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ABSTRACT

Big data analytical capabilities (BDAC) have emerged as a significant strategic tool for enhancing environmental performance
in today's ever-growing green and digital economy. However, the serial process through which BDAC influences environmental
performance remains understudied, particularly in multinational corporations (MNCs). Drawing on the dynamic capability view

(DCV) and the natural resource-based view (NRBV), this study constructs a serial mediation model to explore the connection be-

tween BDAC, ambidextrous green innovation, green competitive advantage, and corporate environmental performance. A cross-

sectional survey involving 244 MNCs in Germany was used for the analysis. The data were analyzed using partial least squares
structural equation modeling (PLS-SEM). Our findings reveal that the impact of BDAC on environmental performance is se-
quential, occurring through ambidextrous green innovation and the development of green competitive advantage. Specifically,
BDAC leads to ambidextrous green innovation, which in turn drives green competitive advantage and ultimately enhances the

environmental performance of MNCs. The theoretical and managerial implications are drawn.

1 | Introduction

Did you know that multinational corporations (MNCs) contrib-
ute nearly 20% of the world's greenhouse or CO, emissions (Liao
and Chen 2021; youmatter.world)? This alarming statistic un-
derscores the urgent need for innovative solutions to enhance
corporate environmental performance (CEP) among MNCs and
highlights the importance of researching their green initiatives.
Industry 4.0 (IR4.0) integrates advanced digital technologies,
such as big data, AI, 3D printing, blockchain, closed-loop ro-
botics, and IoT, into business operations, driving competitive
advantage and economic growth. This transformation enables
firms to rethink business models, organize operations, and en-
hance value generation. IR4.0 technologies also foster dynamic
capabilities, such as innovation ambidexterity, which improves
financial performance (FP) and non-FP (Oduro and De 2023;

Mohapatra et al. 2024). Big data analytics is crucial for sus-
tainability, enabling firms to enhance supply chain visibility,
informed decision-making, and innovative strategies. This in-
tegration enhances resource management, reduces waste, and
improves operational efficiency, thereby contributing to sus-
tainability goals (Sahoo et al. 2023; Sharma et al. 2022; Laing
et al. 2019).

Globally, environmental concerns are intensifying because of
increasing business activities that contribute to biodiversity loss
and ecological degradation. Research documents that many
large MNCs produce and market unsustainable and unhealthy
products, contributing to the greenhouse effect and global
warming (Liao and Chen 2021). Against this backdrop, big data
plays a significant role in impacting environmental sustainabil-
ity, functioning as a comprehensive tool for detecting patterns
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in an extensive and intricate collection of environment-related
data from sources such as process sensors, meteorological data,
and agricultural activities (Sahoo et al. 2023). Our research aims
to explore further and understand the role of big data analytics
in promoting sustainable development. Beyond environmental
management, big data analytic capabilities (BDAC) support sus-
tainable development goals by promoting resource efficiency, re-
ducing waste, and enhancing social and economic sustainability.

For instance, Walmart, a multinational company, employs big
data to enhance its supply chain through an extensive tracking
system, leading to a decrease of over 650,000 metric tons of CO,
emissions and over 3 million metric tons of greenhouse gases
in a matter of a year (https://vorecol.com). Likewise, Pirelli, the
fifth largest tire producer globally, uses real-time big data for
inventory management, helping the company to shirk landfill
tire disposal and reduce greenhouse gas emissions proactively
(TriplePundit Reports 2016; Le and Vu 2024). BDAC function
as a firm's capability to acquire, organize, and assess extensive
data from different sources to spot trends and patterns (Le and
Vu 2024; Riggs et al. 2023), which, in turn, can be used strate-
gically to enhance resource utilization and efficiency as well as
sustainability issues like product recycling, material reuse, and
waste management (Kristoffersen et al. 2021). BDAC not only
enhance internal processes but also contribute significantly to
global sustainability goals. By reducing carbon footprints and
promoting circular economy practices, BDAC can help compa-
nies align their business strategies with broader environmental
objectives (Mohapatra et al. 2024).

Besides, recent literature suggests that BDAC is connected to
environmental performance, defined as the ability of a firm
to minimize the negative impact of its operations on the envi-
ronment (Oduro 2024), showing that BDAC enhances energy
efficiency and supports organizational goals related to social
and environmental sustainability (Mikalef et al. 2019; Song
et al. 2017). From the theoretical fronts of the dynamic capa-
bility view (DCV), BDAC can enable firms to achieve CEP by
examining extensive datasets to produce valuable insights in
identifying potential risks and capitalizing on eco-friendly busi-
ness opportunities (Waqas et al. 2021; Sahoo et al. 2023; Waqas
and Tan 2023). BDAC can provide a competitive advantage by
enabling companies to innovate and differentiate themselves
through sustainable practices and strategies. This can include
examples of companies that have successfully leveraged BDAC
to gain a competitive edge (Sahoo et al. 2023).

In recent years, a growing body of literature has emerged on the
relationship between BDAC and environmental performance.
However, prevailing studies often examine the environmen-
tal impact of business processes based on general frameworks
(Sharma et al. 2022), but they fall short of addressing the nuances
of incorporating BDAC into actionable corporate environmental
strategies of MNCs. Moreover, much of the literature is concep-
tual or qualitative in nature. For example, Wu et al. (2017) and
Song et al. (2018) present conceptual studies. In contrast, Belhadi
et al. (2020) and Cheng and Liu (2018) focus on qualitative as-
pects. Some research addresses definitions and measurements
of various dimensions, examining their effects on organiza-
tional capabilities and economic performance. Notable contri-
butions in this area include studies by Gupta and George (2016)

and Corte-Real et al. (2020). Additional significant works have
been provided by Wamba et al. (2017), Ferraris et al. (2019), and
Mikalef et al. (2020).

Additionally, empirical findings on the relationship between
BDAC and CEP are mixed, revealing both positive and nega-
tive relations, as well as insignificant ones (Belhadi et al. 2020;
Dubey, Gunasekaran, and Childe 2019; Dubey, Gunasekaran,
Childe, Papadopoulos, et al. 2019; Bag et al. 2020). As well as
that, most of the studies have concentrated on examining the
direct relationship between BDAC and environmental perfor-
mance (Le and Vu 2024), with limited attention to the causal
relationship between BDAC and environmental performance
(Dubey, Gunasekaran, and Childe 2019; Dubey, Gunasekaran,
Childe, Papadopoulos, et al. 2019; Bag et al. 2020), mainly aris-
ing from the dependence on perceived benefits, which may not
realistically reflect the real impact of BDAC strategies with
MNCs (Wagas et al. 2021). Although these studies reveal that
BDAC can predict environmental performance, the explanatory
mechanisms underlying such ability have not been systemati-
cally and sequentially examined. Therefore, the extent to which
BDAC is able to explain the environmental performance of firms
and the pathway through which BDAC's effects are manifested
are concerns of both theoretical and managerial significance.

Recent studies investigating the causal effects of BDAC
focus on how it influences CEP through green innova-
tion (Waqas et al. 2021) or dynamic capabilities (Calic and
Ghasemaghaei 2021; Bag et al. 2020; Dubey, Gunasekaran,
and Childe 2019; Dubey, Gunasekaran, Childe, Papadopoulos,
et al. 2019). However, we are unaware of any study examin-
ing the serial mediating role of ambidextrous green innovation
(AGI) and green competitive advantage (GCA), as per our review
of the existing literature. AGI is a firm strategy that simultane-
ously pursues the exploitation and exploration of green innova-
tion (Z. Wang et al. 2023; Nielsen et al. 2018). Exploitative green
innovation involves leveraging existing environmental knowl-
edge and skills to enhance current green products, processes,
and services, whereas exploratory green innovation focuses
on discovering and applying new environmental knowledge
and skills to develop innovative green products, processes, and
services that cater to emerging market demands and potential
customer needs (J. Wang, Xue, Sun, et al. 2020; J. Wang, Xue,
and Yang 2020; Raisch and Birkinshaw 2008; O'Reilly and
Tushman 2008). According to the DCV, BDAC can help firms
explore and exploit environmental knowledge to enhance GCA
(Teece 2017) and CEP (J. Wang, Xue, and Yang 2020). The nat-
ural resource-based view (NRBV) also suggests that AGI can
enhance CEP by promoting and strengthening GCA, which is
defined as a successful ecological and sustainability strategy
that competitors cannot replicate (Kuo et al. 2022).

Given the argument that the impact of BDAC on CEP may not be
direct (Al-Khatib 2022; Dahiya et al. 2022), coupled with the lim-
ited understanding of the underlying mechanisms of the BDAC-
CEP relationship, we attempt to close this research lacuna and
add to the limited body of knowledge on BDAC by developing
and testing a conceptual framework connecting BDAC to CEP,
using AGI and GCA as intervening variables. We build on cur-
rent advancements in the DCV and NRBV to investigate how
BDAC, complemented by AGI and GCA, contributes to CEP.
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Significantly, we do this while controlling for the sector, FP, and
corporate environmental responsibility (CER) known to influ-
ence CEP among MNCs, which include companies that “engage
in foreign direct investment (FDI) and own or control value-
adding activities in more than one country” (Dunning 1992,
12). Because of their size and global reach, MNCs operate across
international value chains, contributing nearly one-third of the
world's gross domestic product (GDP) (Mudambi et al. 2018).
Because of the critical role of MNCs in addressing global envi-
ronmental issues, there is a pressing need for further research
on how BDAC influences their green behavior and environmen-
tal performance (Zhou et al. 2024).

In the present study, we aim to close the above gaps by address-
ing the following research questions:

1. How does BDAC influence the CEP of MNCs?

2. What is the mediating role of AGI and GCA in the relation-
ship between BDAC and CEP?

Followingly, our specific research objectives are as follows:

1. To investigate the extent to which BDAC impacts CEP in
MNCs.

2. To explore the mediating role of AGI and GCA as serial me-
diators in the BDAC-CEP relationship.

Addressing these research questions and objectives, we propose
a set of hypotheses based on DCV and NRBV theoretical frame-
works (Teece 2017) and investigate them through a survey of
244 MNCs headquartered in Germany. We strongly believe that
Germany is an appropriate context due to its status as a highly
developed and industrialized nation with extensive experience
in implementing Industry 4.0 technologies, such as big data
(Veile et al. 2020). The country has comprehensive environmen-
tal regulations and hosts numerous MNCs, which further under-
scores its relevance for research of this nature (Feng et al. 2022).

Our study's contribution is three-strand. First, we provide rel-
evant insights into how BDAC affects CEP in MNCs while
controlling for the effects of sector, firm age, firm size (mea-
sured by the number of employees), CER, and FP on the focal
relationship. This insight enables a more comprehensive un-
derstanding of CEP, as several key organizational factors are
considered in conjunction with and in connection to CEP. Our
conceptual and empirical framework for the study enhances
understanding of the impact of BDAC on CEP in the context
of MNCs, which are considered to have a substantial environ-
mental impact, enabling more novel empirical validation and
generalizations. Given the limited research on the phenomenon
in the context of MNCs, providing a deeper understanding of
the interrelationships among these variables is a crucial theo-
retical issue (Singhania and Saini 2021). Second, the explana-
tory mechanisms underlying the ability of BDAC to predict
CEP have not been sequentially and systematically explored in
MNCs. Therefore, unlike previous studies that focus on medi-
ating factors in the BDAC-CEP relationship our study emerges
as one of the pioneering studies to empirically investigate the
serial mediating role of AGI and GCA, revealing the pathway
through which BDAC impacts CEP. By empirically testing the

relationship through serial mediation in MNCs, our study fills a
crucial lacuna in understanding the mechanisms linking BDAC
to environmental outcomes. Our finding that BDAC relates to
CEP only serially through AGI and GCA adds novel insights to
ongoing debates about the key strategic and organizational vari-
ables that shape the impacts of BDAC on CEP (Le and Vu 2024).
Third, we demonstrate the managerial relevance of AGI and
GCA in facilitating the impact of BDAC on CEP in MNCs. More
specifically, we reveal that for MNCs to benefit from BDAC in
their environmental goals, they must integrate it with AGI and
GCA, as BDAC alone cannot produce superior CEP. Hence,
practitioners need to focus on utilizing BDAC to develop AGI
and GCA strategies, which, in turn, can enhance CEP.

The remainder of the paper is structured as follows: Section 2
introduces the theoretical framework, conceptualizes the key
constructs, and develops hypotheses grounded in existing liter-
ature. Section 3 outlines the research methodology, emphasiz-
ing the study's data collection and analytical method, whereas
Section 4 presents the study's findings. Finally, Section 5 pres-
ents the results, discusses their implications, draws conclusions,
acknowledges limitations, and offers recommendations for fu-
ture research.

2 | Theory and Hypothesis Development

Scholars suggest that resource-based theories, such as resource-
based views or NRBV for their lack of adaptability (McDougall
etal. 2016). Correspondingly, they are unable to address the need
for rapid resource orchestration due to continuously changing
market dynamics (Eisenhardt and Martin 2000). In response to
the static nature of resource-based theories, Teece et al. (1997)
proposed the DCV, which encourages the continuous develop-
ment of firm resources and competencies. Teece suggested that
the dynamic capabilities view provides an understanding of how
natural resources evolve, are used, and are managed in a firm in
dynamic market conditions. Hence, the dynamic capability view
has received considerable attention in academia, particularly in
addressing the limitations of the NRBV (Hart and Dowell 2011;
McDougall et al. 2016).

Because the objective of our study is to examine how BDAC en-
hances CEP through appropriate orchestration of firm natural
resources, we utilize the DCV and NRBV. The DCV and NRBV
are interconnected in their emphasis on the strategic manage-
ment of resources to achieve competitive advantage. Although
DCV focuses on an organization's ability to adapt, integrate, and
reconfigure internal and external competencies to address rap-
idly changing environments, NRBV extends this by prioritizing
environmentally friendly practices and sustainable resource
management. Together, they provide a comprehensive frame-
work for understanding how organizations can leverage BDAC
to enhance CEP. By employing AGI, firms can simultaneously
explore new ecological opportunities and leverage existing re-
sources, thereby achieving a GCA and improved environmental
outcomes.

Dynamic capabilities allow organizations to modify, expand, or
develop operational capabilities (Winter 2003). Organizational
“dynamic” refers to a company's ability to adapt and enhance its

3 of 25

5U80| 7 SUOWWOD BAFe1D) 8|edl|dde 8y Aq pausenob aJe ssjoe YO 8sn Jo Sajni 10} Areiqi8UIIUO A8]IM UO (SUORIPUCD-PUR-SIBY W00 A8 1M ATeIq1jBuluo//Sd1y) SUORIPUOD Pue swie | 8U) 88S *[5202/20/€2] Uo ArigITauliuo AB|IM *elfe}eUeI4a0D AQ £2£°350/200T OT/I0P/W00" A3 1M Afe.q 1 jBul|uo//SdNY W01} papeo|umoq ‘0 ‘9e80660T



skills and competencies in dynamic environments (Hart 1995),
whereas “capabilities” involve identifying, seizing, and recon-
figuring internal and external resources and skills (Teece 2017).
Operations and dynamic capabilities must be distinguished be-
cause an organization must be stable enough to offer its value
uniquely and adaptable enough to rearrange its value proposi-
tion (Mikalef et al. 2019). As organizations grow, digital skills
become crucial for strategy formulation and execution. Based
on the dynamic capabilities view, researchers claim that BDAC
and ambidexterity enable firms to adapt to the environment by
reorganizing resources and strategies (Stekelorum et al. 2021).
Recent scholars have built upon the dynamic capabilities view,
finding that BDAC results in favorable firm outcomes, includ-
ing ambidexterity (Wamba et al. 2020), competitive advantage
(Waqas et al. 2021), and CEP (Wagas et al. 2021).

A firm's competitive advantage depends on its ability to build
a structural knowledge base that enables it to respond to en-
vironmental changes (Sahoo et al. 2023). To this end, the dy-
namic capabilities view highlights three core capabilities of
firms, including sensing capabilities, seizing capabilities, and
transforming capabilities (Teece et al. 1997), providing a robust
framework for operating in a dynamic business environment
(Dubey et al. 2023). In the context of the present study, BDAC
can be characterized as a sensing capability since it detects en-
vironmental knowledge (Sahoo et al. 2023; Laing et al. 2019).
Moreover, we characterize AGI as seizing capabilities, as Katila
and Ahuja (2002) argue that firms' existing capabilities are re-
quired to explore new dynamic capabilities, and these new
dynamic capabilities enhance firms' existing knowledge base
through a dynamic path of absorptive capacity. Consistent with
the prior literature, we refer to AGI as a firm's ability to balance
explorative and exploitative innovations (J. Wang, Xue, Sun,
et al. 2020; J. Wang, Xue, and Yang 2020). Ambidextrous firms
simultaneously explore new opportunities, knowledge, and eco-
friendly technologies while also continually improving existing
products and processes (Martinez-Falco et al. 2024). Because the
dynamic capabilities of a firm require a blend of explorative and

exploitative (Eisenhardt and Martin 2000), prior scholars con-
sidered it a multidimensional construct with a nonsubstitutable
and interdependent combination of explorative and exploitative
capacities of an organization (Gibson and Birkinshaw 2004) and
found its positive influence on firm environmental performance
(Baquero 2024).

In prior investigations, multiple researchers have explained that
the DCV and the NRBV jointly help firms develop more effec-
tive corporate strategies to enhance ecological responsiveness
(Hart 1995). The NRBV is an extended form of the resource-
based view that incorporates environmental considerations
such as pollution prevention, waste reduction, and environ-
mentally friendly operational excellence (Akhtar et al. 2024).
Accordingly, the NRBV posits that firms employ three intercon-
nected environmental strategies—pollution reduction, product
stewardship, and sustainable development—to enhance and
harmonize their interactions with the natural environment
(Hart 1995; Hart and Dowell 2011). Because dynamic capabil-
ities represent explorative and exploitative behaviors (Teece
et al. 1997), reorganizing a firm's resource base and giving it an
advantage over its competitors (Jurksiene and Pundziene 2016),
the NRBV can benefit from the contemporary literature on
dynamic capabilities (Hart and Dowell 2011) and link enter-
prises’ natural resources, competencies, and environmental
performance (Hart 1995). It can be argued that NRBV may
guide firms' transforming capabilities in the context of environ-
mentally friendly operations. In summary, our study extends
the DCV by incorporating AGI as a dual mechanism, enabling
MNCs to dynamically adapt their environmental performance
strategies. Unlike previous studies, which predominantly exam-
ine BDAC and green initiatives in isolation, this study integrates
ambidextrous and GCAs to explain the pathway to achieving
CEP. Including GCA as a mediating factor reflects the neces-
sity of addressing firm-specific capabilities beyond conventional
innovation metrics. Accordingly, our conceptual framework
(Figure 1) comprises BDAC as an independent variable, CEP as
a dependent variable, and AGI and GCA as serial mediators.

Corporate
) ) environmental
Big data Talent . . Big Data Analytics responsibility, Sector,
capability Business Analytics Manage.n.qent firm size, financial
Capability performance, firm age
A 4
i + + + Corporate
Big dgta Ambidextrous Green competive orp tal
analytical . . d environmenta
e green innovation advantage f
capabilities performance
/ \ A
Exploratory green Exploitative green
innovation innovation

FIGURE1 | Conceptual model.
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2.1 | BDAC and CEP

BDAC is a firm's ability to collect, analyze, and apply data across
processes, structures, and roles to gain actionable insights
(Mikalef et al. 2019). These capabilities transform data into ac-
tionable insights by integrating all relevant resources from var-
ious organizations and applying them to both operational and
strategic decision-making (Mikalef et al. 2019). They also assist
organizations in detecting rapid external changes and develop-
ing business strategies for swift responses (Wamba et al. 2020),
thereby increasing organizational ambidexterity and innovation
(Muhammad et al. 2022). Researchers operationalize BDAC into
three dimensions, such as (i) big data analytics talent capabili-
ties, which relates to analytic specialists’ expertise in big data
contexts (Constantiou and Kallinikos 2015); (ii) big data analyt-
ics, which is the “comprehensive utilization of data, statistical
and quantitative analysis, explanatory and predictive models,
and fact-based management to inform decisions and actions”
(Davenport and Harris 2007, 42); and (iii) big data analytics ca-
pabilities management, which involves the components and pro-
cedures involved in establishing the capacity for analyzing big
data (Mikalef et al. 2018). Building on DCV, Sahoo et al. (2023)
argue that a firm's competitive edge depends on its ability to
establish structural knowledge, which enables it to respond to
dynamic environmental changes. Because the dynamic capa-
bilities view classifies organizational dynamic capabilities into
three categories—sensing capabilities, seizing capabilities, and
transforming capabilities—Sahoo et al. (2023) characterized
BDAC as sensing capabilities that enable firms to proactively
detect changes in market trends, consumer needs, and techno-
logical advancements. Based upon the advanced detection of
environmental changes, BDAC plays an instrumental role in
fostering and reconfiguring business processes to get strategic,
operational, and managerial benefits (Makhloufi et al. 2023).
For instance, prior literature demonstrates that BDAC enables
firms to establish valuable knowledge structures, fostering
green innovation, competitive advantage, and improved en-
vironmental performance (Waqas et al. 2021). In this connec-
tion, several studies have empirically confirmed that a higher
level of BDAC directly leads to a higher CEP (Ashikur Rahman
et al. 2024; Sahoo et al. 2023). In light of this discussion, we hy-
pothesize that

Hypothesis 1. BDAC relates positively to the CEP of MNCs.

2.2 | BDAC, AGI, and CEP

Building on dynamic capabilities theory, we contend that
BDAC can be characterized as enterprises’ sensing capabili-
ties that illuminate the existing knowledge and strengthen
management and operational skills, routines, know-how,
new product development, processes, and individual prac-
tices (Hanifah et al. 2022; Lozada et al. 2023). Firms employ
multiple strategies to develop these insights further and apply
them across various aspects of the organization. For instance,
by employing AGI, firms can mobilize strategic green knowl-
edge resources to transfer them into corporate value (Asiaei
et al. 2023). AGI is a corporate strategy that fosters a nuanced
understanding of environmental changes (e.g., technolog-
ical developments, competition, consumer behavior, and

regulations) and enables an appropriate response to these
opportunities and risks by reconfiguring company resources
(Harreld et al. 2007). Thus, scholars divide AGI into two cat-
egories: exploitative green innovation, which uses existing
information, abilities, and procedures to improve ecological
response, and exploratory green innovation, which uses new
environmental information and abilities (Nielsen et al. 2018; J.
Wang, Xue, Sun, et al. 2020; J. Wang, Xue, and Yang 2020; Z.
Wang et al. 2023). This ambidextrous approach helps organi-
zations effectively manage, integrate, and exploit strategically
essential information to produce distinctive ideas and boost
competitiveness (J. Wang, Xue, and Yang 2020).

Prior research builds on the DCV to explain how BDAC
translated into ambidexterity (Wamba et al. 2020) and eco-
innovation (Ferraris et al. 2019). Bhatti et al. (2024) argue that
organizations achieve innovative practices by overcoming
challenges regarding ambidexterity. Bhatti et al. (2024) found
that BDAC leads to organizational ambidextrous capabilities,
resulting in innovations. In addition, increasing evidence
suggests that adopting AGI strategies enhances an organiza-
tion's ability to adapt to immediate and long-term changes
and exploit ecological opportunities (Jansen et al. 2012; Lee
et al. 2018; J. Wang, Xue, Sun, et al. 2020; J. Wang, Xue, and
Yang 2020).

Hence, AGI can be a fundamental organizational capability that
allows organizations to incorporate an environmentally friendly
approach into their value creation activities (Albertini 2021)
because it can effectively gather, extract, and evaluate the
data produced during innovation activities and offers robust
technological assistance for such operations (Tongtong and
Xinhang 2022). Thus, AGI may help MNCs develop by lever-
aging existing expertise and discovering novel opportunities
(Levinthal and March 1993; Jansen et al. 2006). Accordingly, the
NRBV provides a sound theoretical lens through which to un-
derstand the relationship between AGI and GCA. For instance,
given NRBV principles, firms can better leverage their natu-
ral resources to enhance their resource-based capabilities and
translate them into GCA. Considering the DCV and NRBV, we
argue that AGI, because of its simultaneous exploitation and ex-
ploration of green knowledge, can be significant resource-based
dynamic capabilities that could help firms design strategies that
are difficult to imitate, thus leading to GCA and enhanced CEP
(Agyabeng-Mensah and Tang 2021). Hence, we hypothesize:

Hypothesis 2a. BDAC is positively correlated with AGI of
MNCs.

Hypothesis 2b. Through its impact on AGI, BDAC will posi-
tively relate to the CEP of MNCs.

2.3 | BDAC, GCA, and CEP

Extant literature suggests that BDAC are firm dynamic ca-
pabilities that accumulate business knowledge to add value
to businesses and provide a competitive advantage over their
rivals in a dynamic market (Dubey et al. 2018; El-Kassar and
Singh 2018). In the context of this study, GCA refers to firms'
successful, rare, and hard-to-imitate ecological solutions (Zhang
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et al. 2022), which lead to long-term environmental sustain-
ability and a green image (Chen and Chang 2013; Chen 2008).
Thus, GCA is considered paramount in sustainable development
(Kuo et al. 2022). Accordingly, organizations must maintain
their environmentally friendly reputation, which distinguishes
them from other companies and helps retain current customers
(Widyastuti et al. 2019; Chen 2008). Therefore, MNCs engage
in creative, innovative, and ecologically sustainable initiatives
(Wysocki 2021). Subsequently, a GCA positions a firm as a mar-
ket leader due to its ecological practices, which help attract more
investors, encourage continued investment in emerging green
technologies, and result in improved CEP. CEP refers to compa-
nies' obligation to safeguard the environment and exhibit quan-
tifiable operational criteria within the specified boundaries of
environmental management (Paillé et al. 2014). Scholars found
that GCA positively correlates with CEP (Zameer et al. 2021).
Baquero (2024) argues that the NRBV emphasizes considering
environmental obligation and leveraging its unique resources
to improve competitive positioning. The dynamic capabilities
view posits that when firms develop new capabilities to respond
to the requirements of internal and external stakeholders and
address environmental challenges, they achieve improved CEP
(Hart and Dowell 2011). Thus, building on the NBRV and the
DCV, we can argue that BDAC identifies environmental oppor-
tunities that complement unique natural resources, enabling
organizations to achieve a GCA and improve their CEP. Hence,
we hypothesize:

Hypothesis 3a. BDAC is positively correlated with the GCA
of MNCs.

Hypothesis 3b. Through its impact on GCA, BDAC will posi-
tively relate to the CEP of MNCs.

2.4 | BDAC, AGI, GCA, and CEP

Building on our preceding theoretical reasoning, we empha-
size from the standpoint of dynamic capabilities that BDAC
is a dynamic capability that enables enterprises to maintain
their competitive advantage by reconfiguring their resources
(Correggi et al. 2024). According to Wu et al. (2013), dynamic
capabilities can enable MNCs to sense and seize opportunities,
thereby achieving environmental, economic, and social bene-
fits. Considering this notion, firms need to sense the opportuni-
ties and threats in their internal and external environments and
determine what changes are required to address these opportu-
nities and threats by developing AGI. A firm should implement
these changes to enhance existing sustainable processes, prod-
ucts, and services or to orient itself toward new ones (Correggi
et al. 2024). Thus, BDAC can facilitate a firm's ability to develop
AGI, adapt to environmental changes, and reconfigure its strat-
egies (Stekelorum et al. 2021). The NRBV view posits that a
firm's competitive advantage, based on its natural environment
and dynamic capabilities, is key to promoting environmentally
sustainable economic activities (Hart 1995). Considering the
dual nature of AGI, BDAC helps firms enhance their existing
sustainable processes, products, and services while also explor-
ing new ones. Similarly, AGI, because of its exploitative and ex-
ploratory, endeavors to develop and implement environmentally
friendly practices in products, processes, and services (J. Wang,

Xue, Sun, et al. 2020), is highly likely to be translated into the
GCA of MNCs. Baquero (2024) suggests that AGI intervenes be-
tween a firm's intangible resources and its performance matrix.
Similarly, a GCA can serve as a driver of CEP. Taken together,
we argue from the dynamic capabilities view and the NRBYV,
considering how MNCs can develop their BDAC and AGI as en-
abling variables to align with the principles of the circular econ-
omy. We also examine how they reconfigure their resources and
capabilities to achieve a GCA, ultimately improving CEP. Thus,
we hypothesize:

Hypothesis 4. The impact of BDAC on CEP will be serially
mediated by AGI and GCA.

3 | Methodology
3.1 | Research Approach and Philosophy

This study adopts a positivist research philosophy, emphasizing
the use of objective, measurable evidence to examine the re-
lationships among BDAC, AGI, GCA, and CEP. The positivist
epistemological stance, which prioritizes quantifiable knowl-
edge through systematic observation and statistical analysis
(Creswell and Creswell 2017), is fundamental to our research.
Ontologically, the study assumes that reality is objective and
measurable through empirical data, as reflected in the use of
multi-item scales. Methodologically, we employ a quantita-
tive design, utilizing a cross-sectional survey and partial least
squares structural equation modeling (PLS-SEM) to analyze
data from MNCs in Germany. This approach is consistent with
the positivist emphasis on objectivity and generalizability (Hair
et al. 2017).

3.2 | Study Contexts and Sampling Procedures

Given the significant criticism of MNCs for being unsustain-
able (Burritt et al. 2020), various stakeholders, including the
government, intergovernmental organizations, NGOs, and con-
sumers, demand that MNCs redefine their efforts from short-
term economic goals to long-term sustainable activity (Burritt
et al. 2020). The present research considered MNCs operating in
Germany as the context for the study. The relevance of Germany
for this study is twofold. First, Germany has a unique legal and
regulatory context where the rights and obligations of economic
agents are carefully delineated. Specifically, environmental con-
cerns are given significant importance in Germany (Cormier
et al. 2004). Second, Germany is considered a developed, indus-
trialized, and advanced country with experience implementing
Industry 4.0 technologies (Veile et al. 2020). The environmental
regulations in Germany cover a wide range of activities. For ex-
ample, the German supply chain law passed on June 11, 2021,
motivates German firms and firms operating in Germany to use
digital technologies to trace their suppliers’ social and environ-
mental practices (Feng et al. 2022). Because the context of this
study is to examine BDAC for CEP, Germany is considered an
appropriate context for conducting this study. MNCs include
companies that “engage in foreign direct investment (FDI) and
own or control value-adding activities in more than one coun-
try” (Dunning 1992, 12).
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Although the German context provides a robust framework for
analyzing the relationship between BDAC and CEP, it is worth
reflecting on how this relationship might play out in countries
with weaker environmental regulations or less advanced techno-
logical infrastructure (Sahoo et al. 2023) In such contexts, firms
may encounter significant challenges in implementing BDAC
due to limited access to technology, fewer incentives for green
innovation, or weaker institutional support for sustainability ini-
tiatives (AlNuaimi et al. 2021; Kamble et al. 2020). External pres-
sures, such as stakeholder demands or international standards,
might drive green innovation and sustainability practices even in
less supportive environments (Wamba et al. 2017; Zhang and Zhu
2019). This reflection ensures that the study's insights are both
relevant and applicable to developing economies and firms op-
erating under diverse environmental conditions, where similar
mechanisms may apply but with varying degrees of effectiveness.

The study used simple random and convenience sampling
techniques to select the respondents, as these probability and
nonprobability sampling methods offer participants an equal
opportunity to participate in a study based on availability and
willingness to participate (Oduro et al. 2023). Out of a total of
60,027 worldwide multinational firms, the present study consid-
ered 20,738 German multinational enterprises currently oper-
ating in Germany as the population of the study (https://www.
destatis.de). Subsequently, we used several platforms, including
Forbes Global 2000 Rankings 2023, EasyMarketing A2Z, and
E-commerce Germany News, to identify our sample firms. We
specifically focused on the firms engaged in FDI and that own
or control value-adding activities in more than one country—
automotive, healthcare, retail, and financial services.

3.3 | Data Collection

A self-administered online survey was conducted to gather data
based on the theoretical framework and research objectives. The
online questionnaire was created in English using Google Forms
(Neeley 2012). Our sample comprises CEOs and general and op-
erational managers from MNCs, who were selected based on
specific criteria and received the questionnaire via email. Each
questionnaire included a cover letter that described the study's
background and provided all relevant information to enable re-
spondents to decide whether to participate. From November 10
to December 22, 2023, 32 German MNCs participated in a pilot
test to identify issues and opportunities for improvement. The
scale's Cronbach alpha was 0.96 for BDAC, 0.95 for AGI, 0.91 for
GCA, and 0.90 for CEP in the pilot trial, indicating reliability.
Thus, we chose the survey form for final data collection. The
data-gathering period was from January to April 2024. Upon
selecting the sample firms, we extracted their email addresses
from their websites. The questionnaire went to 550 German
MNCs. After many automatic reminder emails every 2weeks,
244 answers were obtained and utilized for the final analysis.
Because the response rate was substantially above the organiza-
tional study average, a response rate of 44.36% was considered
acceptable (Baruch and Holtom 2008). The authors compared
answers from the first 2 weeks to those from the final week to in-
vestigate nonresponse bias. We found no significant differences
between sample characteristics and latent variable means, as re-
ported by Armstrong and Overton (1977).

3.4 | Measures

The present study adapted scales from previous literature.
BDAC is operationalized with three low-order key dimensions:
big data talent capability (BDA-TC), business analytics (BA), and
big data analytics management capability (BDA-CM). First, we
operationalized BDA-TC as the competence of an analytics ex-
pert to work in a big data environment effectively (Constantiou
and Kallinikos 2015) and measured it with a nine-item scale
adapted from (Akter et al. 2020). BA was operationalized as the
extensive use of data, statistical and quantitative analysis, ex-
planatory and predictive models, and fact-based management
to drive decisions and actions (Davenport and Harris 2007) and
measured with three items adapted from previous studies (Duan
et al. 2020; Zameer et al. 2022). BDA-CM was operationalized as
an organization's strategic capabilities for implementing big data
analytic projects and measured with six items (Bag et al. 2020).
Regarding our mediating variables, AGI was operationalized
as the organizational ability to utilize existing environmental
knowledge and skills to improve innovation and explore new
environmental knowledge and skills to identify new products,
processes, and markets. It was measured on an eight-item
scale, with four items each for exploratory green innovation (J.
Wang, Xue, and Yang 2020) and exploitative green innovation
(J. Wang, Xue, Sun, et al. 2020). For instance, “Our firm actively
adjusts current green products, processes, and services” is one
of the items. Moreover, we operationalized GCA as a company's
unique set of strategies that allow it to outcompete competitors
on ecological management or sustainable innovation (Alam and
Islam 2021), and it was measured with a four-item scale adapted
from Lin and Chen (2017). CEP was operationalized as the firm's
ability to minimize its negative environmental impact and was
measured with five items (Singh et al. 2020). We measured CER
for the control variables with five items adapted from Singh
et al. (2020). The sector was operationalized as the industry of
operation and measured as a dichotomous variable (1 =service,
2=manufacturing). Firm size is measured by the number of
employees. Lastly, we operationalize FP as the firm realizes its
goals in the last 5years (items included ROA, ROI, and profit-
ability) (Oduro et al. 2023). These measures are summarized in
Table 1, whereas the full-scale items are shown in Appendix 1.

3.5 | Data Analysis

The present study conducted a two-step analysis including con-
firmatory factor analysis (CFA) and PLS-SEM. Prior scholars
suggest that structural equation modeling is a comprehensive
technique for examining complex relationships between studied
variables (Abbas 2024). In addition, our theoretical framework
includes a higher order construct (HOC) of BDAC, two mediat-
ing variables, AGI, and GCA, CEP (dependent variable), and a set
of control variables, namely, firm age, firm size, sector, CEP, and
FP. Therefore, we considered PLS-SEM as an analytical approach
for our analysis. Previous researchers recommend a sample size
for PLS-SEM to be 5-10 cases per construct (Hair et al. 2018).
Correspondingly, our observations per variable are about 30,
higher than the minimum threshold (Oliveira et al. 2021).
Similarly, PLS-SEM is appropriate for formative constructs, small
sample sizes (Ramayah et al. 2018), and complex models (Hair
et al. 2014). Our mediation analysis is a serial mediation, unlike
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simple mediation, which involves one mediator explaining the
relationship between an independent and a dependent variable.
Serial mediation involves multiple mediators in a sequential man-
ner, providing deeper insights into the pathways connecting the
variables (Hair et al. 2017). We follow the well-established pro-
cedure outlined by Preacher and Hayes (2008) to test for com-
plete mediation. According to this approach, complete mediation
is confirmed when the direct effect of the independent variable
(BDAC) on the dependent variable (CEP) becomes insignificant
after the mediators (AGI and GCA) are included in the model.
Partial, complementary mediation indicates that the direct path
remains significant after the introduction of the mediating factor,
which also exerts a positive mediating effect. In contrast, partial,
negative mediation means that the direct path is significant, but
the mediating effect is significant and negative. This method is
widely used in management and sustainability research to ensure
that the mediators fully explain the relationship between the in-
dependent and dependent variables (Hair et al. 2017; Nitzl 2016).

3.6 | Robustness Checks

To ensure the robustness of the findings, several checks were
performed, including tests for multicollinearity (using variance
inflation factor, VIF) and common method bias (using Harman's
single factor test). Because we used a self-reported survey and
relied on a single source of respondents, our survey study was
prone to common method bias. Prior scholars suggest that com-
mon method bias may cause inflation or deflation in the relation-
ships between variables (Jakobsen and Jensen 2015). Therefore,
we considered several precautions during the survey design and
the data collection stage. For instance, we considered the scales’
proven reliability and validity (Fuller et al. 2016). Moreover, we
disentangled the survey questions and provided anonymity to
the respondents, such as “there is no wrong or right answer”
(Podsakoff et al. 2003). Similarly, we used clearly defined survey
questions and counterbalanced the dependent and independent
variables. Because literature suggests that an educated sample
is less likely to demonstrate common method bias (Rindfleisch
et al. 2008), a higher percentage of our participants hold a college
degree or above. Once data was collected, we used Haman's sin-
gle factor test to assess common method bias, and we found that
the present study did not report common method bias. In the first
phase, the authors considered performing a pilot test to ensure
the validity and reliability of the scales. Moreover, we included
multiple control variables to mitigate model misspecification,
which may arise from omitted variables, and guarantee that our
empirical findings do not overestimate or inflate the effects of
BDAC on the outcome variable. Accordingly, we included three
context factors (firm age, size, and sector) and two organizational
variables (CER and FP). Furthermore, because of the potential
endogeneity problem in AGI, we used the Gaussian Cupolas test
to investigate whether AGI is endogenous. Our result is shown
in Table 1. First, when GCA is the dependent variable, the values
are insignificant (B=-0.210, t=0.636, p=0.525); when corpo-
rate environmental performance is the dependent variable, the
Cupolas values are insignificant (B=0.254, t=1.02, p=0.308);
AGI is the dependent variable, and the values are likewise insig-
nificant (B=0.881, t=1.345, p=0.179). Thus, we consider AGI
and GCA as exogenous variables and incorporate them into the
structural equation model, as the Gaussian Cupolas statistics are

insignificant (see Appendix 2). We also tested multicollinearity
using the VIF method. Given that the highest value is 1.717, below
the threshold of 5 or less, we can conclude that our data has no
multicollinearity issues (Hair et al. 2018) (see Appendix 3).

4 | Results

4.1 | Sample Characteristics and Descriptive
Statistics

As shown in Table 2, most of the firms were manufacturing
firms (55.73%), 36% had been in existence for more than 30years,
35.7% had net capital between 100 million and 3 billion, and fi-
nally, about 33% of firms had a number of employees between
1001 and 5000.

Table 3 presents the descriptive statistics and correlations for the
constructs, including the control variables. The correlation val-
ues are all at or below the threshold of 0.70, indicating minimal
multicollinearity issues in the data (Cohen 2013). Furthermore,
the standard deviations are lower than the means, suggesting no
overdispersion of nonnegative integers (Wooldridge 2012).

TABLE 2 | Sample characteristics of sampled firms (244).

Number of
Sample characteristics samples %
Sector
Service 108 44.26
Manufacturing 136 55.73
Firm age
<5years 14 5.7
6-10years 43 17.6
11-20years 23 9.4
21-30years 76 31.1
>30years 88 36.06
Capital (NT €)
<50 million 28 11.5
50 million to 100 million 37 15.2
100 million to 3 billion 87 23.36
3 billion to 5 billion 41 16.8
> 5 billion 51 20.9
Employees size
<50 persons 07 2.8
51-100 persons 26 10.7
101-1000 persons 86 35.2
1001-2000 persons 45 18.4
2001-5000 persons 36 14.8
> 5000 persons 44 18.0
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TABLE 3 | Descriptive statistics.

Items Mean Std. BTC BA BCM ECR GCA EP FP SS FS BDAC AGI

BTC 3.05 0.64 1

BA 3.06 0.85 0.61** 1

BCM 3.05 0.75  0.64**  0.63** 1

CER 3.35 0.81 0.03 0.06 0.03 1

GCA 3.33 0.86 0.02 0.08 0.02 0.61** 1

CEP 3.36 0.88 0.05 0.07 0.05 0.65**  0.68** 1

FP 3.40 0.85 0.03 0.05 0.04 0.61**  0.65**  0.65%* 1

SS 3.20 1.26  0.39%F  —0.24* —0.34** 0.15* 0.18* 0.15* 0.13* 1

FS 3.66 1.33  -0.10 —-0.11 —-0.10 -0.11 -0.10 -0.08 —-0.08 0.29%* 1

BDAC 3.06 0.68 0.61**  0.60** 0.63** 0.05 0.05 0.06 0.04  —-0.34** -0.10 1

AGI 3.32 0.75 0.06 0.07 0.05 0.69**  0.60**  0.69**  0.69** 0.16* —-0.10 0.064 1
Abbreviations: FS = firm size (no. of employees); SS=sector.
*Correlation is significant at the 0.05 level (2-tailed).
**Correlation is significant at the 0.01 level (2-tailed).
TABLE 4 | Measurement models fit indices and quality criteria.

x2 df CFI GFI AGFI NFI RMSEA
Full model 234 124 0.97 0.95 0.90 0.93 0.054
Partial model (direct) 202 103 0.93 0.91 0.89 0.92 0.063
R2
R? R? adjusted

CEP 0.604 0.597

AGI 0.034 0.030

GCA 0.471 0.464
Abbreviations: AGI =ambidextrous green innovation; CEP = corporate environmental performance; GCA =green competitive advantage.
4.2 | Measurement Model Assessment TABLE 5 | Reliability and validity for LOC.

. L1 . Composite Average variance

Consructs and fo determine the psyehometri propercies . 1Pdicators _ reliabiliy @lpha) _extracted (AVE)
cluding discriminant and convergent validity, composite reli- BA 0.783 0.655
the procedures outlined by Kai ot a1 (2014). To achiove hese  BM 0787 0554
thresholds, we removed some indicators whose loadings were BTC 0.754 0.515
we deleted one indicator from the FP construct (FP_5) be- CEP 0.770 0.535
cause the outer loading was lower than 0.7. After rerunning AGI 0.760 0.518
the analysis, we found that our indicators met the threshold
of 0.7 or greater (Hair et al. 2014) (see Appendix 4 for full fac- GCA 0.789 0.557
tor loadings). Concerning the measurement model shown in FP 0.867 0.765

Table 4, the model fit indices demonstrated a better fit for the
full model (CFI=0.97, GF1=0.95, AGFI1=0.93, NFI=0.91,
and RMSEA =0.054) relative to the partial model (CFI=0.93,
GFI1=0.91, AGFI=0.89, NFI1=0.92, and RMSEA =0.063),
showing the distinctiveness and reliability of the five factors
examined in this study.

Moreover, Table 5 shows the output of the AVE and reliabil-
ity. The AVE and composite reliability values were equal to or
greater than 0.5 and 0.70, respectively, thus satisfying the con-
vergent validity threshold (Hair et al. 2014).
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We assessed the discriminant validity using the Fornell and
Larcker (1981) measure of AVE. We also present the results
of the discriminant validity analysis. As a rule of thumb, the
square root of AVE values is higher than the constructs’ correla-
tion values (Fornell and Larcker 1981). Thus, our model's valid-
ity is acceptable (see Appendix 5).

4.3 | Validating HOC

We considered BDAC as an HOC based on three lower order
constructs (LOCs)—BTC, BA, and BCM. We examined and val-
idated the LOC and HOC using the reflective—formative type
based on the disjoint two-stage approach (Sarstedt et al. 2022).
Table 6 sets out the outcome of the HOC analysis. We first as-
sessed the measurement model of the LOCs, established the re-
liability and validity, and then used the latent scores of the LOCs
to compute the values for the HOC (BDAC) (Hair et al. 2018).
We validated the HOC using the indices of outer loadings, outer
weights, T statistics, and VIF. When the outer weights are sta-
tistically significant, HOC is validated (Sarstedt et al. 2022).
However, if some of the LOCs are not significant but the outer
loadings are significant, HOCs could be validated (Sarstedt
et al. 2022). Given this, because our analysis reveals that the
outer loadings of each construct forming BDAC were signifi-
cant, we can conclude that HOC is validated, although LOCs BA

TABLE 6 | Higher order validations.

and BTC's outer weights are not statistically significant (Sarstedt
et al. 2022). Lastly, our HOC reveals no multicollinearity issues
since the VIF values are less than 5 (Sarstedt et al. 2022).

4.4 | Hypothesis Testing

We assessed the sequential structural model using beta coeffi-
cients, t values, p values, and the coefficient of determination
(R?). BDAC explains 3.4% of the variability in green ambidex-
trous innovation, indicating that other factors drive AGI beyond
BDAC. Moreover, BDAC, AGI, and GCA explain 60.4% of the
variability in CEP of MNCs (see Table 4), which shows that these
factors are major drivers of CEP in MNCs, whereas BDAC and
AGI explain 47.10% of the variability in GCA, which demon-
strates that these factors are key drivers of GCA in MNCs.

First, we found that the direct effect of BDAC was not statisti-
cally significant (B=0.207, p=0.000). Thus, we cannot confirm
Hypothesis 1 regarding the direct effect of BDAC on CEP, which
indeed justifies our serial mediation analysis, as BDAC influ-
ences AGI, which in turn influences GCA, which ultimately
influences CEP (see Table 7). Moreover, as expected, BDAC is
significantly related to AGI (B=0.186; p=0.005), thus support-
ing Hypothesis 2a, which means that MNCs with BDAC will de-
velop more investments in AGI. In turn, AGI is positively related

HOC LOC Outer weights T values ps Outer loadings p values VIF
BDAC BA 0.429 1.199 0.231 0.774 0.001 1.390
BCM 0.761 2.15 0.032 0.931 0.000 1.717
BTC —-0.071 0.175 0.861 0.572 0.042 0.620
TABLE 7 | Sequential mediation analysis (direct links).
Standard
Original Sample deviation T statistics (|O/
sample (O) mean (M) (STDEV) STDEV]) p values
BDAC — AGI 0.186 0.204 0.066 2.812 0.005
AGI— CEP 0.116 0.118 0.059 1.973 0.049
AGI-GCA 0.264 0.266 0.007 3.793 0.000
GCA - CEP 0.449 0.449 0.067 6.661 0.000
BDAC — CEP 0.018 0.019 0.052 0.350 0.726
BDAC —- GCA —-0.003 0.009 0.054 0.060 0.952
Control variables
Sector — CEP 0.206 0.207 0.081 2.556 0.002
CER— CEP 0.315 0.311 0.07 4.497 0.000
Firm age — CEP 0.091 0.093 0.124 0.750 0.453
Firm size —» CEP 0.123 0.103 0.098 1.256 0.786
FP— CEP 0.239 0.238 0.083 3.793 0.005

Abbreviations: AGI=ambidextrous green innovation; BDAC =big data analytic capabilities; CEP = corporate environmental performance; CER = corporate
environmental responsibility; FP=financial performance; GCA =green competitive advantage.
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to GCA (B=0.264; p<0.000). Similarly, we found that a GCA is
positively associated with CEP (B=0.449; p <0.001), indicating
that MNCs with a better GCA will enhance the firm's CEP, sug-
gesting that a GCA is a potential driver of CEP. However, BDAC
is not directly related to GCA (B=-0.003; p=0.952), thus dis-
confirming Hypothesis 3a. For the control variables, we found
that sector (B=0.207, p=0.000), CEP (B=0.315, p=0.000),
and FP (B=0.239, p=0.005) all have a positive effect on CEP.
However, firm size and firm age do not have a significant re-
lationship with CEP. The next section, therefore, examines the
serial mediation effects of these direct effects.

4.5 | Bootstrap Test of the Serial Mediation Model

To test the mediation effect of AGIand GCA on the BDAC-CEP re-
lationships, we employed procedures (Preacher and Hayes 2008)
with subsamples of 5000 bootstrapping, which yield ¢ values and
confidence intervals for the mediating hypothesis. Bootstrapping
is a nonparametric method used to assess the statistical signifi-
cance of various PLS-SEM outcomes, such as path coefficients,

confidence intervals, and ¢ values. For instance, original PLS-
SEM results are deemed significant if the confidence intervals do
not encompass 0, and the ¢ values are at least 1.96 (Becker et al.
2023; Hair et al. 2022). The serial multiple mediator model in-
cludes BDAC as the independent variable (X), two mediators—
AGI (M;) and GCA (M,)—and environmental performance (Y)
as the outcome variable (plus numerous controls). Figure 2 shows
the serial mediating relationships analyzed.

The model aims to illustrate both the direct influence of X
(BDAC) on Y (environmental performance) and three potential
indirect influences. These indirect effects are represented by
various paths (Hayes 2013) as follows:

X->M, »>Y=ab,
X—->M,->Y=a,b,
X—->M, > M, - Y=a,d,;b,

Table 8 shows the results obtained from the bootstrapping anal-
ysis of the mediating effects. As observed, AGI does not play a

Ambidextrous sreen Gree‘n. Firm sector, age, size,
mbidextrous g daq competitive financial performance,
innovation (AGI) advantage (GCA) environmental

M4 M 2 responsibility
b T1-fs
ai
az 1
Environmental
Big data analytic c performance (CEP)
capabilities (BDAC) > Y
X

FIGURE 2 | Serial multiple mediator model analyzed. Note: a,—the direct effect of BDAC on AGI; a,—the direct effect of BDAC on GCA; b,—
the direct effect of AGI on EP; b,—the direct effect of GCA on EP; c—the direct effect of BDAC on EP; d,,—the direct effect of AGI on GCA; and
fi~fs=the control effect of C-firm size, sector, age, corporate environmental responsibility, and financial performance on EP.

TABLE 8 | Total, direct, and indirect effects of BDAC on CEP via AGI and GCA.
Sample Standard
Original mean deviation T statistics
Paths sample (0) (M) (STDEV) (|O/STDEV]) CI-2.5% CI+97.5% P values
BDAC — AGI— CEP 0.024 0.025 0.016 1.441 —0.003 0.06 0.150
BDAC - GCA — CEP —0.001 0.004 0.025 0.059 —0.047 0.05 0.953
BDAC - AGI - GCA — CEP 0.052 0.056 0.023 2.318 0.012 0.099 0.020
Direct effects —-0.008 —-0.008 0.064 0.120 —-0.138 0.114 0.905
Total indirect effects 0.075 0.045 0.036 2.083 0.011 0.181 0.034
Total effects 0.067 0.065 0.032 2.123 0.034 0.124 0.024
A(;abreviations: AGI =ambidextrous green innovation; BDAC =big data analytic capabilities; CEP = corporate environmental performance; GCA = green competitive
advantage.
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significant positive mediating role in the relationship between
BDAC and CEP (X— M, — Y=a,b,), as the confidence intervals
include 0 (B=0.024, t=1.441, CI=-0.003 to 0.06). Thus, we
cannot support Hypothesis 2b.

Our Hypothesis 3b posited that BDAC would influence CEP
through its influence on GCA (X—M,— Y=a,b,). However,
the mediating effect of GCA between BDAC and CEP is not
significant (B=-0.001, ¢t=0.059, CI=-0.047 to 0.05), as
the confidence interval includes 0. Thus, our findings do
not support Hypothesis 3b either. Instead, our findings sup-
port Hypothesis 4, which posits that the impact of BDAC
on CEP is serially or sequentially mediated by AGI and GCA
(X-M,—M,—Y=a,d, b,). As shown, the mediation effect of
AGI and GCA in the relationship between BDAC and CEP was
significant (B=0.052, t=2.318, p=0.020), and the confidence
intervals do not include 0 (CI=0.012, 0.099). This suggests that
BDAC fosters AGI, which in turn drives a GCA, ultimately in-
fluencing the CEP of MNCs. The overall indirect effect of BDAC
on CEP, mediated by AGI and GCA, was significant (B=0.075,
CI=0.011-0.118). This type of mediation is indirect only, as the
direct effect was not significant (B=-0.008, p=0.995) in the
full model (Zhao et al. 2010). Therefore, AGI and GCA play a
complementary and mediating role in the BDAC-CEP relation-
ships (BDAC — AGI - GCA — CEP).

5 | Discussion

The present study proposes a theoretical framework of CEP and
discusses its relationship with BDAC through AGI and GCA.
Although several studies have examined the impact of BDAC
on CEP, no study exists that investigates the serial path through
which this focal relationship prevails, particularly in MNCs. Our
study examines the serial mediating effects of AGI and GCA on
the relationships between BDAC and CEDP, yielding several in-
teresting findings. For example, this study hypothesized a direct
relationship between BDAC and CEP, whereas it highlights that
BDAC has no direct significant impact on CEP.

This finding is inconsistent with the previous literature, which
has suggested a direct relationship between BDAC and CEP
(e.g., Rahman et al. 2024; Sahoo et al. 2023). One possible rea-
son for this result is the lack of strategic alignment between
BDAC initiatives and firm-level outcomes. When firms priori-
tize financial, operational, or manufacturing outcomes over big
data analytics capabilities, their resource allocation is driven by
these initiatives instead of environmental ones. This highlights
that mediating factors, such as strategic environmental orienta-
tion and environmental management systems, indicating firms'
priorities toward environmental protection, may help us under-
stand this relationship. Similarly, several moderating factors,
such as leadership commitment or stakeholder pressure, may
have a potential impact on such results.

This study highlights that BDAC has a significant positive im-
pact on AGI. These results align with the DCV, which suggests
that BDAC enables a firm to develop ambidexterity capabilities
by facilitating adaptation to the environment through recon-
figuration of resources and strategies (Stekelorum et al. 2021).
This finding aligns with the results of Waqas et al. (2021), who

demonstrated that BDA-TC, BA, and BDA-CM have a positive
impact on green innovation. Thus, these findings extend the
DCV and NRBV that firms that efficiently develop BDAC capa-
bilities can explore and exploit green innovation opportunities
(Makhloufi et al. 2023), as AGI strategies enhance an organi-
zational ability to adapt to immediate and long-term changes
and exploit ecological opportunities (Jansen et al. 2012; Lee
et al. 2018; J. Wang, Xue, Sun, et al. 2020; J. Wang, Xue, and
Yang 2020). Therefore, the study contributes to the scholarly
discussion that organizations with greater commitment toward
BDAC can better formulate and implement AGI in today's green
and digital economy.

Another important finding of this study is that AGI positively
affects GCA. Theoretically, this finding not only supports previ-
ous studies that claimed green innovation has a significant and
positive impact on competitive advantage (Wagas et al. 2021),
but it also supports the classical view that competitive advan-
tage is the result of firms' resources, which are called dynamic
capabilities (Teece et al. 1997). Accordingly, our results extend
the NRBV that AGI enables companies to utilize their dynamic
capabilities better to be more competitive. In addition, this study
proved that AGI has a significant positive impact on environ-
mental performance. This finding lends support to the previous
literature that when organizations are more committed to AGI
and continuously improve their ecological products and pro-
cesses, as a result, they easily modify the conventional modes of
company operations and mitigate the impact of firm operations
on the environment and exhibit an improved environmental
performance by producing green innovative products and the
improved process by environmental restoration, cleansing, and
rehabilitation (Shehzad et al. 2022).

The present study found that a GCA has a significant impact
on CEP. Therefore, our results align with the finding of Zameer
et al. (2021) that a significant positive association exists between
GCA and CEP. In terms of the mediating role of AGI between
BDAC and GCA, this study found that AGI plays a significant
mediating role in the relationship between BDAC and GCA. In
other words, BDAC facilitates firms in exploitative green inno-
vation by providing customized and appropriate information
that helps them improve existing green products and processes.
Regarding exploratory green innovation, BDAC enables firms to
examine a large amount of environmental data, market trends,
and consumer behavior, which helps them make informed deci-
sions. Accordingly, companies can easily explore new sustain-
able technologies and optimize the use of natural resources.
Our study concludes that AGI enables firms to achieve green
competitiveness. This aligns with the findings in the literature,
which indicate that big data analytics have a significantly pos-
itive impact on green innovation and competitive advantage
(Mehmood et al. 2023; Zameer et al. 2020). Furthermore, the
present study found that GCA mediates the relationship between
AGI and CEP (Mehmood et al. 2024; Hayat and Qingyu 2024).
Interestingly, however, we did not find support for the medi-
ating effect of AGI between BDAC and CEP, which buttresses
our argument that the impact of BDAC on CEP is serial through
AGI and GCA. Therefore, we reveal that BDAC has a significant
and positive impact on CEP through a serial mediation of AGI
and GCA. This indicates that the management of big data capa-
bility talent and business analytics capabilities enhances AGI,
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leading to competitive advantage and subsequent improved
CEP (Wagqas et al. 2021). Converging evidence suggests that dy-
namic capabilities encompass both explorative and exploitative
activities (Teece et al. 1997), enabling a firm to reconfigure its
resource base and gain a competitive advantage (Jurksiene and
Pundziene 2016). Accordingly, this study advances the DCV
and NRBV that BDAC drives AGI, which propels GCA and,
ultimately, CEP. These findings have numerous theoretical
and managerial implications, which are discussed in the next
section.

6 | Implications
6.1 | Theoretical Contributions

The study contributes to multiple dimensions of the digital
economy, sustainability, and green economy literature. Our first
theoretical contribution rests in reframing AGI within the DCV
as an indispensable capability for leveraging BDAC to achieve
sustainable outcomes. Our study introduces a nuanced serial
mediation model, a first-of-its-kind, that details the interplay
between BDAC, AGI, and GCA in environmental performance
within MNCs. This addition advances the NRBV theory by em-
pirically validating that environmental competitiveness is insep-
arable from dynamic operational capabilities. Second, whereas
considerable efforts are focused on understanding the relation-
ship between BDAC and environmental performance, empirical
findings are mixed (Belhadi et al. 2020; Dubey, Gunasekaran,
and Childe 2019; Dubey, Gunasekaran, Childe, Papadopoulos,
etal. 2019; Bag et al. 2020). Our study reveals the causal relation-
ship between BDAC and CEP in MNCs, clarifying previously
anecdotal findings. Third, although some studies have exam-
ined mediating factors in the BDAC-CEP (Waqas et al. 2021),
our research is pioneering to (a) explicate the sequential path
through which BDAC impacts environmental performance, (b)
to do so in the context of MNCs, and (c) explicitly take into ac-
count not only the influence of contextual variables (sector, size)
but also other critical organizational variables, like sector, CER,
and FP. More specifically, our empirical findings contribute to
the digital economy and green economy literature by demon-
strating that a serial mediation model incorporating AGI and
GCA can explain how BDAC ultimately translates into envi-
ronmental performance. In line with the DCV, we argue that
BDAC is a key driver of AGI, helping the firm to enhance green
dynamic capabilities by using existing knowledge to strengthen
management and operational skills, routines, know-how, new
product creation, processes, and individual practices while ex-
ploring for new environmental knowledge (Hanifah et al. 2022;
Lozada et al. 2023). Therefore, we demonstrate that MNCs that
develop BDAC are likely to develop AGI. Similarly, consistent
with the NRBV, AGI leads to GCA, which, in turn, leads to en-
vironmental performance. Therefore, we contribute to the lit-
erature that implementing AGI through pollution prevention
techniques, product stewardship, and sustainable development
leads to GCA and CEP (Agyabeng-Mensah and Tang 2021),
showing AGI and GCA as critical drivers of environmental per-
formance. Furthermore, our inclusion of a multiple set of con-
trol variables contributes to mitigating model misspecification,
which may arise from omitted variables, and guarantees that
our empirical findings do not overestimate or inflate the effects

of BDAC on the outcome variable. We specifically integrated our
model with the firm sector, firm size, FP, and CEP because they
have been revealed in previous studies to impact firm perfor-
mance, including CEP (Oduro and De Nisco 2023; Oduro 2024).
Our nuanced insight deepens our understanding of how MNCs
and firms can effectively leverage BDAC to handle environmen-
tal menaces in an increasingly turbulent business environment.
Lastly, the study's conceptual framework and its findings open
avenues for future scholars to develop a serial mediation model
to understand the impact of BDAC on firm performance.

6.2 | Managerial and Policy Implications

BDAC may influence AGI which can improve MNCs' GCA and
CEP. Managers and practitioners must invest in modern data
analytics tools and establish data-driven decision-making pro-
cesses to drive innovation and utilize environmentally friendly
technology. Prioritizing training and technological infrastruc-
ture to maximize BDAC may help MNCs enhance their ambi-
dextrous approach to green innovation and CEP. When used
appropriately, AGI may boost GCA and CEP. Managers of MNCs
should develop a comprehensive innovation plan that incorpo-
rates green technology in all aspects of the business, from prod-
uct development to operations. MNCs can satisfy environmental
requirements and gain an economic advantage in sustainability-
driven markets, thereby ensuring a better and more sustainable
future. This connection enhances the MNC's market position by
demonstrating its commitment to sustainability and appealing to
investors and customers who value environmental concerns. In a
general approach to sustainability, these results demonstrate that
green efforts, new ideas driven by BDAC, and the effective use of
financial resources all contribute to enhancing CEP. MNCs will
be able to participate in markets that are becoming increasingly
controlled by sustainability standards and customer demands if
they combine data analytics with sustainability efforts and fulfill
their financial and environmental responsibilities.

MNCs should prioritize the development of AGI, as BDAC im-
pacts both GCA and environmental performance. In this regard,
MNCs should enhance and refine their existing green products
and processes; strengthen the current green market and tech-
nology through incremental innovations; adopt new green prod-
ucts, processes, and services; leverage them; discover new green
markets; and acquire new green technology through market seg-
mentation and dynamic market monitoring. Our findings also
show that practitioners must adopt effective green management
systems, offer higher quality green products, and invest more
in environmental research, development, and green innovation
than major competitors to achieve superior environmental per-
formance. BDAC, AGI, and GCA enhance environmental per-
formance, but the study's control factors offer valuable insights
for MNC management. FP and CER directly influence CEP and
resource and initiative management. The positive association be-
tween financial success and CEP suggests that resource allocation
is crucial for improving environmental outcomes, as MNCs may
allocate more resources to green technologies, resulting in higher
profitability. Managers might be wise to allocate their profits to
green projects for the sake of the environment. This approach im-
mediately improves CEP and promotes sustainability. CER also
makes a significant difference in how sound companies treat the
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environment, demonstrating that it should be a core part of busi-
ness strategy rather than merely an added benefit. CER is benefi-
cial for MNCs because it enhances CEP and the perception of the
company among stakeholders. MNC managers should combine
environmental responsibility actions with measurable environ-
mental goals, such as lowering pollution and protecting resources.

Policymakers shape the regulatory and support environment
for sustainable business. They may encourage MNCs to adopt
BDAC and integrate it into their operations by granting tax ex-
emptions, grants, or subsidies for sustainable business practices
and technology, thereby improving environmental outcomes.
Policymakers also may promote green innovation by encouraging
government, academic, and MNC cooperation. They can speed
up eco-friendly technology development by supporting collabo-
rations and knowledge-sharing platforms that integrate MNCs'
BDAC skills with public sector resources. R&D collaboration and
data exchange can enhance green innovation, and a GCA drives
environmental performance. To get MNCs to seek GCA, states
and regulatory bodies should set standards for green approval
and eco-labeling. Lastly, the government could help MNCs align
their business plans with global and national sustainable devel-
opment goals. It would promote more environmentally friendly
business practices. Thus, governments should reconsider sus-
tainability incentives by prioritizing observable sustainability
outcomes through innovation and technology adoption.

7 | Limitations and Further Research

This study enhances our understanding of how BDAC drives
AGI, GCA, and CEP in MNCs, but certain limitations high-
light areas for further exploration. The cross-sectional design
restricts insights into how these relationships evolve. Future
longitudinal studies could provide a deeper understanding of
BDAC's impact on AGI and CEP across various market and tech-
nological changes (Farrington and Hawkins 1991; Rindfleisch
et al. 2008). While offering generalizability, the quantitative
approach may not fully capture the mechanisms underlying
the interactions between BDAC, AGI, and CEP. However, the
potential of qualitative methods, such as case studies, to offer
richer, context-specific insights into the dynamics that shape
sustainable practices is exciting. Focusing solely on MNCs may
limit applicability to other organizational types. Replicating this
model in small- and medium-sized enterprises (SMEs), public
sector organizations, or nonprofits could enhance generaliz-
ability. Conducted within a single-country setting, this research
may not accurately reflect the global diversity of regulatory,
cultural, or economic factors that affect BDAC's role in sustain-
ability. Cross-national studies can provide broader insights, par-
ticularly in regions with diverse policy frameworks or varying
market maturity. The model also fails to account for external
stakeholders, such as suppliers and consumers, who may influ-
ence sustainability practices. Future studies could examine how
BDAC aligns with consumer demands for sustainable practices
or investor pressures, highlighting BDAC's role in responding
to external expectations. Finally, with the rapid advancements
in technologies like AI and IoT, future research should explore
how these tools interact with BDAC to foster environmental in-
novation. These synergies may unlock more sophisticated, im-
pactful sustainability initiatives.
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Appendix A

Questionnaire

To which extent do you agree or disagree with the following statements? These questions measure your firm's big talent
capability in terms of big talent capability, business analytics, big data analytical capability management, green ambidextrous
innovation, environmental corporate social responsibility, green competitive advantage, environmental performance, and
financial performance.

1. Big talent capability (BTC)
(Numbers close to 7 stand for a strong agreement while numbers close to 1 stand for a strong disagreement. Please, choose one number on the
scale from 1 to 7, which best reflects your opinion about Big Talent Capability)

Our analytics personnel are very capable in terms of programming skills. 1234567
Our analytics personnel are very capable in terms of managing project 1234567
lifecycles.

Our analytics personnel are very capable in the areas of data and network 1234567

management and maintenance.
Our analytics personnel show superior understanding of technological trends. 1234567

Our analytics personnel are very knowledgeable about the critical factors for 1234567
the success of our organization

Our analytics personnel understand our organization's policies and plans at a 1234567
very high level.

Our analytics personnel are very knowledgeable about the business 1234567
environment.

Our analytics personnel work closely with suppliers to provide key inputs 1234567

useful for developing innovative green products.

Our analytics personnel work closely with customers and maintain productive 1234567
user/client relationships.

Source: Akter et al. (2020).

2. Business analytics (BA)
(Numbers close to 7 stand for a strong agreement while numbers close to 1 stand for a strong disagreement. Please, choose one number on the
scale from 1 to 7, which best reflects your opinion about Business Analytics)

We use business intelligence and data mining to provide the context of and 1234567
trending information on past or current events.

We use statistical models and forecasts to provide an accurate projection of 1234567
future happenings and the reasoning as to why.

We use optimization and simulation to recommend one or more courses of 1234567
action and show the likely outcome of each decision.

Source: Duan et al. (2020); Zameer et al. (2022).

3. Big data analytical capability management (BCM)
(Numbers close to 7 stand for a strong agreement while numbers close to 1 stand for a strong disagreement. Please, choose one number on the
scale from 1 to 7, which best reflects your opinion about big data analytical capability management)

We continuously examine the innovative green opportunities for the strategic 1234567
use of Big Data Analytical.

We enforce adequate plans for the introduction and utilization of Big Data 1234567
Analytical.

We perform Big Data Analytical planning processes in systematic and 1234567
formalized ways.

We frequently adjust Big Data Analytical plans to better adapt to changing 1234567

environmental conditions.

In our organization, business analysts and design people meet frequently to 1234567
discuss important issues both formally and informally.

20 of 25 Business Strategy and the Environment, 2025

5U80| 7 SUOWWOD BAFe1D) 8|edl|dde 8y Aq pausenob aJe ssjoe YO 8sn Jo Sajni 10} Areiqi8UIIUO A8]IM UO (SUORIPUCD-PUR-SIBY W00 A8 1M ATeIq1jBuluo//Sd1y) SUORIPUOD Pue swie | 8U) 88S *[5202/20/€2] Uo ArigITauliuo AB|IM *elfe}eUeI4a0D AQ £2£°350/200T OT/I0P/W00" A3 1M Afe.q 1 jBul|uo//SdNY W01} papeo|umoq ‘0 ‘9e80660T



In our organization, information is widely shared between business analysts
and line people so that those who make decisions or perform jobs have access
to all available know-how.

1234567

Source: Bag et al. (2020).

4. Ambidextrous green innovation (AGI)

(Numbers close to 7 stand for a strong agreement while numbers close to 1 stand for a strong disagreement. Please, choose one number on the

scale from 1 to 7, which best reflects your opinion about Green Ambidextrous Innovation)
Our firm actively improves current green products and processes.
Our firm actively adjusts current green products, processes, and services.
Our firm actively strengthens the current green market.
Our firm actively strengthens current green technology.
Our firm actively adopts new green products, processes, and services.
Our firm actively exploits new green products, processes, and services.
Our firm actively discovers new green market.

Our firm actively enters new green technology.

1234567

1234567

1234567

1234567

1234567

1234567

1234567

1234567

Source: J. Wang, Xue, Sun, et al. (2020); J. Wang, Xue, and Yang (2020).

5. Corporate environmental responsibility (CER)
(Numbers close to 7 stand for a strong agreement while numbers close to 1 stand for a strong disagreement.
scale from 1 to 7, which best reflects your opinion about environmental corporate social responsibility)

Please, choose one number on the

The firm contributes to the projects promoting the well-being of the society.
The firm invests in projects for future generations.

The firm contributes to support other nongovernmental agencies working in
troublesome areas.

The firm takes part in the initiatives for promoting and improving the natural
environment.

The firm aims at sustainable growth of the society for future generations.
The firm inspires employees to participate in societal activities voluntarily.

The firm operationalizes distinct schemes for mitigating the negative effects
on ecology.

The firm shows respect for the rights of customers and legal aspects.

The firm discloses complete and precise information regarding products for
the customers.

1234567

1234567

1234567

1234567

1234567

1234567

1234567

1234567

1234567

Source: Alam and Islam (2021).

6. Green competitive advantage (GCA)
(Numbers close to 7 stand for a strong agreement while numbers close to 1 stand for a strong disagreement.
scale from 1 to 7, which best reflects your opinion about green competitive advantage)

The firm has a high-cost competitive advantage regarding green management
in comparison with major competitors.

The firm offers better quality green products in comparison with major
competitors.

The firm invests more money in environmental research and development
and green innovation than its competitors.

The firm has greater capability than competitors regarding green
management.

Please, choose one number on the

1234567

1234567

1234567

1234567

Source: Lin and Chen (2017).
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7. Corporate environmental performance (CEP)

(Numbers close to 7 stand for a strong agreement while numbers close to 1 stand for a strong disagreement. Please, choose one number on the

scale from 1 to 7, which best reflects your opinion about environmental performance)

In our enterprise, environmental activities have reduced overall costs.

Reduced overall costs.

In our enterprise, environmental activities have reduced the lead

times.

In our enterprise, environmental activities have improved product/

process quality.

The environmental activities have improved the reputation of my

company.

In our enterprise, environmental activities have reduced waste within

the entire value chain process.

1234567

1234567

1234567

1234567

1234567

Source: Singh et al. (2020).

8. Financial performance (FP)

(Numbers close to 7 stand for a strong agreement while numbers close to 1 stand for a strong disagreement. Please, choose one number on the

scale from 1 to 7, which best reflects your opinion about financial performance)

Market share growth relevant to competition
Sales growth from enterprise customers (ROS)
Business unit profitability

Return on investment (ROI)

Return on equity (ROI)

1234567

1234567

1234567

1234567

1234567

Source: Chun (2005).

9. Sample information

Gender

Education

Age

Annual income

Number of employees

Female
Male
Not to mention

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

Elementary school (8 grades)
High school (4 stages)

College (3years)

University (4 years or more)

18 to 24 years
25 to 34years
35 to 44years
45 to 54years
55 to 64years
65years or older

Less than 30,000 €
€31,000-€50,000
€50,001-€80,000
€80,001-€120,000
€120,001-€200,000
€200,001-€500,000
Above €500,000

Less than 50
51-100
101-1000
1001-2000
2001-5000
Above 5000
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Appendix B

Bootstrapping Test for Endogeneity

Original sample (O)

Sample mean (M)

Standard
deviation (STDEV)

T statistics
(/O/STDEV])

GC (BDAC) — AGI
GC (AGI)— CEP
GC (AGI)— GCA

0.881
0.254
-0.21

0.512

0.177

-0.19

0.655

0.249

0.33

0.179

0.308

0.525

Appendix C

Factor Loadings

BA

BCM

BTC

ECR

EP

GAI

GCA

FP

BA-1
BA_2
BA-3
BCM_1
BCM_3
BCM_4
BCM-5
BCM-6
BCM-9
BTC_1
BTC-2
BTC-4
BTC-5
BTC_6
BTC-7
BTC_8
CER_1
CER_2
CER-4
CER-6
CER_7
CER-9
CEP-2
CEP_3
CEP_4
CEP_5
AGI_1
AGI_2
AGI_3
AGI_5
AGI_7

0.966

0.876

0.891

0.738
0.828
0.786
0.902
0.867

0.789

0.732

0.786

0.904

0.705

0.802

0.767

0.764

0.789

0.743

0.898

0.786

0.763

0.870

0.877
0.876
0.895

0.711

0.723

0.801

0.771

0.796

0.789

AGI_8

0.897
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BA BCM BTC ECR EP GAI GCA FP
GCA_1 0.786
GCA_2 0.715
GCA_4 0.830
FP-1 0.897
FP-2 0.776
FP-3 0.809
FP-4 0.786
Appendix D
Multicollinearity Checks
Indicator variables VIF
BA_1 1.178
BA_2 1.178
BA-3 1.107
BCM_1 1.260
BCM_3 1.103
BCM_4 1.231
BCM_5 1.155
BCM-6 1.123
BCM-9 1.103
BTC_1 1.108
BTC_2 1.109
BTC-4 1.078
BTC_5 1.093
BTC_6 1.240
BTC_7 1.234
BTC_8 1.250
CER_1 1.534
CER_2 1.254
CER-4 1.078
CER_6 1.327
CER_7 1.717
CER_9 1.658
CEP_2 1.247
CEP-3 1.087
CEP_4 1.199
CEP_5 1.166
AGI_1 1.261
AGI_2 1.089
AGI_3 1.155
AGI_5 1.165
AGI_7 1.136
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Indicator variables VIF
AGI_8 1.451
GCA_1 1.206
GCA_2 1.166
GCA_4 1.317
FP_1 1.232
FP_2 1.304
FP_3 1.206
FP_4 1.087
Appendix E
Discriminant Validity
BA BCM BTC ECR CEP AGI GCA FP FS Age Sector
BA 0.809
BCM 0.494 0.744
BTC 0.446 0.593 0.718
CER 0.102 0.092 0.125 0.732
CEP 0.109 0.082 0.158 0.608 0.731
AGI 0.157 0.185 0.114 0.592 0.52 0.720
GCA 0.136 0.072 0.084 0.638 0.672 0.556 0.746
FP 0.089 0.167 0.123 0.201 0.214 0.128 0.189 0.756
FS -0.09 —0.08 -0.10 0.076 0.054 0.012 0.101 0.023 0.665
Firm age 0.081 0.012 0.078 0.056 0.065 0.123 0.078 0.065 0.034 0.679
Sector 0.078 0.076 0.054 0.001 0.067 0.126 0.065 0.096 0.042 0.023 0.702
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