Journal of Cleaner Production 213 (2019) 1264—1273

Journal of Cleaner Production

journal homepage: www.elsevier.com/locate/jclepro

Contents lists available at ScienceDirect

Role of big data analytics in developing sustainable capabilities

Sanjay Kumar Singh **, Abdul-Nasser El-Kassar ”

Check for
updates

2 College of Business, Abu Dhabi University, Abu Dhabi, United Arab Emirates
b Adnan Kassar School of Business, Lebanese American University, Beirut, Lebanon

ARTICLE INFO

Article history:

Received 15 September 2018
Received in revised form

9 December 2018

Accepted 18 December 2018
Available online 27 December 2018

Keywords:

Sustainable capabilities

Big data

Corporate commitment

Green supply chain management
Green human resource management
practices

ABSTRACT

The purpose of this study is to examine the extent of sustainable capabilities driven by corporate
commitment resulting from the integration of big data technologies, green supply chain management,
and green human resource management practices, and the extent to which these capabilities can
enhance the broader firm performance. The study was also designed to investigate the degree to which
green human resource management practices influence the integration of big data technologies with
processes and enhance the relationships between green supply chain management practices, both in-
ternal and external, as well as their influence on sustainable performance. We used dynamic capabilities
theory and proposed a conceptual research model which was tested empirically. The findings of our
study establish the influence of big data driven strategies on business growth in terms of sustainable
performance by considering internal processes that constitute sustainable capabilities. The study rec-
ommends the integration of green supply chain management, green human resource management
practices, and big data management to enhance firms’ sustainable capabilities that lead to better sus-
tainable performance.
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1. Introduction

Big data has the potential to transform business and that war-
rants understanding the implications, vis-a-vis organizational re-
sponses, to the opportunities and challenges of environmentally
sustainable business operations (Seles et al., 2018) and supply chain
sustainability (Papadopoulos et al., 2017a,b). However, the tradi-
tional means of acquiring, accessing and analyzing big data are no
longer applicable (Seles et al., 2018; Tien, 2013; Hampton et al.,
2013). Decision makers use big data analytics to devise strategies
that translate into better firm performance through innovation,
competitiveness and values creation (de Camargo Fiorini et al.,
2018; Fosso-Wamba et al., 2017; Tan et al., 2015). However, the
internal mechanisms, namely capabilities, core competencies, and
internal processes through which the formulated strategies from
big data analytics lead to higher performance, have not yet been
fully examined. As a result, we contend that building the required
organizational capabilities requires not only big data management,
data science and predictive analytics but other factors and mech-
anisms, namely supply chain management (SCM) and human
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resource management (HRM) (e.g., Jabbour and de Sousa Jabbour,
2016; Jabbour et al., 2013; Jackson et al., 2011). Bundling these
technologies along with HRM and SCM helps firms achieve future
sustainability and create core competency (Amui et al., 2017; Dao
et al.,, 2011).

Environmental sustainability and greening of organizations
have become the agenda of the 21st century; and as a result, “Green
Human Resource Management” (GHRM) in the field of human re-
sources (Jabbour and de Sousa Jabbour, 2016; Jabbour et al., 2013;
Jackson et al., 2011) and sustainability in the field of operations
management (Jabbour and de Sousa Jabbour, 2016; Govindan et al.,
2014) have emerged as new lines of research. For the purpose of
this study, we define GHRM as alignment of HRM practices with
environmental management practices wherein human resources
play a strategic role while deciding upon organization's environ-
mental policies and practices (e.g., Jackson and Seo, 2010; Jabbour
and Santos, 2008). Similarly, we define sustainability as the abil-
ity of firms to respond to not only their short-term financial ob-
jectives bust also their future goals (Bansal and DesJardine, 2014).
Managing sustainable resources and reducing pollution pose
several challenges to firms' economic development over the years
that calls upon the firms' top management to find ways to reduce
and manage them in sustainable ways (Song et al., 2017; Wang and
Song, 2014). We argue that if the firms do not take care of
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environmental sustainability on their own, key stakeholders will be
forced to implement environment-friendly practices and eco-
efficient activities (Carvalho et al., 2017; Chen and Chang, 2012;
Chen and Delmas, 2012). Therefore, we posit that organizations
should implement environment-friendly practices such as the
implementation of green supply chain management, green tech-
nologies and green innovation for a win-win situation. Green in-
novations support sustainable development as well as
technological innovations that are used in waste recycling, saving
energy and preventing pollution, if any (Gast et al., 2017; Chang,
2011).

The capacity to integrate intricate resources in an effective
manner to achieve sustainable goals, deliver sustained values to its
stakeholders, and gain sustainable competitive advantage consti-
tute a firm's sustainable capabilities (Amui et al., 2017; Dao et al.,
2011). Hence, by integrating green HRM, green supply SCM and
big data management, firms develop such sustainable capabilities
that lead to better sustainable performance, not only at the orga-
nizational, but also at the environmental and social levels (Amui
et al., 2017; Dao et al., 2011). Previous studies on sustainability
and sustainable capabilities of firms ask for serious scholarly
attention using a wide array of methodological choices ranging
from conceptual and theoretical works to mixed methodologies,
including quantitative and qualitative (e.g., Amui et al, 2017;
Papadopoulos et al.,, 2017a,b), as there is a scarcity of scholarly
works on this theme. Furthermore, the exiting literature on sus-
tainability identifies a considerable gap in investigating the obsta-
cles to becoming a sustainable firm with green SCM, green HRM,
corporate commitment, and how dynamic capability theory can
contribute to this qualitatively (e.g., Amui et al., 2017; Govindan
et al., 2015; Gmelin and Seuring, 2014) for firms to attain sustain-
able performance.

We posit that integrating the firm's resources to develop sus-
tainable capabilities to achieve sustainable performance relies on
corporate commitment to engage in sustainable practices and big
data initiatives that are incorporated at the firm's operational and
strategic levels. This requires decision makers to adopt a compre-
hensive and viable process that ensures returns from investments
made in big data initiatives (Acharya et al., 2018; Braganza et al,,
2017). Such practice involves three stages consisting of big data
acceptance, assimilation and routinization (Wang et al., 2018;
Gunasekaran et al., 2017; Hazen et al., 2012). Driven by commit-
ment from decision makers, the acceptance stage is about how
stakeholders recognize the significance of such technologies
(Gunasekaran et al., 2017). The routinization stage is related to a
firm's governance system that enables the incorporation of the
technologies within the processes (Wang et al., 2018; Gunasekaran
etal,, 2017; Zmud and Apple, 1992). The assimilation stage refers to
how well technology has been integrated or spread across the
firm's processes so that expected goals and benefits are attained
(Wang et al., 2018; Gunasekaran et al., 2017; Hazen et al., 2012).

Our study extends the prior studies on environmental sustain-
ability and greening of organizational processes and practices
(Jabbour and de Sousa Jabbour, 2016; Jabbour et al., 2013; Jackson
et al., 2011). This paper also extends prior scholarly studies on the
linkages amongst big data technologies, green HRM, green SCM and
firms’ operational and environmental performance (e.g., El-Kassar
and Singh, 2018; Amui et al, 2017; Govindan et al., 2015). In
particular, our study attempts to address following questions:

- How do sustainable capabilities driven by corporate commit-
ment and resulting from the integration of big data technolo-
gies, green HRM practices and green SCM enhance firms'
operational and environmental performance?

- How do green HRM practices influence the integration of big
data technologies within organizational processes to augment
the relationships between internal and external green SCM
practices and, in turn, how do they influence sustainable
performance?

We have organized our paper as follows: The underlying theo-
retical framework used to develop the proposed conceptual model
is presented in section two along with a review of the related
literature required to derive the hypotheses. In section three, we
present the research methodology and data analysis. The discus-
sions and conclusions along with the limitations and suggestions
for future research are presented in section four.

2. Theory and hypotheses

We draw upon the dynamic capabilities (DC) theoretical lens
that aims at addressing changes through integrating and reconfi-
guring competencies internally and externally (Teece et al., 1997).
Effective reconfiguration and transformation of organizational
competencies leads to their renewal and requires the firm's
awareness of environmental changes as well as constant observa-
tion and adoption of new technologies and best practices. However,
the development of such dynamic capabilities is limited by orga-
nizational characteristics and managers' choices. Argote (2012)
argues that managers who rely on existent knowledge and past
experiences face organizational challenges especially when oper-
ating in a non-linear market. This urges firms to innovate and
leaders to reorganize their knowledge by using real-time infor-
mation, cross-functional relationships, and other communication
options. Zollo and Winter (2002) distinguish between implicit and
explicit knowledge and posit that dynamic capabilities develop in
accordance with direct knowledge declaration and codification
activities.

The dynamic capabilities view attempts to reveal characteristics
of the firm's capabilities in terms of creating resource combinations
that relate common business processes, such as product develop-
ment, resources allocation and knowledge creation processes
(Eisenhardt and Martin, 2000). Moreover, increased reliance on
such capabilities helps the firm achieve a competitive advantage by
enabling new thinking techniques and combining data, technolo-
gies and expertise. In the context of sustainability and greening of
firms, we posit that sustainable dynamic capabilities refer to the
ways in which firms configure and continually reconfigure big data
technologies, green HRM practices, green SCM, and corporate
commitment to achieve sustainable operational and environmental
performances (e.g., Eisenhardt and Martin, 2000; Teece et al., 1997).
Furthermore, dynamic capabilities suggest how firms engage in
exploiting their big data, reconfiguring resources to make big data
initiatives repeatable and sustainable rather than an isolated event
(Braganza et al., 2017). Several studies relating to big data analytics
exhibit the applicability of the dynamic capabilities view, wherein
they argue that big data technologies are resources that support
firms operating in rapidly changing environments and market
conditions due to features explicitly associated with dynamic ca-
pabilities (e.g., Braganza et al., 2017; Fosso-Wamba et al., 2017;
Kindstrom et al., 2013).

Gunasekaran et al. (2017) examined the influence of assimila-
tion on both supply chain and firm performance. Driven by top
management commitment, the acceptance stage concerns how
stakeholders appreciate the significance of such technologies
(Gunasekaran et al., 2017). The routinization stage deals with the
governance system of the firm that enables the integration of the
technologies within processes (Zmud and Apple, 1992). The
assimilation stage is related to the extent that firms integrate or
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spread over their processes and practices so that expected goals
and benefits are attained (Hazen et al., 2012). Big data analytics use
unique information processing capabilities in the organizational
value creation processes to enhance a firm's competitive advantage
and the support and commitment of top management play a critical
role in that direction (e.g., EI-Kassar and Singh, 2018; Chen et al.,
2015). Accordingly, we predict that:

H1. Corporate commitment has a positive impact on acceptance,
routinization and assimilation of big data.

Large data assimilation through acceptance and routinization
along with resources, namely connectivity and information sharing
driven by corporate commitment (capability), impact the supply
chain practices and enhance firm performance (Gunasekaran et al.,
2017). Aiming at addressing the rapid technological changes
through the integration of these capabilities requires the firm's
awareness of environmental changes and commitment from deci-
sion makers to address challenges presented by these changes.
Faced with natural resource depletion and dynamic market
changes, firms are now obliged to utilize and manage resources in a
sustainable manner. This poses several challenges on firms' eco-
nomic development (Wang and Song, 2014) and forces them to
implement environment-friendly practices and engage in eco-
efficient activities that have a high economic value and social
consideration while still delivering sustainable values (Carvalho
et al., 2017; Chen and Chang, 2012; Chen and Delmas, 2012).

Environment-friendly practices, such as the implementation of
internal and external green SCM, green technologies, and green
innovation, should not only be considered, but also encouraged by
the decision makers through corporate commitment. Green in-
novations is a crucial strategic factor that supports sustainable
development through continuous usage of technological innova-
tion while saving energy, recycling of wastes and prevention of
pollution (Chang, 2011). Therefore, effective implementation of
green innovation practices (i.e., internal supply chain management)
must be accompanied with the collaboration of all supply chain
partners (Chithambaranathan et al., 2015). In particular, the supply
chain system becomes green when the suppliers embrace envi-
ronmental requirements of both firms and customers. Chiou et al.
(2011) show that when suppliers adopt environment-friendly
practices, it increases green product innovations that, in turn,
enhance firms’ competitive advantage and environmental perfor-
mance. Moreover, green supply chain management (GSCM)
emerged as an environmental strategy that not only improves the
environmental performance of individual organizations, but also
that of the entire supply chain which has also been accepted by
industries (Govindan et al., 2016). Hence, we propose that:

H2. Corporate commitment positively influences internal and
external green SCM practices.

Chen and Zhang (2014) posit that although excessive amounts of
data generated and collected by firms are becoming more chal-
lenging for decision makers, they are profoundly useful due to their
potential and hidden values. Big data offers huge opportunities
pertinent to businesses operating in different fields and industrial
sectors and that can result in increased productivity and enhanced
financial performance (Nguyen et al., 2017). This marks large vol-
uminous data as a valuable asset or exploration that will be
involved in future business competition in technology and pro-
ductivity. Many challenges are also associated with big data,
including problems with data capture, storage, analysis, and visu-
alization. Also, several useful techniques may be adopted to deal
with big data problems, such as cloud computing (Hashem et al.,
2015). These technologies and techniques aim for the

advancement and development of complex methods for managing
and analyzing information located in diverse, numerous and het-
erogeneous data sets. Waller and Fawcett (2013) examined areas
where SCM converges with predictive analytics and data science, as
well as large data. In particular, the importance of the skills and
knowledge required for future supply chain leaders to be effective
were pointed out.

Nguyen et al. (2017) proposed a framework that provides a
comprehensive view of the usage of big data analytics in the SCM
context, which is one of the few key business aspects affected by
large data analytics due to the implementation of data-driven
strategies and operations. Such transformation allows firms to
attain operational excellence and competitive advantage. In fact,
end-to-end supply chains manage their widespread activities by
linking data sets located in different systems across the supply
chain. Data-driven strategies applied in supply chains include RFID
tags which screen the compliance of available inventory levels and
that in-transit with current stock levels. This in turn automates
inventory order replacement. Moreover, big data increases a firm's
value when it is incorporated with other key organizational re-
sources (Sanders, 2014) to impact firms' SCM practices (Mishra
et al., 2018). Therefore, we predict that:

H3. The assimilation of big data through acceptance and routini-
zation has a positive impact on internal green SCM practices.

The inflow of large data in huge quantity, high diversity, and
high velocity is associated with challenges for classical environ-
mental theories and methods notwithstanding them being defec-
tive in exactness and constancy (Acharya et al., 2018; El-Kassar and
Singh, 2018; Song et al., 2017). Big data has characteristic features
that possess environmental and social features to impact the
innovation and performance (Cajaiba-Santana, 2014; El-Kassar and
Singh, 2018; RoBmann et al., 2018; Papadopoulos et al., 2017a,b) of
the supply chain. Dubey et al. (2017), in a study in Indian
manufacturing organizations, found that big data and predictive
analytics positively impact firms' social and environmental per-
formance. Several other scholars also studied how big data ana-
lytics help firms to reduce negative influence of carbon emission
(e.g.,Zhao et al., 2017; An et al., 2017) and also improve firms’ social
sustainability (Song et al., 2017), economic performance (Akter
et al., 2016) and social, environmental and economic performance
(Jeble et al., 2018). Furthermore, Seles et al. (2018) have analyzed
the challenges and opportunities of climate change for business
organizations and suggest that big data analytics has potential to
transform ways of doing business while staying focused on sus-
tainable operational and environmental performance. Therefore,
we predict that:

H4. The assimilation of big data through acceptance and routini-
zation has a positive influence on environmental and organiza-
tional performance.

Green innovations help firms to attain sustainable development
through technological innovation to save energy, recycle the wastes
and prevent pollution, if any (Chang, 2011). Chen et al. (2006)
suggest that green innovations include green products and pro-
cesses that help reduce energy and pollution emission, waste
recycling, and deployment of sustainable resources. Several past
studies pinpoint, among others, corporate commitment and envi-
ronmental ethics that contribute to the success of implementing
green innovation in the workplace (Weng et al., 2015; Lin et al.,
2013; Chang, 2011). Firms have been found to design and imple-
ment green SCM practices to reduce the environmental impact of
their operations and that, in turn, enhances their operational per-
formance (Vanalle et al., 2017). Similarly, a study by Longoni and



S.K. Singh, A.-N. El-Kassar / Journal of Cleaner Production 213 (2019) 1264—1273 1267

Cagliano (2018) found a combined effect of a firm's inclusive
environmental disclosure and green SCM practices on its environ-
mental and financial performance. In other words, firms should
align and leverage green SCM for disclosure practice effectiveness
and, in turn, to augment their environmental and financial per-
formance (Longoni and Cagliano, 2018). Therefore, we posit that
green SCM practices, namely cooperation with customers and
green purchasing on the firm's environmental performance (de
Sousa Jabbour et al., 2017) and how green collaboration with sup-
pliers and green process innovation, facilitate firms remaining
competitive (Dai et al., 2017) in dynamic markets. As a result, we
hypothesize that:

H5. Internal and external green SCM practices positively influence
environmental and organizational performance.

Technological challenges in assimilating big data become huge
when firms embrace green SCM and sustainable practices inter-
nally as well as externally with their supply chain partners. Such
challenges are handled through corporate commitment and green
HR practices which aim at improvement in environmental and
organizational performance (Rajesh, 2017; Gunasekaran et al,
2017; Ar, 2012). Yen and Yen (2012) studied how internal motiva-
tions influence organizations to embrace green SCM and found a
direct association between corporate commitment and successful
adoption of green standards. Gholami et al. (2013) further discussed
conditions and results where firms embraced green technologies
and found a positive relationship between ‘going green’ policies
and practices and their environmental performance. Therefore,
green HR practices facilitate adoption of green management, green
technologies and green operations management. We posit that
green HR practices contribute to organizational sustainability and
boost firm performance (El-Kassar and Singh, 2018; Jabbour and de
Sousa Jabbour, 2016; Boudreau et al., 2003). Accordingly, we posit
the following hypothesis:

H6. Green HR practices and training influence big data acceptance
on routinization, green supply chain collaboration on internal
green SCM, and internal green SCM on environmental and orga-
nizational performance.

The above discussions and hypotheses are depicted in our
conceptual model of Fig. 1.

3. Methods
3.1. Survey and data collection

Our study is designed to find out the influence of the large data
driven strategies on sustainable performance by considering in-
ternal processes that constitute sustainable capabilities. In this
study, we also examine the relationships between the assimilation
of big data, internal and external green SCM practices, and sus-
tainable performance (organizational and environmental), along
with the influence of decision makers’ commitment. Our study also
examines the moderating effects of green HR management, in
terms of green HR training and practices, on the aforementioned
relationships.

Using a survey instrument designed to measure the construct
and test the hypotheses, we examined the conceptual model of our
study. First, an initial questionnaire was designed and the scale was
checked via content validity. With the help of six academic pro-
fessors and three industry experts, the survey was further devel-
oped. The revised version was used to test our proposed research
model. The survey items aimed at measuring the respondents’ at-
titudes and opinions regarding the various constructs. A discussion
of the items measuring these constructs is given below.

The target population consisted of employees and managers
working in organizations that had implemented big data and
adopted green SCM practices. Respondents were knowledgeable
about big data technologies, SCM practices and the broader per-
formance of their organizations. We used convenient sampling and
approached the potential sample of the study through personal
networks. A total of 522 potential respondents were asked via
email to participate in the study. The model was tested and the
research questions were addressed using data collected from 257
employees. The sample in the study were employees working in
companies located in the Kingdom of Saudi Arabia (KSA), the
United Arab Emirates (UAE), Egypt, and Lebanon. Egypt and
Lebanon are two Middle East and North Africa (MENA) countries,

Big Data
Acceptance

Corporate
Commitment

Green Supply

Big Data
Routinazation

Big Data
Assimilation

Sustainable
Performance

4

e O\

Chain
Collaboration

Gre:h

HRM

Fig. 1. The conceptual research model.
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while the KSA and the UAE are two Golf-Cooperation Countries
(GCC). We attached a cover letter to the questionnaire explaining
the purpose of the study. Moreover, in the cover letter assurance of
the anonymity of the respondents and answers was stressed. This
was aimed to minimize social desirability biases that particularly
arise in survey research, especially in small firms (Roxas and
Lindsay, 2012). This study had 215 usable returned questionnaires
from the respondents, yielding a 53.80 percent response rate.

We contacted 23 non-respondents to check for non-response
bias and asked them about the reasons for their non-participation
in this study. It was found that the main reason for their non-
participation was their lack of knowledge of the constructs of the
study and the resulting items included in the survey questionnaire.
In addition, we used the demographic values to perform Chi-Square
test to compare between early respondents (those who returned
the survey questionnaire in the first two weeks from the receipt of

the questionnaire) and late respondents (who returned filled-in
questionnaire after 20—25 days and after they were contacted
several times). We found no significant differences in the early
respondents and the late respondents. Therefore, it provided
further confirmation that our study is free from any issue related to
the non-response bias.

3.2. Measures

Multiple-scale items were used to the measure all the constructs
of the conceptual model. In addition to the demographic items of
the company, a total of fifty-one items were included to cover the
constructs of the conceptual research model. These items are listed
in Table 1.

Four items from Chiou et al.’s (2011) scale were used to measure
green product innovations. The sample items of green product

Table 1
Construct items.

Construct Construct items References

Corporate Commitment (CCMT) CMT1 Business benefits through green supply chain partnering Liang et al. (2007)
CMT2 Green supply chain partnering to stay competitive
CMT3 Articulating ideas to support green SCM partnership
CMT4 Monitoring success of green SCM partnership
CMT5 Formulating strategy for information sharing in the organization

Big Data Acceptance (BDACP) ACP1 BDPA enhances employees' job performance Hazen et al. (2012)
ACP2 Employees in organization associate with BDPA systems
ACP3 Presence of organizational & technical infrastructure

Big Data Routinization (BDRT) RTN1 Firms allocate normal budgeting for BDPA Hazen et al. (2012)
RTN2 Firms to have existence of dedicated unit for BDPA
RTN3 Obtaining technical support as per organizational procedures
RTN4 Hiring and retaining able & qualified employees
RTN5 To provide opportunities for BDPA training

Big Data Assimilation (BDAS) ASM1 BADS as vital instrument in each department Hazen et al. (2012); Liang et al.
ASM 2 BADS as vital instrument for decision making (2007)
ASM 3 BADS as vital instrument for Operations
ASM 4 BADS as vital instrument for management

Green Supply Chain Collaboration Nee| Supplier selection on environmental criteria Chiou et al. (2011)

(GSCC) scc2 Seminars & training on environmental awareness to the suppliers

SCc3 Advising suppliers on environmental technical issues
SCC4 Engaging suppliers in product design & development
SCC5 Appraising environmental performance of the suppliers

Green Process Innovation (GPRCINV) PCI1 Less consumption of natural resources during production Chiou et al. (2011)
PCI2 Recycling, reusing, and remanufacturing resources
PCI3 Focus on using renewable technology
PCl4 Redesigning manufacturing & logistics processes for environmental

effectiveness

PCI5 Redesigning products/services as per environmental criteria

Green Product Innovation (GPRDINV) PRI1 Use of environmentally friendly materials Chiou et al. (2011)
PRI 2 Using materials which are easy to recycle, reuse & decompose
PRI 3 Focus on recovering end-of-life products & reutilizing
PRI 4 Use of eco-labeling

Green HR Training (GHRTR) GHRT1 Training provided to employees De Kok et al. (2006)
GHRT2 Formal employee training programs
GHRT3 Existing employee training programs
GHRT4 Use of internal staffs for in-house employee training
GHRT5 Use of external staffs for in-house employee training

Green HR Practices (GHRPR) GHRP1 Overall HR practices Astrachan and Kolenko (1994)
GHRP2 Formal & regular employee appraisal process
GHRP3 Compensation policies
GHRP4 Written employee manual
GHRP5 Written job descriptions

Environmental Performance (EP) EP1 Decrement in air emission Lin et al. (2013)
EP2 Decrement of hazardous wastes
EP3 Decrement in consumption of fuel
EP4 Partnering with green suppliers
EP5 environmental obedience
EP6 Usage of environmental responsive material

Organizational Performance (OP) OoP1 Improving firm's market situation Lin et al. (2013)
oP2 Increment in firm's sales volume
OP3 Increment in the firm's profit rate
0oP4 Improvement in the firm's reputation
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innovations relate to environmentally sustainable resources which
are recyclable, non-toxic, decomposable and clean. We used four
items from Chiou et al. (2011) to measure green process innovation.
The sample items included here related to how the designing of
production and manufacturing processes satisfy the environmental
criteria. In particular, the sample items aimed at ‘determining
consumption of the resources (ie., the oil, the gasoline, etc.), ‘the
enhancement of the environmental efficiency and utilization of
renewable technology’, etc. We also used five items from Chiou
et al. (2011) to measure green supply chain collaboration. The
sample items included ‘supplier selection on environmental
criteria’, ‘seminars and training on environmental awareness to the
suppliers’, etc.

Corporate commitment was measured using a scale based on
Liang et al. (2007). Corporate commitment denotes decision
makers’ commitment to environmental partnering, information
sharing, acceptance of green ideas, vision for future collaboration
and establishment of metrics to monitor the success of the supply
chain through partnering. We measured big data adoption and
routinization with three and five items, respectively, adopted from
Hazen et al. (2012). On the other hand, the big data assimilation was
measured using four items from Hazen et al. (2012) and Liang et al.
(2007). We adopted five items from Astrachan and Kolenko (1994)
to measure green HR practices (GHRP) while five items from De Kok
et al. (2006) were used to measure green HR training (HRT).
Furthermore, the environmental performance and the organiza-
tional performance scales had six and four items, respectively (Lin
et al,, 2013).

3.3. Data analysis

We used partial least squares structural equation modelling
(PLS-SEM) using Smart PLS 3 to examine the hypotheses of our
study. As compared to PLS-SEM, the traditional covariance-based
SEM necessitates large sample size (Kline, 2012). PLS-SEM is a
favorable approach to estimate a complex hierarchical model
demonstrating the soft modelling assumptions; and several past
studies in the domain of big data and business analytics also
favored using PLS-SEM to test the complex models (e.g., EI-Kassar
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and Singh, 2018; Papadopoulos et al., 2017a,b; Fosso Wamba
et al,, 2015).

The PLS-SEM method consist of two phases, namely the outer
model validation and inner model path coefficients estimation.
Wetzels et al. (2009) suggest validating the outer model to estimate
reliability coefficients of the constructs along with their convergent
and discriminant validity. Once validating the outer model, we
fitted in the inner model to estimate the path coefficients. There-
after, the bootstrap method was used to determine the significance
of the results. We also used multi-group analysis to study the
moderating influence of green HRM practices and training. This
was accomplished through cluster analysis, a method employed to
partition the respondents’ firms according to their HR practices.
This technique groups these firms into clusters in line with
Kamakura and Wedel (2000) and De Sarbo et al. (1992). We used
the cluster analysis technique for the group observations according
to the characteristics of the latent variables. Thereafter, as per
previous studies, the multi-group analysis was performed to find
significant differences, if any, in the path coefficients across
different groups (e.g., El-Kassar and Singh, 2018).

3.4. Outer model analysis

For all the latent variables, we used a reflective scheme wherein
the unstandardized full dataset was used to analyze the model. The
PLS-SEM method through SmartPLS3 software was used to calcu-
late the convergent and the discriminant validity of the latent
constructs. As in Fig. 2, the factor loadings of individual items of
each of the construct were above 0.70, which signifies that all
constructs in this study had convergent validity. Hence, the un-
derlying constructs explain the significant variance in all the
observed variables (e.g., Hulland, 1999). Moreover, the boot-
strapping method indicated that all the loadings were significant at
0.01 level of significance.

The average variance extracted (AVE) values of the constructs
were >0.5 (see Table 2). Finally, we calculated Cronbach's alpha
coefficients and scale composite reliability (listed in Table 2) which
were above the cut-off point (e.g., Nunnally and Bernstein, 1994),
which suggested that individual constructs in this study are
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Fig. 2. PLS-SEM results of proposed model.
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Table 2
Construct reliability and validity.

Cronbach's Composite Average Variance
Alpha Reliability Extracted (AVE)

BDACP 0.636 0.805 0.579

BDASM 0.811 0.876 0.638

BDRTN 0.769 0.844 0.521

CCMT 0.837 0.885 0.606

EP 0.907 0.928 0.683

GRNINV 0.833 0.923 0.857

GSCC 0.843 0.888 0.614

oP 0.861 0.906 0.707

unidimensional, have reflective properties, and possess high-scale
reliability.

We also tested for discriminant validity and found all constructs
to possess discriminant validity, as the AVE of any construct was
greater than the shared variance of other constructs in this study
(Fornell and Larcker, 1981). This is depicted in Table 3, which shows
that the diagonal values are higher as compared to any of the values
in their corresponding columns and rows.

3.5. Inner model analysis

First of all, we tested the model R? values as a prerequisite to
examine the inner model. The obtained outcomes suggest that the
model explains satisfactory part of variance of the constructs and
agreement with the recommended criterion (e.g., Chin, 1998); and
the model has satisfactory nomological validity (Chin, 1998). Next,

Table 3
Discriminant validity.
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the inner model path coefficients were calculated. Here, we
computed the path coefficients amongst the constructs so as to
assess the structural model. The inner model path coefficients as
well as the outer loadings which were obtained using the bootstrap
method (Davison and Hinkley, 1997) have been summarized in
Table 4. The results indicate that all path coefficients were significant
as the t statistics obtained from the bootstrap method were all above
a value of 2. The obtained results support hypotheses H1 to H5.

3.6. Cluster analysis

To examine hypothesis H6, cluster analysis was first used to
group firms in terms of their green HR management practices and
training. Thereafter, we performed the multi-group analysis to
examine for significance, if any, in the path coefficients amongst the
groups. The K-means clustering technique was performed wherein
the number of clusters was specified, and the cluster seeds were
randomly selected. Using similarity principles, we assigned obser-
vations to one cluster. Thereafter, the number of clusters to be
tested was varied (for example, two, three, & four) to determine the
best number of clusters to be used. The results clustered the com-
panies into two groups, the first contained 92 companies labeled
“Low green HR training” and the second comprising the remaining
153 companies labeled “High green HR training.”

The next step was to calculate the inner model path coefficients
results for each group and compare the results. We found signifi-
cant differences among two direct path coefficients (green inno-
vation to environmental performance, and to organizational
performance), see Table 5. However, there were no significant dif-
ferences, if any, in the indirect path coefficients. The analysis was
repeated for green HR management practices. Two clusters again
were identified grouping 167 companies in a cluster representing
companies with high green HR management practices and 78

BDACP BDASM BDRTN CCMT EP GRNINV _ GSCC OP representing those with low green HR management practices.
BDACP  0.761 Multi-group analysis detected no significant differences in the path
BDASM 0344 0.799 coefficients.
BDRTN 0639 0515 0.722
CCMT 0288 0475 0203 0.778
EP 0221 0554 0330 0605 0827 4. Discussion and conclusion
GRNINV 0.157 0592 0212 0671 0619 0925
GSCC 0289 0542 0323 0685 0650 0626 0784 Our study was designed to investigate how sustainable capa-
op 0311 0508 038 0657 0725 0580 0693 084 bilities are driven by corporate commitment and through

Table 4
Inner model path coefficients.

Direct Effect Original Sample Sample Mean Standard Deviation T Statistics
BDACP - > BDRTN 0.639 0.642 0.037 17.360
BDASM - > EP 0.289 0.289 0.065 4419
BDASM - > GRNINV 0.358 0.358 0.051 7.076
BDASM - > OP 0.253 0.252 0.076 3.332
BDRTN - > BDASM 0.515 0.516 0.055 9.409
CCMT - > BDACP 0.288 0.290 0.060 4.822
CCMT - > GSCC 0.685 0.687 0.041 16.838
GRNINV - > EP 0.447 0.451 0.063 7.152
GRNINV - > OP 0.430 0.432 0.067 6.393
GSCC - > GRNINV 0.432 0.434 0.048 9.031
Direct Effect
BDASM - > EP 0.160 0.162 0.033 4.808
BDASM - > OP 0.154 0.155 0.032 4.800
BDRTN - > EP 0.232 0.233 0.037 6.203
BDRTN - > GRNINV 0.185 0.184 0.030 6.061
BDRIN - > OP 0.210 0.210 0.043 4.928
CCMT - > BDASM 0.095 0.097 0.028 3.382
CCMT - > EP 0.175 0.179 0.030 5.880
CCMT - > GRNINV 0.330 0.333 0.040 8.241
CCMT - > OP 0.166 0.170 0.030 5.441
GSCC - > EP 0.193 0.196 0.038 5.103
GSCC -> 0P 0.186 0.189 0.041 4565
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Table 5
Multi-group analysis results.
Path Coeff. Path Coeff. t-Values t-Values p-Values p-Values p-Value
(High HRT) (Low HRT) (High HRT) (Low HRT) (High HRT) (Low HRT) (High vs Low)
BDACP - > BDRTN 0.579 0.691 11.707 12.562 0.000 0.000 0.935
BDASM - > EP 0.194 0.423 2.222 4.104 0.026 0.000 0.954
BDASM - > GRNINV 0.298 0.420 4511 5.085 0.000 0.000 0.875
BDASM - > OP 0.146 0.341 1.540 2.855 0.124 0.004 0.899
BDRTN - > BDASM 0.479 0.503 5.678 6.409 0.000 0.000 0.575
CCMT - > BDACP 0.185 0.328 2137 3.600 0.033 0.000 0.871
CCMT - > GSCC 0.656 0.633 14.302 8.547 0.000 0.000 0.405
GRNINV - > EP 0.545 0.240 6.785 2.182 0.000 0.029 0.012
GRNINV -> 0P 0.522 0.273 6.568 2.206 0.000 0.028 0.043
GSCC - > GRNINV 0.530 0.328 8.879 3.532 0.000 0.000 0.029

integration of big data technologies, green HRM practices, and
green SCM influences on firms' economic and environmental per-
formance. The study also investigated how green HRM practices
impact integration of big data technologies with organizational
processes to enhance the relationships between internal and
external green SCM practices, and, in turn, their influence on firms’
sustainable performance. We obtained and presented the results of
our study in the previous section. The results have implications for
theory and practice, and are discussed in this section.

4.1. Implications for theory

The findings of our study have three implications for advancing
theory in the field of big data analytics and firm's sustainable
capability.

First, we found that corporate commitment influences big data
assimilation through acceptance and routinization routes, which, in
turn, enhances firms' sustainable performance. Furthermore, the
findings of our study illustrate that corporate commitment also
influences the internal and external green SCM practices and they,
in turn, impact firms’ economic and environmental performance.
These findings are consistent with previous studies (e.g.,
Gunasekaran et al., 2017; Dubey et al., 2017; Rofmann, 2017;
Papadopoulos et al., 2017a,b; Cajaiba-Santana, 2014) and our study
contributes to further theoretical advancement of how big data
technologies help firms to improve upon their financial and envi-
ronmental performance.

Second, our study found significant differences in the influence
of green innovation on firms' financial and environmental perfor-
mance between high and low green HR training for employees. We
found that the linkage of green innovation practices with the eco-
nomic and environmental performance was stronger for firms
where employees received high levels of advanced green HR
training. The reason could be that firms derive benefit from green
innovation practices, especially when they also invest in enhancing
employees' skills, knowledge and competencies through advanced
level green HR training. These findings are supported by previous
studies (e.g., EI-Kassar and Singh, 2018; Gunasekaran et al., 2017;
Jabbour and de Sousa Jabbour, 2016). Therefore, our study con-
tributes to the advancement of knowledge on the role of green HR
training to enhance the influence of green innovation on firms’
financial and environmental performance.

Third, we found that internal and external green SCM practices
positively influence firms’ financial and environmental perfor-
mance. The reasons could be that designing and implementing
green SCM practices in their business operations helps firms to
reduce the environmental impact of their operations, which in turn
helps increase their financial performance. This finding of our study
finds support in previous studies (e.g., Longoni and Cagliano, 2018;
de Sousa Jabbour et al., 2017; Vanalle et al., 2017). Thus, our study

contributes to advancing knowledge on why and how green SCM
practices can be leveraged to augment economic and environ-
mental performance of the firms.

4.2. Implications for practice

Our study offers insights into interventions that firms pursue in
using big data technologies, green SCM practices, green HRM
practices and corporate commitment for green innovation and
sustainable performance. As a result, our study has three main
practical implications for leaders and managers to practice to
enhance their firms’ sustainable performance.

First, our study offers the suggestion to firms to adopt a
comprehensive and viable process to integrate big data technolo-
gies into their strategic and operational architectures for attaining
sustainable performance. Firms collect excessive amounts of data
across different brackets — internal and the external business
practices — and huge information and data become more chal-
lenging for decision makers to analyze and leverage their potential
and hidden values. Next comes the relevance of utilizing big data
technologies that offer huge opportunities pertinent to businesses,
especially those operating in different fields and industrial sectors,
and that in turn increases their productivity and both their envi-
ronmental and financial performance.

Second, our study suggests that firms should develop the sus-
tainable capabilities needed to achieve sustainable performance
through strong corporate commitment to installing and practicing
green SCM practices. In other words, firms should have strong
commitment to internal green SCM practices and green supply
chain partners and help support and monitor successes of such
internal and external SCM practices for sustainable performance to
stay competitive in dynamic markets. Our study suggests that firms
should have formal environmental policy in place and their leaders
and managers should support and implement such environment-
friendly practices such as the internal and external green SCM,
green technologies, and green innovation to enhance their sus-
tainable capabilities for improved financial and environmental
performance.

Third, based on the findings of our study, we suggest that
technological challenges in assimilating big data become huge
when firms consciously embrace internal and external green SCM
and sustainable practices. The business opportunities and chal-
lenges could be handled effectively when firms possess corporate
commitment and green HR practices and ask employees to undergo
advanced training on green HRM practices, which, in turn, en-
hances firms' financial and environmental performance. Green HR
practices facilitate adoption of green management, green technol-
ogies, and green operations management essential for organiza-
tional sustainability and improved firm's performance.
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4.3. Limitations and suggestions for future research

As with any study, this study is not without limitations. In this
section, we mention limitations along with suggestions for future
research. First, our study is based on single source data. We suggest
that future studies using our research framework should go multi-
source and/or multi-time dataset. Second, our study relies on
quantitate data to examine the linkages amongst corporate
commitment, big data technologies, green SCM practices, green
HRM practices, green innovation and sustainable capabilities.
Future study can extend our research framework and use mixed
methods to take care of this limitation of our study. Third, we
conducted our study in two GCC countries - the UAE and the KSA —
and two countries from the MENA region — Egypt and Lebanon.
Future research should sample other GCC and MENA countries
along with the UAE, the KSA, Egypt and Lebanon for better gener-
alization for the study in the Arab world, which comprises coun-
tries from the GCC and the MENA regions. Having said that, the
findings of our study have strong theoretical and practical impli-
cations mentioned above.

Appendix A. Supplementary data

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.jclepro.2018.12.199.
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