group. The sample size determination was based on Comery and Lee (1992),
who proposed a rule of thumb, which suggests the sample size of 300 is good for statistical analysis.

We employed a three-wave research design, which allowed us to temporally segregate the
measurement of our predictor (T1: big data analytics), mediator (T2: sustainable product development)
and outcome variables (T3: firm performance). The time lag between each measurement point
was 4 weeks. Firstly, formal approvals from respective authorities were sought via a cover letter,
which described the purpose of the study and guaranteed the fact that data will be handled as
confidential and will be used solely for academic purposes. The personal information about respondents
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was sought manly to identify the same respondents in three-time intervals. A unique ID number
(e.g., the month of birth and initials of names) was assigned to every questionnaire. Adopting a similar
design helps curtail potential issues arising from solely using self-reported and single-source data
collection methods [134]. Secondly, Harman’s one-factor test was conducted to address the issues of
common method variance, as suggested [135].

For data collection, at Time-1, we surveyed 840 self-reported questionnaires consisting of the items
of the independent variable (big data analytics) among the managerial level or higher rank executive
with their demographic details, and we received 690 filled questionnaires, generating a response rate
of 82% at this stage. Then, after 1 month, we circulated 690 questionnaires of our mediator (sustainable
product development) to check the impact from the same respondents, and we received 530 usable
questionnaires, resulting in a response rate of 77% at this stage. Similarly, after the 1-month interval,
we circulated 530 questionnaires of firm performance among the same respondents, and the supervisor
reported 372 useable responses with the response rate of 70% at this stage and an overall response rate
for all three time periods of 44%. Demographic profile of the respondents is given in Table 1.

Table 1. Demographic profile.

Characteristics Frequency Percentage

Gender
Male 205 55.1

Female 167 44.9

Age

18–21 48 12.9
22–25 69 18.5
26–29 107 28.8

30–over 148 39.8

Education level
Undergraduate 85 22.8

Graduate 165 44.4
Postgraduate 122 32.8

Experienced
3–5 72 19.4
6–8 189 50.8
9–12 111 29.8

All the distributed questionnaires were in English as, in Pakistan, English is used as the business
language for communication. In recent years, many studies conducted in Pakistan have used an
English-based questionnaire survey approach [136,137]. In this study, big data analytics (BDA)
has three dimensions, such as BDA management capability, BDA technology capability and BDA
talent capability. BDA management capability has four sub-dimensions: BDA planning (4items),
BDA investment (4 items), BDA coordination (4 items) and BDA control (4 items), which were adopted
from [18,68]. BDA technology capability has three sub-dimensions: BDA connectivity (4 items),
BDA compatibility (4 items) and BDA modularity (4 items), which were adopted from [18,68].
BDA talent capability has four sub-dimensions: BDA technology management knowledge (4 items),
BDA technical knowledge (4 items), BDA business knowledge (4 items) and BDA relational knowledge
(4 items), which were measured [18,68]. Moreover, sustainable product development (SPD) has three
dimensions: SPD economic (4 items), SPD social (4 items) and SPD environment (4 items), which were
adopted from [33]. Meanwhile, firm performance (4 items) was adopted from the study conducted
by [18,82] (see Appendix A). The respondents’ feedback was measured on a seven-point Likert scale.
To ensure the content validity of the measurement items of the questionnaire used in this study,
the procedure recommended by Hair [138] was adopted. A two-step practice was applied to develop
and refine the survey questionnaire. Firstly, content or face validity was warranted by three academics
who have obtained a doctorate in the field of Management Sciences. Subsequently, face validity
discussions with seven industrial practitioners were organized to collect comments, suggestions, and
improvement towards the developed instrument.
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Construction of the Hierarchal Component Model

The study used partial least square structural modeling (PLS-SEM) to analyze the model instead
of traditional or covariance-based SEM due to several advantages. For example, exploring theory
rather than confirming, can be used for small sample and abnormal data, and can be used to analyze
complex relationships simultaneously [139]. In this regard, its hierarchal component model (HCM)
conceptualization helps to provide best abstraction for the representation of dimensions instead of
interrelating which reduce complexity of the model and relationships [140]. The HCM is the second
or third order structure used to reduce number of relationships in the model to make PLS path more
parsimonious and easier to grasp [141]. Instead of specifying the number of relationships in terms of
independent and dependent variables in the model, researchers can convert independent constructs to
a higher order to make the lower order components’ paths obsolete to the dependent variable [39].
Its ability to deal these kinds of complex relationship has increased the usage of PLS-SEM in recent
studies. However, it is found that despite the extensive application of PLS-SEM in social sciences,
studies one the HCM model are quite limited [142]. Unfortunately, the researchers did not utilize the
advances analysis features to better explain the phenomena of big data analytics which is a gap in the
literature. In this regard, the study adopted the HCM model to measure organizational performance
through second and third order constructs. The BDA data analytics was measured as a third order
construct having dimensions BDA management capability, BDA technology capability and BDA talent
capability. While BDA management capability, BDA technology capability and BDA talent capability
were second order constructs and organizational performance was measured in lower order or first
order. By using these constructs, the study developed a comprehensive conceptual model for the
adoption of big data analytics in a parsimonious and simple form.

3. Results

SEM is a second-generation analysis technique that has more explanatory power than
first-generation multivariant analysis, and its use is proliferating due to its accuracy, convincing
nature and efficiency [143,144]. It helps deal with the simple, complex or large model without worrying
about normality issues and give better results [145,146]. Moreover, researchers have suggested that
variance-based structural equation modelling (PLS-SEM) gives better results than covariance-based
SEM [147,148]. PLS-SEM is based on two assessment models, i.e., measurement model (outer model)
and structural model (inner model). In the first step, the reliability and validity of the model were
checked, followed by hypothesis testing. For this purpose, bootstrapping (5000 resample) was
employed [145]. PLS 3.0 was used to empirically test theoretical model to achieve the objective of this
study [149].

3.1. Measurement Model

Measurement model assesses the outer model, i.e., the relationship of data and latent variables, and
explains the constructs’ measurement [150]. To assess, the measurement model, validity (convergent
and discriminant validity test) and reliability test (inter consistency reliability and item reliability)
were examined [145,151]. The average variance extracted (AVE) was examined to assess convergent
validity while Heterotrait-Monotrait ratio of correlations HTMT criterion was used for assessment of
discriminant validity. To measure item reliability and inter consistency reliability, outer loadings and
composite reliability tests were adopted. To be unquestionable, the outer loadings should exceed the
cut-off value of 0.50 [145,152,153], the composite value should surpass the threshold value of 0.70 and
AVE should be greater than 0.50 [136,154]. The results have achieved these cut-off criteria as outer
loadings range from 0.53 to 0.79, composite reliability range from 0.78 to 0.89 and AVE values range
from 0.53 to 0.69 (see Table 2, Figure 2).
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Table 2. Measurement model.

First-Order
Construct

Second-Order
Construct

Third-Order
Construct Items Loadings CR AVE

BDA Investment

BDAID1 0.816 0.889 0.668
BDAID2 0.865
BDAID3 0.831
BDAID4 0.753

BDA Planning

BDAPL1 0.808 0.899 0.691
BDAPL2 0.817
BDAPL3 0.862
BDAPL4 0.837

BDA Coordination

BDACO1 0.854 0.865 0.622
BDACO2 0.816
BDACO3 0.870
BDACO4 0.579

BDA control

BDACT1 0.839 0.928 0.763
BDACT2 0.883
BDACT3 0.891
BDACT4 0.879

BDA Management
Capability BDAID 0.734 0.877 0.716

BDAPL 0.637
BDACO 0.732
BDACT 0.759

BDA Modularity

BDAMD1 0.576 0.876 0.645
BDAMD2 0.836
BDAMD3 0.915
BDAMD4 0.844

BDA Connectivity

BDACN1 0.626 0.870 0.630
BDACN2 0.844
BDACN3 0.836
BDACN4 0.846

BDA Compatibility

BDACM1 0.792 0.900 0.693
BDACM2 0.878
BDACM3 0.831
BDACM4 0.827

BDA Technology
Capability BDAMD 0.643 0.864 0.734

BDACN 0.801
BDACM 0.757

BDA Technology
knowledge

BDATNK1 0.820 0.905 0.705
BDATNK2 0.867
BDATNK3 0.858
BDATNK4 0.812

BDA Technical
Knowledge

BDATEK1 0.684 0.866 0.619
BDATEK2 0.799
BDATEK3 0.793
BDATEK4 0.861

BDA Relationship
Knowledge

BDARK1 0.851 0.881 0.652
BDARK2 0.845
BDARK3 0.842
BDARK4 0.679

BDA Business
Knowledge

BDABK1 0.770 0.847 0.588
BDABK2 0.871
BDABK3 0.848
BDABK4 0.528
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Table 2. Cont.

First-Order
Construct

Second-Order
Construct

Third-Order
Construct Items Loadings CR AVE

BDA Talent
Capability BDATNK 0.833 0.887 0.742

BDATEK 0.742
BDARK 0.638
BDABK 0.755

BDA Data Analytics BDAMGTC 0.885 0.941 0.895
BDATECHC 0.909
BDATELC 0.891

Economic

SDPECO1 0.580 0.863 0.617
SDPECO2 0.818
SDPECO3 0.859
SDPECO4 0.853

Environment

SDPENV1 0.575 0.876 0.645
SDPENV2 0.836
SDPENV3 0.915
SDPENV4 0.844

Society

SDPSC1 0.845 0.910 0.717
SDPSC2 0.802
SDPSC3 0.878
SDPSC4 0.862

Sustainable Product
Development SDPEC0 0.804 0.868 0.743

SDPENV 0.651
SDPSC 0.773

Organizational
Performance

ORGP1 0.839 0.881 0.645
ORGP2 0.832
ORGP3 0.837
ORGP4 0.707
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Figure 2. Outer loadings.

Discriminant validity helps to confirm that each construct is distinct from each other.
For discriminant validity, an HTMT criterion was used. Researchers have suggested that all constructs
are distinct from each other if its value is less than the threshold value of 0.85 [155] or 0.90 [156].
All values are under the acceptable range (see Table 3).



J. Open Innov. Technol. Mark. Complex. 2020, 6, 190 17 of 30

Table 3. Discriminant validity.

BDA ID BDA PL BDARK BDATNK BDABK BDACM BDACN BDACT BDACO BDAMD BDATEK ECO ENV ORGP SOC

BDA ID
BDA PL 0.295
BDARK 0.722 0.214
BDATNK 0.479 0.216 0.382
BDABK 0.443 0.331 0.331 0.695
BDACM 0.342 0.278 0.361 0.419 0.539
BDACN 0.759 0.326 0.779 0.522 0.569 0.460
BDACT 0.401 0.410 0.342 0.294 0.430 0.396 0.460
BDACO 0.561 0.381 0.520 0.675 0.771 0.733 0.690 0.476
BDAMD 0.522 0.076 0.528 0.570 0.436 0.224 0.533 0.258 0.653
BDATEK 0.634 0.335 0.530 0.742 0.772 0.564 0.720 0.463 0.675 0.674

ECO 0.759 0.362 0.799 0.512 0.546 0.461 0.728 0.462 0.699 0.536 0.723
ENV 0.522 0.076 0.528 0.570 0.436 0.224 0.533 0.258 0.653 0.645 0.674 0.536

ORGP 0.722 0.214 0.546 0.382 0.331 0.361 0.779 0.342 0.520 0.528 0.530 0.799 0.528
SOC 0.347 0.272 0.404 0.445 0.583 0.366 0.472 0.399 0.798 0.275 0.592 0.471 0.275 0.404
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3.2. Structural Model

Assessment of the structural model was performed to complete a two-stage approach of PLS-SEM.
A structural model was assessed through the following indicators, i.e., path coefficients, coefficient
of determination R2, effect size f2 and predictive relevance Q2 [157]. A bootstrapping (5000 sample)
procedure was adopted to find the significance of the path coefficients [158,159]. All proposed
hypotheses were directional, which is why one-tailed t-test was performed having threshold value
t = 1.64 (p < 0.05). The empirical results showed that all hypotheses are accepted. Big data analytics have
significant influence on organizational performance (β = 0.910, t = 89.280 > 1.64, p < 0.05), sustainable
product development positively influence organizational performance (β = 0.617, t = 16.235 > 1.64,
p < 0.05) and sustainable product development mediates the relationship of big data analytics and
organizational performance (β = 0.561, t = 14.463 > 1.64, p < 0.05) (Table 4, Figure 3). After that, R2 was
assessed to measure the change in the dependent variable due to independent variables. Table 4 shows
the R2 value for organizational performance is 0.38, which indicated that the model is substantial as
per the suggestion of [160]. Effect size (f2) is considered having weak, medium or large effect if value
range around 0.02, 0.15 and 0.35, respectively [160]. To measure predictive relevance (Q2), the blindfold
technique was granted, and results show that Q2 value is greater than 0 as per the suggestion of [158].

Table 4. Results of SEM and hypothesis testing.

Hypothesis Relationship Path Coeff Std. Error t Value p-Value Supported R2 Q2 F2

H1 BDAC→SDP 0.910 0.011 89.280 0.000 Yes 0.38 0.237 0.008
H2 SDP→ORGP 0.617 0.037 16.325 0.000 Yes 0.025
H3 BDAC→SDP→ORGP 0.561 0.039 14.463 0.000 Yes 0.070
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model is substantial as per the suggestion of [161]. Effect size (f2) is considered having weak, medium 

or large effect if value range around 0.02, 0.15 and 0.35, respectively [161]. To measure predictive 

relevance (Q2), the blindfold technique was granted, and results show that Q2 value is greater than 0 

as per the suggestion of [159]. 

Table 4. Results of SEM and hypothesis testing. 

Hypothesis Relationship 
Path 

Coeff 

Std. 

Error 

t 

Value 

p-

Value 

Supp

orted 
R2 Q2 F2 

H1 BDAC→SDP 0.910 0.011 89.280 0.000 Yes 0.38 0.237 0.008 

H2 SDP→ORGP 0.617 0.037 16.325 0.000 Yes   0.025 

H3 
BDAC→SDP

→ORGP 
0.561 0.039 14.463 0.000 Yes   0.070 

 

Figure 3. Hypotheses testing (bootstrapping results). Figure 3. Hypotheses testing (bootstrapping results).

4. Discussion

The main objective of this study is to determine the effect of sustainable product development as
a mediating variable in the relationship between big data analytics and organizational performance.
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The finding of this study stated that big data analytics has a significant positive relationship with
sustainable product development; thus, H1 was supported. The significant relationship between
big data analytics and sustainable product development shows that the automobile sector in
Pakistan should adopt big data analytics to transform its business operations in achieving the
objectives of sustainable product development. The findings of this association are consistent with
previous studies who examined the relationship between big data analytics and sustainable product
development (environment, economic and social) [18,32,47,65,96,117,118]. This study also provides
help to organizations and practitioners on how they can extract valuable knowledge from big data
analytics to facilitate sustainable product development.

The relationship between sustainable product development and organizational performance
was significant, and H2 was supported. The result of this study is consistent with prior studies
that found that sustainable product development enhances the organization’s performance [124,129].
For example, [33] stated that the components of sustainable product development that comprise
of environment, social and economy have significant and positive influences on the performance
of the organization in the automotive industry. Additionally, Munodawafa and Johl [127] indicate
that the development of the product based on the eco-innovation strategy has a positive impact on
organizational performance. As suggested by [125], there is a positive and significant relationship
between sustainable product development and performance of an organization.

As proposed, sustainable product development mediated the relationship between big data
analytics and organizational performance and H3 was supported. The finding of this study shows that
the indirect effect of big data analytics on organizational performance is mediated by sustainable product
development and emphasizes the adoption of big data analytics to attain superior organizational
performance. In general, in these climate-changing conditions, automobile organizations cannot
achieve the desired results by using big data analytics only unless they develop and provide sustainable
products to customers to satisfy their demands. For this reason, researchers suggest that big data
analytics and sustainable product development are essential for the performance of organizations to
tackle the new opportunities despite competing organizations’ behavior in the market [18,33,68,127].

4.1. Theoretical Contribution

There are several theoretical implications for big data analytical research. Firstly, the findings
of this study contribute to providing the answer of the fascinating question in the research of big
data analytics that what type of capabilities (i.e., technical and non-technical) an organization should
acquire to gain success in big data efforts. [161]. The empirical results of this study are consistent with
the results of prior studies and facilitate to provide the answer of these questions by indicating that an
analytical culture of an organization is based upon three building blocks of big data analytics, such as
management capability (i.e., planning, investment, coordination and control), technological capability
(i.e., connectivity, compatibility, and modularity) and talent capability (i.e., technical skills, technology
management skills, business skills and relational skills) [27].

Secondly, it is considered as the first study that determines the effect of big data analytics on
sustainable product development and organizational performance of the automobile sector and
examines the mediation effect of sustainable product development on the relationship between big data
analytics and organizational performance. Although there is a lot of research on big data analytics [18,68]
and sustainable product development [7], there is nascent research on the integration of these two
constructs. The impact of big data analytics on organizational performance emerges clearly from the
prior studies, but the missing link is the mediating effect of sustainable product development on big
data analytics’ impact on organizational performance. Hence, our study tested the mediating effect of
sustainable product development on the relationship between big data analytics and organizational
performance by collecting the data from automotive firms in Pakistan. The combination of big data
analytics and sustainable product development in a single theoretical framework is also a contribution
of our study.
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Thirdly, regardless of limited empirical modelling in the literature of big data, our study contributes
to conceptualizing the reflective higher-order or multidimensional big data analytics construct based
on the resource-based view. This association demonstrates that the capabilities of big data analytics (i.e.,
higher-order construct) have a significant impact on organizational performance. It is argued by [68]
to examine the variation in performance of the organization, the third-order construct approach is
considered more effective than other modelling approaches. So, this study filled this gap by providing
a higher-order in big data analytics researches.

Fourthly, a review of previous literature on big data analytics, sustainable product development,
and organizational performance suggests that most of the researchers have conducted these studies
in developed countries such as Asia, Latin America, USA and Europe but have ignored emerging
countries such as Pakistan. Similarly, in the abovementioned countries, a number of studies have
been conducted in different sectors. Our study is a preliminary study that considers the automobile
sector of Pakistan. It can provide a framework for the automotive sector to adopt for gaining better
organizational performance and adopting sustainable product development program.

Finally, apart from the abovementioned theoretical contributions, the study has key strength of
using distinctive time-lagged research design which involves the collection of data in three times waves
from independent sources. This data collection design reduces the mono-method bias, especially when
investigating a higher-order model. In this regard, this study also contributes methodologically in
the literature.

4.2. Managerial Contribution

This study has significant guidance, implications for practitioners (i.e., managers, policymakers,
consultants) who are engaged in big data analytics and sustainable product development. Firstly,
the multidimensional big data analytics capability model facilitates the managers to understand
the antecedents of this model and its relationship with each dimension. Our study suggests that
organizations should adopt big data analytics capability to improve performance. This may help the
organizations to make better decisions in order to gain better performance and competitive advantage.
Organizations are in need to combine domain-specific capabilities with data science which will
facilitate them in gaining a competitive edge over their competitors. Secondly, this study offers insights
that having access to the latest technology, making the investment and collecting more information
is considered insufficient to build a big data analytics capability effectively. The mediating role of
sustainable product development highlights how organizations can gain a sustainable competitive
advantage with the help of a big data analytics capability and sustainable product development.
Conversely, if sustainable product development is missing, then big data analytics capability can
lose a competitive advantage in the dynamic environment of business. However, our study provides
guidance to practitioners who are engaged in projecting sustainable product development.

Moreover, the adoption of big data analytics creates opportunity for open innovations in the
organizations. The development of the sustainable product is quite depended on the open innovation
strategies of the organization which involves the inflows and outflows of the knowledge and information
from the stakeholders. In this regard, the big data analytics can be used as the source of open innovation
as it enables the co-creative value from customers and other stakeholders to develop a product by
smoothly managing information and knowledgeable skills. In an open innovation paradigm, external
and internal information extracted from the in-house and outside sources to utilize for the development
of new products which is easily handled by the big data analytics.

In short, our study is relevant to the big data analytics capability, sustainable product development
and betterment of the organizational performance. Finally, the findings of this study facilitate the
practitioners to develop the strategies that will not only improve the organizational performance
but also facilitate them to sustain the environmental, social and economic development. With the
help of proper teamwork and sustainable product development, practitioners can contribute to
protecting the environment, social and economic development. For the auto industry, there is a
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need to promote the environmentally friendly product properly with the help of innovation and
continuous development. Practitioners should control the cost to enhance organizational performance
by developing sustainable products.

5. Conclusions

This research adopted the resource-based view to study the higher-order big data analytics
capability (i.e., management, technological and talent capability) and its relationship with the sustainable
product and organizational performance. Different industries show their keen interest in big data
analytics capability, but our study adopted this concept and examined its impact on organizational
performance with the mediating effect of sustainable product development in the automobile sector.
The results stated that big data analytics capability has a significant positive impact on sustainable
product development and sustainable product development further has a significant positive impact
on organizational performance. Moreover, sustainable product development mediates the relationship
between big data analytics capability and organizational performance. Overall, the current study
facilitates the practitioners and policymakers to understand the capability, strategy and performance
relationship in big data environments comprehensively and provide new opportunities for research
for academicians and policymakers.

Limitation and Future Directions

This study has some limitations and directions for future research regardless of the implication
for academics and practitioners. Firstly, the scope of this study is the automobile industry in Pakistan.
It is difficult to generalize the findings of this study for other industries like services, manufacturing,
retailing, etc. Further researchers can use the same model to conduct research in different sectors and
different countries. Secondly, the study used a quantitative approach for the data analysis. Further
researches can adopt a mixed method approach to validate results by using qualitative–quantitative or
quantitative–qualitative approach. Thirdly, the financial position of organizations plays a major role to
take the initiative or launch a new product especially a sustainable one. So, we suggest that future
research should use the financial capability as a mediator in the next studies. Finally, the government
in developing countries plays an active role to regulate the development of industry, guide the policies
of the business and influence its operations. Thus, it is crucial for organizations to build a relationship
with government agencies (i.e., political ties) to survive. It is unclear that if political ties influence the
operations of organizations in developing countries. So, we suggest that the moderating role of political
ties should be checked in future studies to extend the understanding in the big data environment.
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Appendix A

Table A1. Constructs Items.

Constructs Items

Big data analytics Planning We continuously examine the innovative opportunities for the strategic use of big
data analytics.

We enforce adequate plans for the introduction and utilization of big data analytics.
We perform big data analytics planning processes in systematic and formalized ways.
We frequently adjust big data analytics plans to better adapt to changing conditions
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Table A1. Cont.

Constructs Items

Big data analytics
Investment decision

When we make big data analytics investment decisions, we think about and estimate
the effect they will have on the productivity of the employees’ work

When we make big data analytics investment decisions, we considerand project
about how much these options will help end-users make quicker decisions.

When we make big data analytics investment decisions, we thinkabout and estimate
the cost of training that end-users will need.

When we make big data analytics investment decisions, we considerand estimate the
time managers will need to spend overseeing thechange

Big data analytics
Coordination

In our organization, business analysts and line people meet frequently to discuss
important issues both formally and informally.

In our organization, business analysts and line people from various departments
frequently attend cross-functional meetings.

In our organization, business analysts and line people coordinatetheir
efforts harmoniously.

In our organization, information is widely shared between businessanalysts and line
people so that those who make decisions or perform jobs have access to all

available know-how
Big data analytics Control In our organization, the responsibility for big data analytics development is clear.

We are confident that big data analytics project proposals areproperly appraised.
We constantly monitor the performance of the big data analytics function.

Our analytics department is clear about its performance criteria.

Connectivity Compared to rivals within our industry, our organization has the foremost available
analytics systems.

All remote, branch, and mobile offices are connected to the central office for analytics.
Our organization utilizes open systems network mechanisms to boost

analytics connectivity
There are no identifiable communications bottlenecks within our organization when

sharing analytics insights.

Compatibility Software applications can be easily transported and used across multiple
analytics platforms.

Our user interfaces provide transparent access to all platforms and applications.
Analytics-driven information is shared seamlessly across our organization, regardless

of the location.
Our organization provides multiple analytics interfaces or entry pointsfor

external end-users.
Modularity Reusable software modules are widely used in new analytics modeldevelopment

End-users utilize object-oriented tools to create their own analyticsapplications.
Object-oriented technologies are utilized to minimize the development time for new

analytics applications.
Applications can be adapted to meet a variety of needs duringanalytics tasks

Technical
Knowledge Our analytics personnel are very capable in terms of programmingskills.

Our analytics personnel are very capable in terms of managing project life cycles.
Our analytics personnel are very capable in the areas of data andnetwork

management and maintenance.
Our analytics personnel create very capable decision support systemsdriven

by analytics.
Technology

Management
Knowledge

Our analytics personnel show superior understanding of technologicaltrends.

Our analytics personnel show superior ability to learn new technologies.
Our analytics personnel are very knowledgeable about the criticalfactors for the

success of our organization.
Our analytics personnel are very knowledgeable about the role of bigdata analytics as

a means, not an end.
Business

Knowledge
Our analytics personnel understand our organization’s policies and plans at a very

high level.
Our analytics personnel are very capable in interpreting businessproblems and

developing appropriate technical solutions.
Our analytics personnel are very knowledgeable about businessfunctions

Our analytics personnel are very knowledgeable about the businessenvironment.



J. Open Innov. Technol. Mark. Complex. 2020, 6, 190 23 of 30

Table A1. Cont.

Constructs Items

Relational
Knowledge

Our analytics personnel are very capable in terms of planning, organizing, and
leading projects.

Our analytics personnel are very capable in terms of planning andexecuting work in
a collective environment.

Our analytics personnel are very capable in terms of teaching others
Our analytics personnel work closely with customers and maintain productive

user/client relationships.
Organizational
performance Using big data analytics improved ____ during the last 3 years relative to competitors:

Customer retention
Sales growth
Profitability

Return on investment
Social Our firm believes in gender equality

Our firm pays significant attention to the mortality rate of the daily wage
workers children

Our firm believes in poverty reduction
Our firm pays significant attention to the nutritional status of the meal served in

the canteen
Environmental
performance Our organization has adopted adequate measures for reduction of air emissions

Our organization has adopted adequate measures for re-cycling waste water
Our organization has adopted adequate measures to prevent discharge of solid waste

Our organization has adopted adequate measures to prevent consumption of
hazardous harmful toxic materials

Economic Decrease of cost for materials purchasing
Decrease of cost for energy consumption

Decrease of fee for waste treatment
Decrease of fee for waste discharge
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