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Abstract

Purpose: This research develops a theoretical framework to understand the role of big data
analytics capability (BDAC) in enhancing supply chain sustainability and examines the
moderating effect of green supply chain management (GSCM) practices on this relationship.

Design/Methodology: Guided by the dynamic capability view (DCV), we formulated a theoretical
model and research hypotheses. Using partial-least-square-based structural equation modeling
(PLS-SEM), we analyzed data collected from 159 survey responses from Bangladeshi ready-made
garments (RMG).

Findings: The statistical analysis revealed that BDAC positively impacts all three dimensions of
supply chain sustainability: economic, social, and environmental. Additionally, GSCM practices
significantly moderate the relationship between BDAC and supply chain sustainability.

Value/Originality: This study advances the current understanding of supply chain sustainability
by integrating BDAC with GSCM practices. It is among the first to empirically investigate the
combined effects of BDAC on the three dimensions of sustainability—economic, social, and
environmental—while also exploring the moderating role of GSCM practices. By employing the
DCV, this research offers a robust theoretical framework that highlights the dynamic interplay
between technological and environmental capabilities in achieving sustainable supply chain
performance.

Implications: This study makes unique contributions to the operations and supply chain
management literature by providing empirical evidence and theoretical insights that extend beyond
the focus on single sustainability dimensions. The findings offer valuable guidelines for
policymakers and managers aiming to enhance supply chain sustainability through BDAC and
GSCM practices.

Keywords: Big data analytics capability (BDAC), dynamic capability view (DCV), sustainable
supply chain performance (SSCP), green supply chain management (GSCM).

Type: Research paper

1.0 Introduction

In recent years, the imperative for sustainability within supply chains (SCs) has grown
exponentially due to the significant environmental impacts of SC activities, including production,
distribution, transportation, and disposal (Bag et al., 2023; Yan et al., 2024). This urgency is driven
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by increasing global awareness and regulatory pressures, necessitating a shift towards sustainable
supply chain management (SSCM) (Le, 2023; Jum’a et al., 2024). SSCM seeks to integrate
sustainable practices into SC operations, aiming to balance economic, social, and environmental
performance (Cetindamar et al., 2022). By doing so, SSCM not only addresses environmental
challenges but also enhances corporate reputation, reduces costs, and meets regulatory
requirements. The pursuit of sustainable supply chain performance (SSCP) is now a critical goal
for organizations, particularly in emerging economies where the balance between industrial growth
and environmental stewardship is precarious (Naseer et al., 2023; Raj et al., 2023).

The triple bottom line (TBL) framework, which encompasses economic, social, and environmental
dimensions, serves as a cornerstone for understanding sustainability in SCs (Carter & Rogers,
2008). Unlike traditional SC management, which primarily focuses on financial outcomes, SSCM
emphasizes the need for a holistic approach that addresses broader sustainability issues (Yousefi
& Tosarkani, 2023). This paradigm shift highlights the importance of developing capabilities that
enable organizations to adapt and thrive in an increasingly complex and dynamic environment
(Huang et al., 2024).

With the advent of advanced technologies, big data analytics (BDA) has become a pivotal factor
in optimizing SC performance and achieving competitive advantages (Liu et al., 2023; Gopal et
al., 2024). Big data (BD), characterized by its volume, variety, velocity, veracity, and value,
generates vast amounts of information that can be leveraged through BDA (Rashid et al., 2024).
BDA enables firms to process vast amounts of data, uncover hidden patterns, and make data-driven
decisions that enhance operational efficiency (Morimura & Sakagawa, 2023). Studies show that
BDA positively impacts supply chain performance through enhanced resilience and innovation
(Arias-Pérez et al., 2022; Bahrami & Shokouhyar, 2022). Developing BDA capabilities (BDAC)
enables firms to execute algorithms faster with larger datasets, improving decision-making and
forecasting market preferences (Choi & Park, 2022). BDAC allows organizations to convert data
into actionable insights, enhancing SC performance and decision-making (Xu & Pero, 2023).
Prominent corporations like Walmart, Uber, Netflix, Google, Amazon, and Facebook have
leveraged BDA to benefit their SC functions (Belhadi et al., 2023). The implementation of BDA
in supply chains contributes to improved service supply chain innovation capabilities and overall
performance (Sahoo et al., 2023).

Despite the recognized potential of BDAC, there remains a gap in understanding how it influences
the three pillars of supply chain sustainability—economic, social, and environmental performance.
Though few scholars have looked into the impact of BDAC on a single dimension of SC
sustainability, empirical research on their impact across the three dimensions of sustainability is
lacking. For instance, some scholars have explored BDAC’s impact on environmental
sustainability (Dubey et al., 2019; Nisar et al., 2020; Zhu et al., 2022; Belhadi et al., 2023; Sahoo
et al., 2023), and others have examined its relationship with economic performance (Dubey et al.,
2020; Arias-Pérez et al., 2022; Bahrami, & Shokouhyar, 2022; Behl, 2022; Morimura &
Sakagawa, 2023; Gopal et al., 2024), however, comprehensive studies on BDAC’s combined
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effects on all three dimensions are limited. To address this gap, we pose our first research question
(RQI):
RQI1: What are the impacts of BDAC on the three dimensions of supply chain sustainability?

Boyd et al. (2012) assert that models analyzing direct effects are crucial but insufficient for
understanding real-world complexities. Research indicates that BDAC performance depends on
various contextual factors (Dubey et al., 2019; Tipu & Fantazy, 2023; Yamin, 2024). Thus, we
explore conditions that enhance BDAC effectiveness. Green supply chain management (GSCM)
practices have been widely used as a significant influencing element in SC and operations
management literature (Sarkis et al., 2011; Khan et al., 2023; Rahman et al., 2023). Sahoo et al.
(2023) highlight the importance of selecting appropriate practices for a competitive edge in SCM.
Behl et al. (2024) note that GSCM practices can reduce carbon footprints, waste, and hazardous
substances in manufacturing, thereby contributing to sustainability. Rashid et al. (2024) suggest
that GSCM can enhance technological solutions’ effectiveness. Therefore, we propose that GSCM
practices may moderate BDAC’s impact on SSCP. However, empirical studies on this moderating
role are lacking. Thus, we pose our second research question (RQ2):

RQ?2: What are the moderating effects of GSCM on the links between BDAC and SSCP?

To explore BDAC’s influence on the three sustainability aspects, we develop a theoretical
framework based on the dynamic capability view (DCV). The DCV emphasizes firms’ adaptation,
integration, and reconfiguration of internal and external competencies, such as BDA and GSCM,
to achieve sustained competitive advantage and supply chain sustainability (Teece, 2007). Using
a survey-based questionnaire, we collected 159 responses from the Bangladesh ready-made
garments (RMG) industry. Our findings enrich the BDAC literature by integrating the DCV to
explain how BDAC and GSCM jointly contribute to SC sustainability. Additionally, it provides a
nuanced understanding of contextual conditions that enhance BDAC’s effectiveness in achieving
sustainability goals. Practitioners can leverage these insights to strategically implement BDAC
and GSCM practices, improving operational efficiency and environmental performance.

Our document is structured as follows: Section 2 presents the research background and theoretical
foundations. Section 3 discusses theoretical model development. Section 4 covers the research
methodology, including sample selection, data collection, and non-response bias. Section 5 details
the data analysis and results. Section 6 discusses overall findings and future research directions.

2.0 Theoretical background
2.1 DCV
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DCV is an extension of the resource-based view (RBV) theory, addressing criticisms that RBV
often fails to explain how and under what conditions resources can grant competitive advantages
(Eisenhardt & Martin, 2000). DCV provides insights into how organizations can achieve
competitive advantages in evolving environments by integrating, reorganizing, and developing
internal and external capabilities (Teece et al., 1997; Ghasemzadeh et al., 2022). According to
Teece et al. (1997), dynamic capabilities are defined as a company’s ability to adapt to rapidly
changing environments by sensing opportunities and threats, seizing opportunities, and
transforming resources to maintain a competitive edge.

Dynamic capabilities encompass three primary dimensions: sensing, seizing, and transforming.
Sensing involves identifying and assessing opportunities and threats in the market. Seizing refers
to mobilizing resources to capture opportunities and mitigate threats. Transforming entails
reconfiguring and realigning resources to sustain competitiveness (Teece, 2007).

In this context, BDAC is regarded as a dynamic capability that enables organizations to reconfigure
firm-level resources in response to evolving market conditions and technological advancements
(Dubey et al., 2019; Bahrami & Shokouhyar, 2022; Sahoo et al., 2023). By effectively processing,
analyzing, and visualizing data, BDAC provides valuable insights that enhance decision-making,
planning, and execution (Xu & Pero, 2023). Moreover, BDAC fosters a culture of innovation and
learning by allowing organizations to experiment with various analytical techniques and
continuously refine their processes (Belhadi et al., 2023).

Given these arguments, DCV serves as an appropriate theoretical lens for understanding the role
of BDAC in achieving business competitiveness in dynamic environments. In this study, we argue
that by leveraging BDAC as a dynamic capability, organizations can remain agile, competitive,
and resilient, ultimately contributing to SSCP.

2.2 BDAC

As businesses have become more technologically advanced, their SCs generate vast amounts of
data (Cheng et al., 2023; Riggs et al., 2023). Jum’a et al. (2024) highlight that big data serves as a
novel method for organizing and analyzing this information, providing valuable insights for SC
participants. Belhadi et al. (2023) define big data as extensive, diverse observational data that
supports various decision-making processes. While almost all firms now have access to big data,
traditional methods often fall short of effectively analyzing and deriving meaningful conclusions
from such large datasets (Bagherpasandi et al., 2024). To address this, organizations require real-
time capabilities that can handle larger and more complex data sets, leading to commercial
benefits. This necessitates the development of new data architectures, analytical techniques, and
tools (Bag et al., 2023).

Researchers have acknowledged that the success of big data projects depends not just on data
availability, analytical tools, and process utilization but on a broader range of factors (Bahrami &
Shokouhyar, 2022; Ma & Chang, 2024). To capture this complexity, the concept of big BDAC
was introduced (Rashid et al., 2024). BDAC is generally defined as an organization’s ability to
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effectively leverage data management, infrastructure, and talent to derive actionable insights,
transforming the business into a competitive force (Riggs et al., 2023). With BDAC, organizations
can process, analyze, and visualize data, thereby improving planning, decision-making, and
mission execution (Shi et al., 2023; Gupta et al., 2024).

Nisar et al. (2023) assert that applying BDAC in supply chains can mitigate various organizational
uncertainties, such as those related to capacity, supplier availability, and customer demands.
Moreover, BDAC can foster process-oriented dynamic capabilities within organizations, leading
to enhanced firm performance. By adopting a holistic view of BDAC that encompasses all relevant
organizational resources, firms can maximize the strategic value of big data, gaining a sustainable
competitive advantage in today’s data-driven business environment (Jum’a et al., 2024).

2.3 GSCM

In recent years, there has been a growing emphasis on integrating environmental sustainability into
SCM, giving rise to the concept of GSCM. GSCM refers to the incorporation of eco-friendly
practices in supply chain operations, encompassing procurement, production, distribution, and
end-of-life management (Feng et al., 2022). This approach aims to minimize the environmental
footprint of SCs by reducing waste, emissions, and energy consumption while enhancing resource
efficiency and sustainability (Sarkis et al., 2011).

GSCM practices include a wide range of activities such as green procurement, eco-design, reverse
logistics, and sustainable packaging (Behl et al., 2024). Green procurement involves selecting
suppliers based on their environmental performance and encouraging them to adopt sustainable
practices. Eco-design focuses on creating products that have minimal environmental impact
throughout their lifecycle, from raw material extraction to disposal. Reverse logistics involves the
process of reclaiming products for reuse, recycling, or proper disposal, thereby reducing waste and
conserving resources. Sustainable packaging aims to use materials that are recyclable or
biodegradable, reducing the environmental burden of packaging waste (Sarkis et al., 2011; Behl et
al., 2024).

The adoption of GSCM practices is driven by various factors, including regulatory pressures,
stakeholder expectations, and the desire for competitive advantage (Karmaker et al., 2023).
Governments worldwide have implemented stringent environmental regulations that compel
organizations to adopt sustainable practices. Additionally, consumers and other stakeholders are
increasingly demanding environmentally responsible products and practices, prompting
companies to integrate sustainability into their SC strategies (Akram et al., 2024). Firms that
successfully implement GSCM can achieve significant benefits such as cost savings, improved
brand image, and enhanced compliance with environmental standards (Dzikriansyah et al., 2023;
Balkumar et al., 2024).

Moreover, GSCM can significantly influence SC sustainability by integrating the TBL principles,
which focus on economic, social, and environmental performance (Huang et al., 2024). By
reducing environmental impact and promoting social responsibility, GSCM helps organizations
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achieve a balanced approach to sustainability, which is essential for long-term success and
resilience in the competitive market (Khan et al., 2023). In conclusion, GSCM represents a
strategic approach to achieving SC sustainability by integrating environmental considerations into
SCM. The adoption of green practices not only helps organizations comply with regulatory
requirements and meet stakeholder expectations but also provides a competitive edge by enhancing
operational efficiency and brand reputation (Hunag et al., 2024).

2.4 SSCP

SSCP is an integral concept in contemporary SCM, emphasizing the need for a holistic approach
that balances economic, social, and environmental performance. The TBL framework underpins
SSCP, advocating that businesses should not only focus on profitability but also consider their
social and environmental responsibilities (Elkington, 1998). The pursuit of SSCP is becoming
increasingly critical as organizations strive to meet the demands of various stakeholders, including
customers, regulators, and the broader community, while also ensuring long-term sustainability
and competitiveness (Yousefi & Tosarkani, 2023).

2.4.1 Economic Performance

The economic dimension of SSCP pertains to the financial health and efficiency of SC operations.
This includes cost reduction, improved profitability, and value creation throughout the SC
(Cetindamar et al., 2022). Effective SC management practices can lead to significant economic
benefits by optimizing resource utilization, enhancing operational efficiency, and reducing waste.
Economic sustainability in supply chains ensures long-term financial viability and competitive
advantage, which is crucial for organizational success in a dynamic market environment (Khan et
al., 2023; Huang et al., 2024).

2.4.2 Social Performance

The social dimension of SSCP focuses on the impact of SC activities on various stakeholders,
including employees, communities, and customers. It encompasses aspects such as labor practices,
human rights, community engagement, and customer satisfaction (Karmaker et al., 2023).
Ensuring fair labor practices, promoting diversity and inclusion, and engaging in ethical sourcing
are key components of social sustainability. By addressing social concerns, organizations can build
stronger relationships with stakeholders, enhance brand reputation, and foster customer loyalty,
which is essential for sustainable business operations (Dubey et al., 2019; Saha et al., 2023).

2.4.3 Environmental Performance

The environmental dimension of SSCP involves minimizing the ecological footprint of SC
activities. This includes reducing resource consumption, waste, and emissions throughout the SC
(Nisar et al., 2020). Environmental sustainability practices in supply chains often involve adopting
green technologies, implementing energy-efficient processes, and promoting the circular
economy. By integrating environmental considerations into SCM, organizations can mitigate
environmental risks, comply with regulatory requirements, and contribute to global sustainability
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goals (Zhu et al., 2022; Sahoo et al., 2023). This not only enhances environmental performance
but also drives innovation and operational efficiencies (Gallo et al., 2023).

3.0 Theoretical Framework and Hypothesis

The DCV constitutes the basis of our theoretical framework (Figure 1). Drawing on the DCV
theory, this study posits that BDAC serves as a critical dynamic capability, enabling firms to
reconfigure their resources and processes in response to evolving market conditions and
technological advancements (Dubey et al., 2019; Bahrami & Shokouhyar, 2022). BDAC allows
organizations to effectively process, analyze, and utilize vast amounts of data, which can enhance
their economic, social, and environmental performance—key dimensions of SSCP (Dubey et al.,
2020; Riggs et al., 2023). Additionally, GSCM practices are hypothesized to play a moderating
role in this relationship. By integrating environmental considerations into supply chain operations,
we argue that GSCM practices can amplify the positive impact of BDAC on SSCP. This
integration is theorized to enhance the firm’s ability to achieve sustainability goals, comply with
regulatory requirements, and meet stakeholder expectations, thereby ensuring long-term
competitiveness and resilience.

3.1 Impact of BDAC on Economic Performance

In the contemporary business environment, maintaining profitability is paramount for the long-
term survival and competitiveness of firms (Jeble et al., 2018). Economic performance (ECOP) is
typically assessed through indicators such as profitability, competitiveness, cost reduction, and
brand equity (Behl, 2022). The existing literature underscores the significant role of BDAC in
enhancing ECOP. Bag et al. (2023) state that effective BDAC enables firms to optimize resource
allocation, reduce costs, and improve overall profitability through better demand forecasting,
inventory management, and production planning. Furthermore, Morimura and Sakagawa (2023)
argue that BDAC provides real-time insights into market trends and consumer behavior, allowing
for more informed and timely decisions that drive economic benefits. Additionally, BDAC
supports the development of predictive analytics, which can anticipate market fluctuations and
optimize pricing strategies (Dubey et al., 2020). From the DCV perspective, BDAC can be seen
as a dynamic capability that allows firms to reconfigure their resources and processes to adapt to
changing market conditions and achieve superior ECOP (Bahrami & Shokouhyar, 2022; Sahoo et
al., 2023). Therefore, we hypothesize:

H1: BDAC has a positive impact on ECOP
3.2 Impact of BDAC on Social Performance

In today’s socially conscious business environment, organizations are increasingly expected to go
beyond economic success and demonstrate a commitment to social responsibility. Ensuring
positive social performance (SP) is crucial for firms to maintain strong stakeholder relationships
and foster customer loyalty (Choi & Park, 2022). BDAC can significantly enhance SP by enabling
firms to analyze extensive data related to employee welfare, working conditions, and community
impact (Dubey et al., 2019). Choi and Park (2022) argue that BDAC facilitates better labor
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practices and more ethical sourcing decisions, ensuring compliance with social standards and
regulations. Moreover, BDAC allows organizations to monitor real-time customer feedback and
preferences, leading to enhanced customer satisfaction and loyalty through tailored products and
services (Jeble et al., 2018). Through the DCV lens, BDAC helps firms sense social trends and
stakeholder needs, seize opportunities to improve social impact, and transform organizational
practices to align with social sustainability goals (Dubey et al., 2019; Bahrami & Shokouhyar,
2022). Therefore, we hypothesize:

H2: BDAC has a positive impact on SP
3.3 Impact of BDAC on Environmental Performance

The increasing visibility of global warming effects, driven by carbon emissions, has spurred
discussions on environmental concerns from local government bodies to international forums such
as the United Nations. As a result, businesses face growing pressure to operate sustainably and
comply with regulatory requirements (Rashid et al.,, 2024). Achieving high environmental
performance (EP) is essential for firms to reduce their ecological footprint and contribute to global
sustainability goals. Scholars widely highlight the critical role of BDAC in achieving EP. Sahoo
et al. (2023) argue that BDAC can enhance EP by enabling firms to adopt data-driven approaches
for environmental management. BDAC allows for the monitoring and optimization of energy use,
waste management, and emission control through advanced analytics and real-time data processing
(Nisar et al., 2020). From the DCV perspective, BDAC provides the dynamic capability to sense
environmental challenges, seize opportunities for green innovation, and transform organizational
processes to achieve sustainable environmental outcomes (Dubey et al., 2019). By integrating
BDAC into their environmental strategies, firms can enhance their ecological performance,
comply with environmental standards, and drive innovation for sustainability (Bag et al., 2023;
Gallo et al., 2023). Therefore, we hypothesize:

H3: BDAC has a positive impact on EP
3.4 Moderating Effect of GSCM

BDAC provides valuable insights through the processing of vast amounts of data from various
sources, thereby enabling better decision-making and strategic planning (Sahoo et al., 2023;
Fantazy & Tipu, 2024). Nisar et al. (2023) note that organizations need to implement sustainable
practices to effectively leverage the insights gained from BDAC for achieving sustainable
advantages. Karmaker et al. (2023) report that the integration of GSCM with data-driven
technologies can enable organizations to utilize data-driven insights to optimize resource
allocation, improve operational efficiency, and reduce costs, thereby enhancing ECOP. Similarly,
GSCM practices foster ethical sourcing, fair labor practices, and community engagement, which,
when combined with BDAC insights, can significantly enhance SP by building stronger
relationships with stakeholders and enhancing brand reputation (Rashid et al., 2024). Furthermore,
GSCM practices focus on reducing the environmental impact of SC activities (Feng et al., 2022).
By utilizing BDAC, firms can identify inefficiencies and adopt green technologies, energy-

Page 8 of 90



Page 9 of 90

oNOYTULT D WN =

Benchmarking: an International Journal

efficient processes, and circular economy models, thereby improving EP (Cheng et al., 2023).
Thus, we posit that organizations with strong GSCM practices can more effectively utilize the
insights provided by BDAC to achieve SSCP. Therefore, we hypothesize:

H4a: GSCM positively moderates the link between BDAC and ECOP
H4b: GSCM positively moderates the link between BDAC and SP
H4c: GSCM positively moderates the link between BDAC and EP.
The theoretical model is presented in Figure 1.
4.0 Research Methodology

This study employs a two-stage mixed methodology, which has proven effective in previous
research (Schilke, 2014; Dubey et al., 2019). The first stage involves developing survey
instruments with measurement items extracted from the existing literature, followed by pre-testing
with scholars to ensure validity and reliability. In the second stage, a cross-sectional survey was
conducted to collect data from diverse sample respondents within the Bangladeshi RMG sector.

Economic
Performance
(ECOP)

Social Performance
(SP)

Environmental
Performance (EP)

Control Variable

Big Data Analytics
Capability (BDAC)

Green Supply
Chain Management
(GSCM) Practices

Firm Size (FS)

EEm— Direct Impact

ffffffffffff >  Moderating Impact

Figure 1. Theoretical Model
4.1 Survey Instrument Development

A survey-based questionnaire was developed to test the proposed model. Measurement items for
each construct were sourced from previous relevant literature, with adjustments made to align the
items with the context of BDAC. All constructs, both exogenous and endogenous, were
operationalized as reflective constructs (see Table I). The survey questionnaire was pre-tested with
three experienced academic scholars specializing in data analytics and sustainability performance.
They evaluated the questionnaire for the suitability of the measurements, clarity of the questions,
and potential ambiguities (DeVellis, 1991). Based on their feedback, adjustments were made to
enhance the questionnaire’s effectiveness and alignment with the model requirements. All
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measuring scales utilized a seven-point Likert scale, ranging from “1 = strongly disagree” to “7 =
strongly agree.”

To control for potential variations in resources, capabilities, and organizational structures, firm
size (FS) was included as a control variable. Larger firms may possess more advanced
technological infrastructures and greater financial capacity to implement SC management
practices, which could skew results if not controlled (Dubey et al., 2019). Firm size was
categorized based on the number of employees: firms with <500 employees were classified as
small, and firms with >500 employees were classified as large.

4.2 Data Collection

Data were collected using a cross-sectional survey from firms registered with the Bangladesh
Garment Manufacturers and Exporters Association (BGMEA). The Bangladeshi RMG sector was
selected due to its significant global presence and its impact on both economic development and
sustainability challenges. As one of the largest apparel exporters worldwide, Bangladesh’s RMG
industry faces pressing issues related to SC sustainability (Saha et al., 2024), making it an ideal
context to explore the role of BDAC and the moderating influence of GSCM.

The organizational unit served as our unit of analysis, and the survey was designed for a single
respondent. To ensure a representative sample, we employed a simple random sampling technique
(Dillman, 2011). The BGMEA database, which includes detailed information on registered RMG
firms, served as our sampling frame. A total of 760 firms were selected from this database to
participate in the study. The selection process aimed to cover a diverse range of firms in terms of
size, market presence, and commitment to integrating technological innovations with sustainable
practices. Senior supply chain executives (e.g., purchasing managers, inventory managers,
materials managers, procurement managers, sourcing managers, distribution managers, supply
chain managers, logistics managers, planning managers, and directors of operations) were targeted
as respondents. These individuals were chosen due to their comprehensive knowledge and
expertise in SC management practices, information flow, and the adoption of data-driven
technologies.

Questionnaires were e-mailed to the selected respondents through Google Forms. To enhance the
response rate, we followed up with multiple reminders, typically three times. In total, we received
159 comprehensive and usable responses, resulting in a response rate of 20.92%. This response
rate is deemed sufficient for PLS-SEM analysis (Dubey et al., 2020; Saha et al., 2023). We ensured
the eligibility of respondents by excluding participants who were not from the RMG sector or
lacked relevant experience. Additionally, incomplete responses were not included in the analysis.
The sampling and response details are presented in Table II.
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Construct

Type

Measures

Sources

Big data
analytics
capability

(BDAC)

Reflective

We employ data visualization methods for
comprehending intricate information
extracted from data
(BDAC1)

extensive sources

We utilize advanced analytical tools (such as
optimization, regression, or simulation) to
analyze data (BDAC2)

We integrate data from multiple sources
(including company reports and social media)
for comprehensive data analysis (BDAC3)

(Dubey et al.,
2019; Bahrami &
Shokouhyar,
2022; Fantazy &
Tipu, 2024)

Green supply
chain
management
(GSCM)

Reflective

Our firm invests in technologies that enhance
energy efficiency across the SC (GSCM1)

Our firm implements strategies for recycling,
reusing, and safe disposal of products at the
end of their lifecycle (GSCM2)

Our firm conducts regular audits to ensure
compliance with environmental standards and
regulations (GSCM3)

(Karmaker et al.,
2023; Behl et al.,
2024; Huang et
al., 2024)

Economic
Performance
(ECOP)

Reflective

Our firm achieves higher gross profit margins
by decreasing materials purchasing costs
(ECOP1)

Our firm enhances net income margins by
reducing energy consumption expenses
(ECOP2)

Our firm increases operational efficiency by
optimizing logistics and transportation costs
(ECOP3)

Our
minimizing fees
discharge (ECOP4)

firm improves cost-efficiency by

associated with waste

(Jeble et al.,
2018; Jum’a et
al., 2024)

Social
Performance
(SP)

Reflective

Our firm believes in gender equality (SP1)

Our firm places significant emphasis on
employee safety and occupational health
(SP2)

Our firm adheres to international labor
standards and conventions (SP3)

(Jeble et al.,
2018; Jum’a et
al., 2024)
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Environmental | Reflective | Our firm has implemented measures to reduce | (Jeble et al.,

Performance air emissions (EP1) 2018; Jum’a et
(EP) Our firm has adopted practices for recycling | al., 2024)
wastewater (EP2)

Our firm has taken steps to prevent the
discharge of solid waste (EP3)

4.3 Non-response Bias

Given the survey-based data collection process, we checked for non-response bias following
Armstrong and Overton’s (1977) guidelines. Collected data were categorized into early and late
responses, as early respondents are thought to have greater interest in and understanding of the
topic. Then, we conducted a t-test following Armstrong and Overton’s (1977) recommendations
and found no statistically significant difference between early and late responses. As bias did not
influence our research, the two data sets were merged to test our model.

Table I1. An overview of the sampling

Criteria Genre Number Responses rate
Gender Male 125 78.61%
Female 34 21.39%
Firm size Small (<500 employees) 24 15.09%
Large (500-5000 employees) 135 84.91%
Experience 6-11 years 91 57.23%
12-16 years 56 35.23%
17-24 years 12 07.54%
Designation Director of Operations 38 23.91%
Planning Manager 12 07.54%
Procurement Manager 17 10.69%
Materials Manager 9 05.66%
Supply Chain Manager 58 36.48%
Logistics Manager 18 11.32%
Other Manager 7 04.40%

5.0 Data Analysis and Result

To test our theoretical model, we employed WarpPLS 8.0 software, which utilizes the partial least
squares-based structural equation modeling (PLS-SEM) technique (Kock, 2019). PLS-SEM is
particularly suited for our study due to its predictive orientation (Peng & Lai, 2012) and its ability
to handle complex models with smaller sample sizes effectively (Hair et al., 2016). Besides, PLS-
SEM is robust to non-normal data distributions and does not require strict assumptions about the
underlying data distribution, enhancing its applicability across diverse research domains (Peng &
Lai, 2012; Dubey et al., 2020). Furthermore, PLS-SEM allows for the simultaneous evaluation of
both measurement and structural models. This dual capability is a powerful tool for theory
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development and hypothesis testing, enabling us to rigorously assess the predictive accuracy of
our independent latent variables (Henseler et al., 2015). Unlike covariance-based SEM (CB-SEM),
PLS-SEM considers measurement errors, thus providing more accurate and reliable results (Dubey
et al., 2020; Kock, 2019). Therefore, by employing WarpPLS 8.0, we aim to leverage these
strengths to comprehensively evaluate the relationships and hypotheses proposed in our study,
ensuring robust and reliable results.

5.1 Measurement Model

We used confirmatory factor analysis (CFA) to assess the convergent and discriminant validity of
our measurement model. Following Fornell and Larcker’s (1981) recommendations, we reported
composite reliability (SCR) values, factor loadings for each measurement item (A), and the average
variance extracted (AVE) values (Table III). As shown in Table III, all factor loadings for the
measurement items exceed the threshold limit of 0.5 and the SCR and AVE values also surpass
their respective cut-off points (i.e., SCR > 0.7, AVE > 0.5), suggesting high convergent validity of
our constructs (Fornell & Larcker, 1981). We further calculated Cronbach’s alpha (o) values for
each construct to evaluate the reliability of our measurement model (Table III). All a values were
above the acceptable threshold of 0.7, confirming the high internal consistency and reliability of
the constructs (Hair et al., 2017).

Table II1. Convergent validity test (SCR, Cronbach’s Alpha (o) and AVE)

Construct Items Factor loadings | Variance Error SCR AVE
) ) (1-A%)

Big Data Analytics | BDACI1 | 0.95 0.90 0.10

Capability (BDAC) | BDAC2 | 0.96 0.92 0.08 0.97 0.91

(0=0.947) BDAC3 | 0.94 0.88 0.12

Green supply chain | GSCMI1 | 0.88 0.77 0.23

management GSCM2 | 0.87 0.76 0.24 0.90 0.76

(GSCM) (0=0.840) | GSCM3 | 0.86 0.74 0.26

Economic ECOP1 | 0.83 0.69 0.31

Performance ECOP2 | 0.77 0.59 0.41 0.88 0.65

(ECOP) (0=0.822) | ECOP3 | 0.80 0.64 0.36 ) ’
ECOP4 | 0.82 0.67 0.33

Social Performance | SP1 0.80 0.64 0.36

(SP) (0=0.727) SP2 0.83 0.69 0.31 0.85 0.65
SP3 0.78 0.61 0.39

Environmental EP1 0.82 0.67 0.33

Performance (EP) | EP2 0.88 0.77 0.23 0.85 0.66

(0=0.735) EP3 0.72 0.52 0.48

Then, we tested the discriminant validity following Fornell and Larcker’s (1981) suggestions
(Table IV). Fornell and Larcker (1981) stated that a construct shows higher discriminant validity
if its square root of AVE is greater than all other constructs’ correlation values. Table IV indicates
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that all the square root values of AVE meet the required condition, which provides significant
evidence of the discriminant validity of the constructs.

Table IV. Discriminant Validity Test

BDAC GSCM SP EP ECOP
BDAC 0.95
GSCM 0.09 0.87
SP 0.44 0.02 0.80
EP 0.48 0.10 0.56 0.81
ECOP 0.48 0.11 0.55 0.66 0.81

Note: Italic represents the root-square of AVE of a construct

5.2 Common Method Bias (CMB)

Survey-based data may be subject to common method biases (CMB) due to consistency in
responses and implicit social desirability (Podsakoff et al., 2003). Recognizing potential biases in
data obtained from a single source utilizing a survey-based instrument, as noted by Ketokivi and
Schroeder (2004), we conducted two tests to assess CMB. Firstly, we performed Harman’s single-
factor test, following Kock’s (2015) guidelines. The analysis revealed that only 37.56% of the total
variance could be attributed to a single factor. Kock (2015) suggested that if the explanatory power
of the single construct of the total variance is more than 50%, then it indicates the presence of
CMB in the dataset. Thus, CMB is not a major concern in our dataset. Secondly, we conducted the
full collinearity test to evaluate vertical and lateral collinearity, generating variance inflation
factors (VIFs) for all latent variables using WarpPLS (Kock, 2017). A VIF greater than 3.3
suggests pathological collinearity and potential CMB contamination (Kock, 2017). All VIF values
in our analysis were below 3.3, indicating negligible CMB impact.

Furthermore, we checked causality issues before proceeding to the hypothesis testing. We
analyzed four indices: Simpson’s paradox ratio (SPR), R-squared contribution ratio (RSCR),
Statistical suppression ratio (SSR), and Nonlinear bivariate causality direction ratio (NLBCDR)
(Table V), following Kock’s (2022) suggestions. In our analysis, the NLBCDR value is found to
be 0.833, which is above its cut-off value of 0.7 (Kock, 2022). Table V demonstrates that other
indices are also in the allowable range, indicating that causality is not a significant concern in our
study.

Table V. Causality Assessment Indices

Indices Values
SPR 1.000, acceptable if >= 0.7
RSCR 1.000, acceptable if >= 0.9
SSR 1.000, acceptable if >= 0.7
NLBCDR 0.833, acceptable if >= (.7
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5.3 Hypothesis Testing

Our study hypotheses have been tested by PLS-SEM (WarpPLS 8.0). The PLS utilizes a
bootstrapping technique to determine the standard errors and significance of parameter estimations
(Chin, 1998). Table VI presents the results of the structural path analysis obtained from the PLS
algorithm, showing standardized path coefficients () and corresponding p-values. For instance, 3
=0.50, p < 0.01, indicates strong support for HI (BDAC—ECOP), demonstrating that BDAC is
a strong predictor of the ECOP. Similarly, H2 (BDAC—SP) (B = 0.45, p < 0.01) and H3
(BDAC—EP) (B=0.49, p <0.01) are statistically significant at the 0.01 level. Next, we evaluated
the moderation effect of GSCM on the paths joining BDAC and EP (H4a), BDAC and SP (H4b),
and BDAC and ECOP (H4c). The results show that all the moderation impacts of GSCM (H4a,
H4b, and H4c) are significant at the 0.05 level (Table VI). We also assessed the impact of the
control variable, firm size (FS), on our model. However, FS was not found to have a significant
impact on the endogenous variables.

Table VI. Structural Estimates

Hypothesis Effect of Effect on B p-value Results

Hl BDAC ECOP 0.50 <.01 Supported

H2 BDAC SP 0.45 <.01 Supported

H3 BDAC EP 0.49 <.01 Supported

H4a GSCM BDAC-ECOP 0.15 <.05 Supported

H4b GSCM BDAC-SP 0.17 <.05 Supported

H4c GSCM BDAC-EP 0.25 <.05 Supported
control variables FS ECOP 0.02 0.39 Not significant
FS SP 0.03 0.35 Not significant
FS EP 0.07 0.18 Not significant

We then assessed the explanatory power of our model by estimating the R? values of the
endogenous variables. The R? values for ECOP, SP, and EP are 0.27, 0.22, and 0.26, respectively
(Table VII), indicating moderately strong explanatory power (Chin, 1998). We also determined
the f2 values to analyze the effect size of BDAC on ECOP, SP, and EP (Cohen, 1988). The effect
sizes are 0.249, 0.200, and 0.236 (Table VII), respectively, indicating large effect sizes (Cohen,
1988). Furthermore, we calculated Stone-Geisser’s Q? values to evaluate the predictive capability
of our model. We found the Q? values for ECOP, SP, and EP are 0.229, 0.261, and 0.276,
respectively (Table VII), suggesting the allowable predictive relevance (Peng & Lai, 2012).

Table VII. Coefficient of variation (R?), predictability (Q?) and effect size (f°)

Construct R? Q? / in relation to BDAC
ECOP 0.27 0.229 0.249
SP 0.22 0.261 0.200
EP 0.25 0.276 0.236
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5.4 Model Fit and Indices

We calculated the average path coefficient (APC), average R-squared (ARS), and Average block
VIF (AVIF) to check the fitness and quality of our model (Kock, 2011; Behl et al., 2022). All the
values were found to be in the allowable range (Table VIII). The AVIF value below 3.3 indicates
the absence of multicollinearity issues in the dataset (Kock, 2011). We also calculated Tenenhaus
GoF to measure the goodness of fit, following the suggestions of Tenenhaus et al. (2005).
Tenenhaus GoF is found to be 0.449, which is considered medium (Tenenhaus et al., 2005). Based
on these findings, we can conclude that our model fits our data well.

Table VIII. Model Fitness and quality indices parameter

Fitness and quality indices Values
Average path coefficient (APC) 0.226 (P<0.001)
Average R-squared (ARS) 0.251 (P<0.001)
Average block VIF (AVIF) 1.007 (acceptable if <=5, ideally <= 3.3)
Tenenhaus GoF 0.449 (small >= 0.1, medium >= 0.25, large >= 0.36)

6.0 Discussion

The results of this study provide significant insights into the relationships among BDAC, GSCM
practices, and SC sustainability across economic, social, and environmental dimensions. The
findings indicate that BDAC positively influences SC sustainability, addressing our first RQ.
Specifically, BDAC was found to be a strong predictor of economic (f = 0.50, p <0.01), social (B
=0.45, p <0.01), and environmental performance ( = 0.49, p < 0.01). This outcome aligns with
existing literature, which has consistently highlighted the transformative potential of BDA in SC
management. For instance, Dubey et al. (2024) and Li et al. (2024) note that BDAC enables firms
to process vast amounts of data, leading to improved decision-making, enhanced operational
efficiency, and greater agility in responding to market changes. Our study not only confirms these
findings but also extends them by empirically validating the positive impact of BDAC on all three
dimensions of the TBL. While previous studies have often focused on individual aspects of
sustainability, such as economic or environmental performance (Zhu et al., 2022; Morimura &
Sakagawa, 2023; Gopal et al., 2024), our research offers a more comprehensive view by examining
the combined effects of BDAC across economic, social, and environmental dimensions
simultaneously.

Economically, our findings support earlier work by Chong et al. (2023), who highlighted the role
of BDAC in optimizing inventory levels, reducing costs, and improving demand forecasting
accuracy, which, in turn, enhances financial performance. However, our study contributes to the
literature by demonstrating that BDAC’s economic benefits also have a cascading effect on social
and environmental performance. Socially, our results resonate with the findings of Dubey et al.
(2019), who argued that BDAC enhances transparency and traceability in SC, improving labor
practices and ensuring compliance with social standards. Yet, our study goes further by showing
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that these social improvements are also linked to broader supply chain sustainability goals.
Environmentally, the positive influence of BDAC on sustainability is consistent with Sahoo et al.
(2023), who noted its role in supporting sustainable practices such as monitoring and reducing
carbon footprints, managing waste more effectively, and optimizing resource use.

The moderating role of GSCM practices was also confirmed, addressing our second RQ. The
moderation effects of GSCM on the relationships between BDAC and ECOP (H4a), SP (H4b),
and EP (H4c) were significant at the 0.05 level. This finding is consistent with the DCV, which
posits that firms can achieve sustained competitive advantage through the integration and
reconfiguration of internal and external competencies (Teece et al., 1997; Ghasemzadeh et al.,
2022; Tipu & Fantazy, 2023). While prior studies, such as those by Dzikriansyah et al. (2023) and
Huang et al. (2024), have explored the individual impacts of GSCM on sustainability, our research
extends this body of work by illustrating how GSCM practices enhance the effectiveness of BDAC
in achieving sustainability across multiple dimensions. This integrated approach provides new
insights into how firms can leverage dynamic capabilities to navigate complex sustainability
challenges.

The DCV emphasizes that it is not just the possession of resources like BDAC that leads to
competitive advantage but how firms dynamically integrate, build, and reconfigure these resources
in response to changing environments. In this context, GSCM practices serve as complementary
capabilities that, when combined with BDAC, enhance a firm’s ability to adapt and respond to
environmental pressures and opportunities. This synergy between BDAC and GSCM practices
highlights a critical extension of the DCV framework, suggesting that the dynamic reconfiguration
of technological and operational capabilities is key to achieving and sustaining competitive
advantage in today’s rapidly evolving market. For example, Teece (2007) highlights that dynamic
capabilities enable firms to create, extend, and modify their resource base to address rapidly
changing environments. Our findings suggest that by integrating BDAC with GSCM practices,
firms are better positioned to reconfigure their operations to achieve higher levels of sustainability.
BDAC provides the technological capabilities to analyze and utilize data for better decision-
making, while GSCM practices offer the procedural and operational changes needed to implement
sustainable practices. This combination allows firms to continuously adapt their supply chain
strategies, processes, and practices to meet sustainability goals, thus achieving a sustained
competitive advantage.

6.1 Theoretical Implications

This study makes several theoretical contributions to the fields of DCV, BDAC, GSCM, and
supply chain sustainability, advancing the understanding of how these constructs interact to shape
sustainable SC outcomes. First, this research extends the DCV by demonstrating the synergistic
effects of integrating BDAC with GSCM practices to achieve SC sustainability. While the DCV
traditionally emphasizes a firm’s ability to integrate, build, and reconfigure internal and external
competencies in response to environmental changes (Teece, 2007), this study breaks new ground
by empirically illustrating how the combination of BDAC and GSCM creates a dynamic interplay
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that enhances a firm’s adaptability and sustainability performance. Previous studies have examined
BDAC and GSCM independently (Jeble et al., 2018; Huang et al., 2024), but the interaction
between these capabilities within the DCV framework has remained underexplored. By showing
how BDAC and GSCM jointly contribute to sustainability across economic, social, and
environmental dimensions, this study enriches the DCV by highlighting the importance of
integrating complementary capabilities to achieve sustained competitive advantage in an era
increasingly defined by sustainability challenges.

Second, the study empirically validates the positive impact of BDAC on the three dimensions of
supply chain sustainability—economic, social, and environmental performance—within the
context of the TBL framework. This finding not only corroborates existing research that
emphasizes the role of BDAC in enhancing operational efficiency and resilience (e.g., Dubey et
al., 2020; Liu et al., 2023) but also extends this body of literature by demonstrating the broad
applicability of BDAC across multiple dimensions of sustainability. By adopting a comprehensive
TBL perspective, this study addresses the call for research that moves beyond the economic
benefits of BDAC to explore its role in achieving balanced economic, social, and environmental
objectives in SC management.

Third, the study highlights the moderating role of GSCM practices in enhancing the impact of
BDAC on SC sustainability. This insight contributes to the literature on SSCM by underscoring
the necessity of integrating green practices into data-driven decision-making processes. While
prior research has largely focused on the independent effects of GSCM on sustainability
(Dzikriansyah et al., 2023; Hejazi et al., 2023), this study reveals that GSCM practices are most
effective when combined with advanced technological capabilities like BDAC. This finding
advances SSCM theory by illustrating how the alignment of technological and sustainable
practices can amplify the positive outcomes of each, thereby offering a more integrated approach
to achieving long-term sustainability in SCs.

6.2 Managerial Implications

The findings of this study have several practical implications for SC managers and policymakers.
For SC managers, the positive impact of BDAC on SC sustainability underscores the importance
of investing in data-driven analytical capabilities. Firms should focus on developing robust data
analytics infrastructure, acquiring skilled personnel, and fostering a data-driven culture to harness
the full potential of BDAC. By leveraging big data, managers can improve decision-making,
enhance operational efficiency, and achieve SSCP.

The significant moderation effects of GSCM practices suggest that firms should integrate green
SC management practices with their data analytics initiatives. Managers should adopt practices
such as sustainable sourcing, waste reduction, and carbon footprint minimization to enhance the
effectiveness of their BDAC efforts. By aligning GSCM practices with data-driven strategies,
firms can achieve a competitive edge while contributing to environmental sustainability.
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For policymakers, the study highlights the importance of promoting policies that encourage the
adoption of BDAC and GSCM practices in the supply chain sector. Governments and regulatory
bodies should provide incentives for firms to invest in big data analytics and implement green
practices. Policies that support training and development programs in data analytics and
sustainability can help build the necessary skills and capabilities within the industry. Additionally,
policymakers should encourage collaboration between industry and academia to foster innovation
and disseminate best practices in sustainable SC management.

7.0 Conclusion

This study has developed and tested a theoretical framework grounded on DCV theory to explore
the role of BDAC in enhancing SC sustainability while examining the moderating effects of
GSCM practices. Utilizing data from 159 respondents in the Bangladeshi RMG sector, the findings
reveal that BDAC significantly improves economic, social, and environmental performance.
Additionally, GSCM practices significantly strengthen the positive impacts of BDAC on these
dimensions of sustainability. These results underscore the importance of integrating BDAC with
GSCM practices to achieve comprehensive SC sustainability. The study contributes to the DCV
by illustrating how the reconfiguration and integration of BDAC and GSCM can lead to sustained
competitive advantage and improved sustainable performance in supply chains.

7.1 Limitations and Future Scopes

Despite the valuable insights provided by this study, several limitations should be acknowledged.
First, the cross-sectional nature of the data limits the ability to infer causality between BDAC,
GSCM practices, and SC sustainability outcomes. Future research could employ longitudinal
designs to better capture the dynamic effects of these variables over time.

Second, the study focuses solely on the Bangladeshi RMG sector, which may limit the
generalizability of the findings to other industries or geographical contexts. Future studies could
explore these relationships in different sectors and regions to enhance external validity.

Third, while this research uses survey data from senior SC executives, incorporating multiple
respondents from each firm or triangulating survey data with qualitative interviews could provide
a more comprehensive understanding.

Lastly, we applied the DCV perspectives to frame our research; however, future studies may apply
other theoretical frameworks to offer a more comprehensive explanation. Researchers could
explore additional organizational capabilities or assets that complement BDAC. Moreover,
incorporating theoretical perspectives such as the knowledge-based view, contingency theory,
information processing theory, organizational learning, and organizational culture might yield
valuable extensions to our study.
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Big Data Analytics Capability and Supply Chain Sustainability: Analyzing the
Moderating Role of Green Supply Chain Management Practices

Abstract

Purpose: This research develops a theoretical framework to understand the role of big data
analytics capability (BDAC) in enhancing supply chain sustainability and examines the
moderating effect of green supply chain management (GSCM) practices on this relationship.

Design/Methodology: Guided by the dynamic capability view (DCV), we formulated a theoretical
model and research hypotheses. We used partial-least-square-based structural equation modeling
(PLS-SEM) to analyze data collected from 159 survey responses from Bangladeshi ready-made
garments (RMG).

Findings: The statistical analysis revealed that BDAC positively impacts all three dimensions of
supply chain sustainability: economic, social, and environmental. Additionally, GSCM practices
significantly moderate the relationship between BDAC and supply chain sustainability.

Value/Originality: This study advances the current understanding of supply chain sustainability
by integrating BDAC with GSCM practices. It is among the first to empirically investigate the
combined effects of BDAC on the three dimensions of sustainability—economic, social, and
environmental—while also exploring the moderating role of GSCM practices. By employing the
DCV, this research offers a robust theoretical framework highlighting the dynamic interplay
between technological and environmental capabilities in achieving sustainable supply chain
performance.

Implications: This study makes unique contributions to the operations and supply chain
management literature by providing empirical evidence and theoretical insights that extend beyond
the focus on single sustainability dimensions. The findings offer valuable guidelines for
policymakers and managers to enhance supply chain sustainability through BDAC and GSCM
practices.

Keywords: Big data analytics capability (BDAC), dynamic capability view (DCV), sustainable
supply chain performance (SSCP), green supply chain management (GSCM).

Type: Research paper

1.0 Introduction

In recent years, the imperative for sustainability within supply chains (SCs) has grown
exponentially due to the significant environmental impacts of SC activities, including production,
distribution, transportation, and disposal (Bag et al., 2023; Shrivastava, 2023; Yan et al., 2024).
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This urgency is driven by increasing global awareness and regulatory pressures, necessitating a
shift towards sustainable supply chain management (SSCM) (Le, 2023; Srivastava & Bag, 2023;
Jum’a et al., 2024). SSCM seeks to integrate sustainable practices into SC operations to balance
economic, social, and environmental performance (Cetindamar et al., 2022). By doing so, SSCM
addresses environmental challenges, enhances corporate reputation, reduces costs, and meets
regulatory requirements. Pursuing sustainable supply chain performance (SSCP) is now a critical
goal for organizations, particularly in emerging economies where the balance between industrial
growth and environmental stewardship is precarious (Naseer et al., 2023; Raj et al., 2023).

The triple bottom line (TBL) framework encompasses economic, social, and environmental
dimensions, is a cornerstone for understanding sustainability in SCs (Carter & Rogers, 2008).
Unlike traditional SC management, which primarily focuses on financial outcomes, SSCM
emphasizes the need for a holistic approach that addresses broader sustainability issues (Yousefi
& Tosarkani, 2023). This paradigm shift highlights the importance of developing capabilities that
enable organizations to adapt and thrive in an increasingly complex and dynamic environment
(Huang et al., 2024).

With the advent of advanced technologies, big data analytics (BDA) has become a pivotal factor
in optimizing SC performance and achieving competitive advantages (Liu et al., 2023; Kumar et
al., 2023; Gopal et al., 2024). Big data (BD), characterized by its volume, variety, velocity,
veracity, and value, generates vast amounts of information that can be leveraged through BDA
(Rashid et al., 2024). BDA enables firms to process vast amounts of data, uncover hidden patterns,
and make data-driven decisions that enhance operational efficiency (Morimura & Sakagawa,
2023). Studies show that BDA positively impacts supply chain performance through enhanced
resilience and innovation (Arias-Pérez et al., 2022; Bahrami & Shokouhyar, 2022). Developing
BDA capabilities (BDAC) enables firms to execute algorithms faster with larger datasets,
improving decision-making and forecasting market preferences (Choi & Park, 2022). BDAC
allows organizations to convert data into actionable insights, enhancing SC performance and
decision-making (Xu & Pero, 2023). Prominent corporations like Walmart, Uber, Netflix, Google,
Amazon, and Facebook have leveraged BDA to benefit their SC functions (Belhadi et al., 2023).
Implementing BDA in supply chains improves service supply chain innovation capabilities and
overall performance (Sahoo et al., 2023).

Despite the recognized potential of BDAC, there remains a gap in understanding how it influences
the three pillars of supply chain sustainability—economic, social, and environmental performance.
Though few scholars have looked into the impact of BDAC on a single dimension of SC
sustainability, empirical research on their impact across the three dimensions of sustainability is
lacking. For instance, some scholars have explored BDAC’s impact on environmental
sustainability (Dubey et al., 2019; Nisar et al., 2020; Zhu et al., 2022; Belhadi et al., 2023; Sahoo
et al., 2023), and others have examined its relationship with economic performance (Dubey et al.,
2020; Arias-Pérez et al., 2022; Bahrami, & Shokouhyar, 2022; Behl, 2022; Morimura &
Sakagawa, 2023; Gopal et al., 2024), however, comprehensive studies on BDAC’s combined
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effects on all three dimensions are limited. To address this gap, we pose our first research question
(RQI):
RQI1: What are the impacts of BDAC on the three dimensions of supply chain sustainability?

Boyd et al. (2012) assert that models analyzing direct effects are crucial but insufficient for
understanding real-world complexities. Research indicates that BDAC performance depends on
various contextual factors (Dubey et al., 2019; Tipu & Fantazy, 2023; Yamin, 2024). Thus, we
explore conditions that enhance BDAC effectiveness. Green supply chain management (GSCM)
practices have been widely used as a significant influencing element in SC and operations
management literature (Sarkis et al., 2011; Khan et al., 2023; Rahman et al., 2023). Sahoo et al.
(2023) highlight the importance of selecting appropriate practices for a competitive edge in SCM.
Behl et al. (2024) note that GSCM practices can reduce carbon footprints, waste, and hazardous
substances in manufacturing, contributing to sustainability. Rashid et al. (2024) suggest that
GSCM can enhance technological solutions’ effectiveness. Therefore, we propose that GSCM
practices may moderate BDAC’s impact on SSCP. However, empirical studies on this moderating
role are lacking. Thus, we pose our second research question (RQ2):

RQ?2: What are the moderating effects of GSCM on the links between BDAC and SSCP?

We develop a theoretical framework based on the dynamic capability view (DCV) to explore
BDAC's influence on the three sustainability aspects. The DCV emphasizes firms’ adaptation,
integration, and reconfiguration of internal and external competencies, such as BDA and GSCM,
to achieve sustained competitive advantage and supply chain sustainability (Teece, 2007). We
collected 159 responses from the Bangladesh ready-made garments (RMG) industry using a
survey-based questionnaire. Our findings enrich the BDAC literature by integrating the DCV to
explain how BDAC and GSCM jointly contribute to SC sustainability. Additionally, it provides a
nuanced understanding of contextual conditions that enhance BDAC’s effectiveness in achieving
sustainability goals. Practitioners can leverage these insights to implement BDAC and GSCM
practices strategically, improving operational efficiency and environmental performance.

Our document is structured as follows: Section 2 presents the research background and theoretical
foundations. Section 3 discusses theoretical model development. Section 4 covers the research
methodology, including sample selection, data collection, and non-response bias. Section 5 details
the data analysis and results. Section 6 discusses overall findings and future research directions.

2.0 Theoretical background
2.1 DCV

DCV is an extension of the resource-based view (RBV) theory, addressing criticisms that RBV
often fails to explain how and under what conditions resources can grant competitive advantages
(Eisenhardt & Martin, 2000). DCV provides insights into how organizations can achieve
competitive advantages in evolving environments by integrating, reorganizing, and developing
internal and external capabilities (Teece et al., 1997; Ghasemzadeh et al., 2022). According to
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Teece et al. (1997), dynamic capabilities are defined as a company’s ability to adapt to rapidly
changing environments by sensing opportunities and threats, seizing opportunities, and
transforming resources to maintain a competitive edge.

Dynamic capabilities encompass three primary dimensions: sensing, seizing, and transforming.
Sensing involves identifying and assessing opportunities and threats in the market. Seizing refers
to mobilizing resources to capture opportunities and mitigate threats. Transforming entails
reconfiguring and realigning resources to sustain competitiveness (Teece, 2007).

In this context, BDAC is regarded as a dynamic capability that enables organizations to reconfigure
firm-level resources in response to evolving market conditions and technological advancements
(Dubey et al., 2019; Bahrami & Shokouhyar, 2022; Sahoo et al., 2023). By effectively processing,
analyzing, and visualizing data, BDAC provides valuable insights that enhance decision-making,
planning, and execution (Xu & Pero, 2023). Moreover, BDAC fosters innovation and learning by
allowing organizations to experiment with various analytical techniques and continuously refine
their processes (Belhadi et al., 2023).

Given these arguments, DCV serves as an appropriate theoretical lens for understanding the role
of BDAC in achieving business competitiveness in dynamic environments. In this study, we argue
that organizations can remain agile, competitive, and resilient by leveraging BDAC as a dynamic
capability, ultimately contributing to SSCP.

2.2 BDAC

As businesses have become more technologically advanced, their SCs generate vast amounts of
data (Cheng et al., 2023; Riggs et al., 2023). Jum’a et al. (2024) highlight that big data is a novel
method for organizing and analyzing this information, providing valuable insights for SC
participants. Belhadi et al. (2023) define big data as extensive, diverse observational data that
supports various decision-making processes. While almost all firms now have access to big data,
traditional methods often fall short of effectively analyzing and deriving meaningful conclusions
from large datasets (Bagherpasandi et al., 2024). To address this, organizations require real-time
capabilities to handle larger and more complex data sets, leading to commercial benefits. This
necessitates the development of new data architectures, analytical techniques, and tools (Bag et
al., 2023).

Researchers have acknowledged that the success of big data projects depends not just on data
availability, analytical tools, and process utilization but on a broader range of factors (Bahrami &
Shokouhyar, 2022; Ma & Chang, 2024). The big BDAC concept was introduced to capture this
complexity (Rashid et al., 2024). BDAC is generally defined as an organization’s ability to
effectively leverage data management, infrastructure, and talent to derive actionable insights,
transforming the business into a competitive force (Riggs et al., 2023). With BDAC, organizations
can process, analyze, and visualize data, thereby improving planning, decision-making, and
mission execution (Shi et al., 2023; Gupta et al., 2024).
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Nisar et al. (2023) assert that applying BDAC in supply chains can mitigate various organizational
uncertainties related to capacity, supplier availability, and customer demands. Moreover, BDAC
can foster process-oriented dynamic capabilities within organizations, enhancing firm
performance. By adopting a holistic view of BDAC that encompasses all relevant organizational
resources, firms can maximize the strategic value of big data, gaining a sustainable competitive
advantage in today’s data-driven business environment (Jum’a et al., 2024).

2.3 GSCM

In recent years, there has been a growing emphasis on integrating environmental sustainability into
SCM, giving rise to the concept of GSCM. GSCM refers to incorporating eco-friendly practices
in supply chain operations, encompassing procurement, production, distribution, and end-of-life
management (Feng et al., 2022). This approach aims to minimize SCs' environmental footprint by
reducing waste, emissions, and energy consumption while enhancing resource efficiency and
sustainability (Sarkis et al., 2011).

GSCM practices include various activities such as green procurement, eco-design, reverse
logistics, and sustainable packaging (Behl et al., 2024). Green procurement involves selecting
suppliers based on their environmental performance and encouraging them to adopt sustainable
practices. Eco-design focuses on creating products with minimal environmental impact throughout
their lifecycle, from raw material extraction to disposal. Reverse logistics involves the process of
reclaiming products for reuse, recycling, or proper disposal, thereby reducing waste and
conserving resources. Sustainable packaging aims to use recyclable or biodegradable materials,
reducing the environmental burden of packaging waste (Sarkis et al., 2011; Behl et al., 2024).
Proactive GSCM practices ensure regulatory compliance, enhance reputation, and drive economic
benefits by improving environmental performance, attracting eco-conscious consumers and
investors (Althaqafi, 2023; Tsai et al., 2023; Wiredu et al., 2023).

GSCM practices are adopted by various factors, including regulatory pressures, stakeholder
expectations, and the desire for competitive advantage (Karmaker et al., 2023). Governments
worldwide have implemented stringent environmental regulations that compel organizations to
adopt sustainable practices. Additionally, consumers and other stakeholders increasingly demand
environmentally responsible products and practices, prompting companies to integrate
sustainability into their SC strategies (Akram et al., 2024). Firms that successfully implement
GSCM can achieve significant benefits such as cost savings, improved brand image, and enhanced
compliance with environmental standards (Dzikriansyah et al., 2023; Balkumar et al., 2024).

Moreover, GSCM can significantly influence SC sustainability by integrating the TBL principles,
which focus on economic, social, and environmental performance (Huang et al., 2024). By
reducing environmental impact and promoting social responsibility, GSCM helps organizations
achieve a balanced approach to sustainability, which is essential for long-term success and
resilience in the competitive market (Khan et al., 2023). In conclusion, GSCM represents a
strategic approach to achieving SC sustainability by integrating environmental considerations into
SCM. The adoption of green practices not only helps organizations comply with regulatory



oNOYTULT D WN =

Benchmarking: an International Journal

requirements and meet stakeholder expectations and provides a competitive edge by enhancing
operational efficiency and brand reputation (Hunag et al., 2024).

2.4 SSCP

SSCP is an integral concept in contemporary SCM, emphasizing the need for a holistic approach
that balances economic, social, and environmental performance. The TBL framework underpins
SSCP, advocating that businesses should focus on profitability and consider their social and
environmental responsibilities (Elkington, 1998). The pursuit of SSCP is becoming increasingly
critical as organizations strive to meet the demands of various stakeholders, including customers,
regulators, and the broader community, while ensuring long-term sustainability and
competitiveness (Yousefi & Tosarkani, 2023). Moreover, SSCP drive innovation, encouraging
the development of new products and processes that are both eco-friendly and cost-effective
(Holling & Backhaus, 2023; Kumar et al., 2023).

2.4.1 Economic Performance

The economic dimension of SSCP pertains to the financial health and efficiency of SC operations.
This includes cost reduction, improved profitability, and value creation throughout the SC
(Cetindamar et al., 2022). Effective SC management practices can lead to significant economic
benefits by optimizing resource utilization, enhancing operational efficiency, and reducing waste.
Economic sustainability in supply chains ensures long-term financial viability and competitive
advantage, crucial for organizational success in a dynamic market environment (Khan et al., 2023;
Huang et al., 2024). SSCP boost economic performance by reducing energy and water costs,
enhancing efficiency, and leveraging digital technologies for better resource management &
driving profitability (Abuzawida et al., 2023; Al-Khatib, 2023; Asante-Darko & Osei, 2023; Billah
et al., 2023; Xu et al., 2023).

2.4.2 Social Performance

The social dimension of SSCP focuses on the impact of SC activities on various stakeholders,
including employees, communities, and customers. It encompasses labor practices, human rights,
community engagement, and customer satisfaction (Karmaker et al., 2023). Ensuring fair labor
practices, promoting diversity and inclusion, and engaging in ethical sourcing are key components
of social sustainability. By addressing social concerns, organizations can build stronger
relationships with stakeholders, enhance brand reputation, and foster customer loyalty, which is
essential for sustainable business operations (Dubey et al., 2019; Saha et al., 2023). Ensuring safe
working conditions and responsible sourcing are essential for social sustainability. Promoting
diversity and societal responsibility strengthens relationships with stakeholders. Prioritizing
product safety, social capital comprising networking, trustworthiness, and information exchange
plays a significant role in developing sustainable supply chains (Al-Tarawneh et al., 2024;
Khokhar et al., 2020; Wijaya & Said, 2024).ss

2.4.3 Environmental Performance

Page 32 of 90



Page 33 of 90

oNOYTULT D WN =

Benchmarking: an International Journal

The environmental dimension of SSCP involves minimizing the ecological footprint of SC
activities. This includes reducing resource consumption, waste, and emissions throughout the SC
(Nisar et al., 2020). Environmental sustainability practices in supply chains often involve adopting
green technologies, implementing energy-efficient processes, and promoting the circular
economy. By integrating environmental considerations into SCM, organizations can mitigate
environmental risks, comply with regulatory requirements, and contribute to global sustainability
goals (Zhu et al., 2022; Sahoo et al., 2023). This enhances environmental performance and drives
innovation and operational efficiencies (Gallo et al., 2023).

3.0 Theoretical Framework and Hypothesis

The DCV constitutes the basis of our theoretical framework (Figure 1). Drawing on the DCV
theory, this study posits that BDAC serves as a critical dynamic capability, enabling firms to
reconfigure their resources and processes in response to evolving market conditions and
technological advancements (Dubey et al., 2019; Bahrami & Shokouhyar, 2022). BDAC allows
organizations to effectively process, analyze, and utilize vast amounts of data, enhancing their
economic, social, and environmental performance—key dimensions of SSCP (Dubey et al., 2020;
Riggs et al., 2023). Additionally, GSCM practices are hypothesized to play a moderating role in
this relationship. By integrating environmental considerations into supply chain operations, we
argue that GSCM practices can amplify the positive impact of BDAC on SSCP. This integration
is theorized to enhance the firm’s ability to achieve sustainability goals, comply with regulatory
requirements, and meet stakeholder expectations, ensuring long-term competitiveness and
resilience.

3.1 Impact of BDAC on Economic Performance

In the contemporary business environment, maintaining profitability is paramount for firms' long-
term survival and competitiveness (Jeble et al., 2018). Economic performance (ECOP) is typically
assessed through profitability, competitiveness, cost reduction, and brand equity (Behl, 2022). The
existing literature underscores the significant role of BDAC in enhancing ECOP. Bag et al. (2023)
state that effective BDAC enables firms to optimize resource allocation, reduce costs, and improve
overall profitability through demand forecasting, inventory management, and production planning.
Furthermore, Morimura and Sakagawa (2023) argue that BDAC provides real-time insights into
market trends and consumer behavior, allowing for more informed and timely decisions that drive
economic benefits. Large firms benefit from value-added advantages, while small firms experience
increased sales through product innovation. BDA improves investment efficiency, allowing for
timely and informed decision-making, and enhances forecasting accuracy by utilizing high-
frequency data. In the financial sector, BDA supports risk management and decision-making,
promoting strategic agility and sustainable performance in dynamic markets (Ansari &
Ghasemaghaei, 2023; Boreik et al., 2023; Conti et al., 2023; Reddy & Reddy, 2023). Additionally,
BDAC supports the development of predictive analytics, which can anticipate market fluctuations
and optimize pricing strategies (Dubey et al., 2020). From the DCV perspective, BDAC can be
seen as a dynamic capability that allows firms to reconfigure their resources and processes to adapt
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to changing market conditions and achieve superior ECOP (Bahrami & Shokouhyar, 2022; Sahoo
et al., 2023). Therefore, we hypothesize:

HI: BDAC has a positive impact on ECOP
3.2 Impact of BDAC on Social Performance

In today’s socially conscious business environment, organizations are increasingly expected to go
beyond economic success and demonstrate a commitment to social responsibility. Ensuring
positive social performance (SP) is crucial for firms to maintain strong stakeholder relationships
and foster customer loyalty (Choi & Park, 2022). BDAC can significantly enhance SP by enabling
firms to analyze extensive data on employee welfare, working conditions, and community impact
(Dubey et al., 2019). Choi and Park (2022) argue that BDAC facilitates better labor practices and
more ethical sourcing decisions, ensuring compliance with social standards and regulations.
Moreover, BDAC allows organizations to monitor real-time customer feedback and preferences,
enhancing customer satisfaction and loyalty through tailored products and services (Jeble et al.,
2018). Big Data enables the personalization of services and products, enhancing user satisfaction
and engagement while improving social competence in digital learning environments (Sfetcu,
2024). Big data analytics provides insights into human behavior and market trends, benefiting
marketing and customer understanding and planning future initiatives. Additionally, it reveals
patterns in social interactions that correlate with academic success and foster innovation
performance, especially in high-tech firms (Elfeky et al., 2023; Sfetcu, 2024; Wang et al., 2023).
Through the DCV lens, BDAC helps firms sense social trends and stakeholder needs, seize
opportunities to improve social impact and transform organizational practices to align with social
sustainability goals (Dubey et al., 2019; Bahrami & Shokouhyar, 2022). Therefore, we
hypothesize:

H2: BDAC has a positive impact on SP
3.3 Impact of BDAC on Environmental Performance

The increasing visibility of global warming effects, driven by carbon emissions, has spurred
discussions on environmental concerns from local government bodies to international forums such
as the United Nations. As a result, businesses face growing pressure to operate sustainably and
comply with regulatory requirements (Rashid et al., 2024). High environmental performance (EP)
is essential for firms to reduce their ecological footprint and contribute to global sustainability
goals. Scholars widely highlight the critical role of BDAC in achieving EP. Sahoo et al. (2023)
argue that BDAC can enhance EP by enabling firms to adopt data-driven approaches for
environmental management. BDAC allows for the monitoring and optimizing energy use, waste
management, and emission control through advanced analytics and real-time data processing
(Nisar et al., 2020; Zrigui et al., 2023) . Real-time waste monitoring with BDA helps companies
identify opportunities to reduce waste, minimize landfill use, and promote recycling or
reuse(Namoun et al., 2022; Niska & Serkkola, 2018). Big data optimizes routes, schedules, and
inventory management, reducing fuel use, emissions, storage needs, and transportation of surplus

Page 34 of 90



Page 35 of 90

oNOYTULT D WN =

Benchmarking: an International Journal

goods for an environment-friendly logistics process (Li, 2023; Moldagulova et al., 2020; Pujiarto
et al., 2021). From the DCV perspective, BDAC provides the dynamic capability to sense
environmental challenges, seize opportunities for green innovation, and transform organizational
processes to achieve sustainable environmental outcomes (Dubey et al., 2019). By integrating
BDAC into their environmental strategies, firms can enhance their ecological performance,
comply with environmental standards, and drive innovation for sustainability (Bag et al., 2023;
Gallo et al., 2023). Therefore, we hypothesize:

H3: BDAC has a positive impact on EP
3.4 Moderating Effect of GSCM

BDAC provides valuable insights by processing vast amounts of data from various sources,
thereby enabling better decision-making and strategic planning (Sahoo et al., 2023; Fantazy &
Tipu, 2024). Nisar et al. (2023) note that organizations must implement sustainable practices to
leverage BDAC's insights to achieve sustainable advantages effectively. Karmaker et al. (2023)
report that integrating GSCM with data-driven technologies can enable organizations to utilize
data-driven insights to optimize resource allocation, improve operational efficiency, and reduce
costs, thereby enhancing ECOP. Similarly, GSCM practices foster ethical sourcing, fair labor
practices, and community engagement, which, when combined with BDAC insights, can
significantly enhance SP by building stronger relationships with stakeholders and enhancing brand
reputation (Rashid et al.,, 2024). Furthermore, GSCM practices focus on reducing the
environmental impact of SC activities (Feng et al., 2022). By utilizing BDAC, firms can identify
inefficiencies and adopt green technologies, energy-efficient processes, and circular economy
models, thereby improving EP (Cheng et al., 2023). Thus, we posit that organizations with strong
GSCM practices can more effectively utilize the insights provided by BDAC to achieve SSCP.
Therefore, we hypothesize:

H4a: GSCM positively moderates the link between BDAC and ECOP
H4b: GSCM positively moderates the link between BDAC and SP
H4c: GSCM positively moderates the link between BDAC and EP.
The theoretical model is presented in Figure 1.
4.0 Research Methodology

This study employs a two-stage mixed methodology, proven effective in previous research
(Schilke, 2014; Dubey et al., 2019). The first stage involves developing survey instruments with
measurement items extracted from the existing literature, followed by pre-testing with scholars to
ensure validity and reliability. In the second stage, a cross-sectional survey was conducted to
collect data from diverse sample respondents within the Bangladeshi RMG sector. Analytical
methods are selected to systematically and thoroughly collect, analyze, and interpret data, which
is essential for obtaining reliable and valid results. These methods help form a holistic picture of
the study and understand the correlation of all variables within the research framework (Khoa et
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al., 2023; Practices, 2024). This systematic approach ensures that the research findings are robust
and can be generalized to a broader context.

Economic
Performance
(ECOP)

Social Performance
(SP)

Environmental
Performance (EP)

Big Data Analytics
Capability (BDAC)

Green Supply
Chain Management

(GSCM) Practices Control Variable

Firm Size (FS)

EEm— Direct Impact

ffffffffffff »  Moderating Impact

Figure 1. Theoretical Model
4.1 Survey Instrument Development

A survey-based questionnaire was developed to test the proposed model. Measurement items for
each construct were sourced from previous relevant literature, with adjustments made to align the
items with the context of BDAC. All exogenous and endogenous constructs were operationalized
as reflective constructs (see Table I). The survey questionnaire was pre-tested through eight
interviews involving five industry experts and three academicians specializing in data analytics
and sustainability performance. They evaluated the questionnaire for the suitability of the
measurements, clarity of the questions, and potential ambiguities (DeVellis, 1991). Based on their
feedback, adjustments were made to enhance the questionnaire’s effectiveness and alignment with
the model requirements. All measuring scales utilized a seven-point Likert scale, ranging from “1
= strongly disagree” to “7 = strongly agree.”

Firm size is a key control variable in corporate finance and governance research due to its
substantial influence on financial performance and behavior. Although factors like industry type,
firm age, and ownership structure are also relevant, they are often controlled differently or deemed
less impactful (Yadav et al., 2021). Prioritizing firm size simplifies analysis and enhances the
robustness of findings, especially under data constraints. So to control for potential variations in
resources, capabilities, and organizational structures, firm size (FS) was included as a control
variable. Larger firms may possess more advanced technological infrastructures and greater
financial capacity to implement SC management practices, which could skew results if not
controlled (Dubey et al., 2019). Firm size was categorized based on the number of employees:
firms with <500 employees were classified as small, and firms with >500 employees were
classified as large.
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4.2 Data Collection

Data were collected using a cross-sectional survey from firms registered with the Bangladesh
Garment Manufacturers and Exporters Association (BGMEA). The Bangladeshi RMG sector was
selected due to its significant global presence and impact on economic development and
sustainability challenges. As one of the largest apparel exporters worldwide, Bangladesh’s RMG
industry faces pressing issues related to SC sustainability (Saha et al., 2024), making it an ideal
context to explore the role of BDAC and the moderating influence of GSCM.

The organizational unit served as our unit of analysis, and the survey was designed for a single
respondent. To ensure a representative sample, we employed a simple random sampling technique
(Dillman, 2011). The BGMEA database, which includes detailed information on registered RMG
firms, served as our sampling frame. 760 firms were selected from this database to participate in
the study. The selection process aimed to cover a diverse range of firms in size, market presence,
and commitment to integrating technological innovations with sustainable practices. Senior supply
chain executives (e.g., purchasing managers, inventory managers, materials managers,
procurement managers, sourcing managers, distribution managers, supply chain managers,
logistics managers, planning managers, and operations directors) were targeted as respondents.
These individuals were chosen due to their comprehensive knowledge and expertise in SC
management practices, information flow, and the adoption of data-driven technologies.

Questionnaires were e-mailed to the selected respondents through Google Forms. We followed up
with multiple reminders, typically three times to enhance the response rate. In total, we received
159 comprehensive and usable responses, resulting in a response rate of 20.92%.In Bangladeshi
corporate offices, employees often face extended working hours, leading to fatigue and a lack of
motivation to participate in additional tasks such as surveys. Furthermore, the absence of financial
incentives or adequate remuneration for their participation diminishes their interest and willingness
to engage, resulting in a notably low response rate for such surveys. However, this response rate
is deemed sufficient for PLS-SEM analysis (Dubey et al., 2020; Saha et al., 2023). We ensured the
eligibility of respondents by excluding participants who were not from the RMG sector or lacked
relevant experience. Additionally, incomplete responses were not included in the analysis.

The demographic profiles of the 159 respondents were analyzed, focusing on key attributes such
as firm size, experience, gender distribution, and professional designation. The gender distribution
revealed a male-to-female ratio of 125:34. Regarding firm size, most respondents were associated
with large firms (135, 84.91%), while a considerably smaller proportion were from small firms
(24, 15.09%). All respondents held managerial or higher-level positions. Among these, Supply
Chain Managers constituted the largest group (58, 36.48%), followed by Directors of Operations
(38, 23.91%), Logistics Managers (18, 11.32%), Procurement Managers (17, 10.69%), Planning
Managers (12, 7.54%), Materials Managers (9, 5.66%), and Other Managers (7, 4.40%). In terms
of professional experience, the majority of respondents had 611 years of experience (91, 57.23%),
followed by those with 12—-16 years (56, 35.23%) and 17-24 years (12, 7.54%). This analysis
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The sampling and response details are presented in Table II.

Table I. Measures

(SP2)

Construct Type Measures Sources
Big data | Reflective | We employ data visualization methods for | (Dubey et al.,
analytics comprehending intricate information | 2019; Bahrami &
capability extracted from extensive data sources | Shokouhyar,
(BDAC) (BDACTI) 2022; Fantazy &

We utilize advanced analytical tools (such as | Tipu, 2024)

optimization, regression, or simulation) to

analyze data (BDAC?2)

We integrate data from multiple sources

(including company reports and social media)

for comprehensive data analysis (BDAC3)
Green supply | Reflective | Our firm invests in technologies that enhance | (Karmaker et al.,
chain energy efficiency across the SC (GSCM1) 2023; Behl et al.,
management Our firm implements strategies for recycling, | 2024; Huang et
(GSCM) reusing, and safe disposal of products at the | al., 2024)

end of their lifecycle (GSCM2)

Our firm conducts regular audits to ensure

compliance with environmental standards and

regulations (GSCM3)
Economic Reflective | Our firm achieves higher gross profit margins | (Jeble et al.,
Performance by decreasing materials purchasing costs | 2018; Jum’a et
(ECOP) (ECOP1) al., 2024)

Our firm enhances net income margins by

reducing energy consumption expenses

(ECOP2)

Our firm increases operational efficiency by

optimizing logistics and transportation costs

(ECOP3)

Our firm improves cost-efficiency by

minimizing fees associated with waste

discharge (ECOP4)
Social Reflective | Our firm believes in gender equality (SP1) (Jeble et al,
Performance Our firm places significant emphasis on | 2018; Jum’a et
(SP) employee safety and occupational health | al., 2024)
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Our firm adheres to international labor
standards and conventions (SP3)

Environmental | Reflective | Our firm has implemented measures to reduce | (Jeble et al,

Performance air emissions (EP1) 2018; Jum’a et
(EP) Our firm has adopted practices for recycling | al., 2024)
wastewater (EP2)

Our firm has taken steps to prevent the

discharge of solid waste (EP3)

4.3 Non-response Bias

Given the survey-based data collection process, we checked for non-response bias following
Armstrong and Overton’s (1977) guidelines. Collected data were categorized into early and late
responses, as early respondents are thought to have greater interest in and understanding of the
topic. Then, we conducted a t-test following Armstrong and Overton’s (1977) recommendations
and found no statistically significant difference between early and late responses. As bias did not
influence our research, the two data sets were merged to test our model.

Table I1. An overview of the sampling

Criteria Genre Number Responses rate
Gender Male 125 78.61%
Female 34 21.39%
Firm size Small (<500 employees) 24 15.09%
Large (500-5000 employees) 135 84.91%
Experience 6-11 years 91 57.23%
12-16 years 56 35.23%
17-24 years 12 07.54%
Designation Director of Operations 38 23.91%
Planning Manager 12 07.54%
Procurement Manager 17 10.69%
Materials Manager 9 05.66%
Supply Chain Manager 58 36.48%
Logistics Manager 18 11.32%
Other Manager 7 04.40%

5.0 Data Analysis and Result

To test our theoretical model, we employed WarpPLS 8.0 software, which utilizes the partial least
squares-based structural equation modeling (PLS-SEM) technique (Kock, 2019). PLS-SEM is
particularly suited for our study due to its predictive orientation (Peng & Lai, 2012) and its ability
to effectively handle complex models with smaller sample sizes (Hair et al., 2016). Besides, PLS-
SEM is robust to non-normal data distributions and does not require strict assumptions about the
underlying data distribution, enhancing its applicability across diverse research domains (Peng &
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Lai, 2012; Dubey et al., 2020). Furthermore, PLS-SEM allows for the simultaneous evaluation of
measurement and structural models. This dual capability is a powerful tool for theory development
and hypothesis testing, enabling us to rigorously assess the predictive accuracy of our independent
latent variables (Henseler et al., 2015). Unlike covariance-based SEM (CB-SEM), PLS-SEM
considers measurement errors, thus providing more accurate and reliable results (Dubey et al.,
2020; Kock, 2019; Tiwari et al., 2024). Therefore, by employing WarpPLS 8.0, we aim to leverage
these strengths to comprehensively evaluate the relationships and hypotheses proposed in our
study, ensuring robust and reliable results.

5.1 Measurement Model

We used confirmatory factor analysis (CFA) to assess our measurement model's convergent and
discriminant validity. Following Fornell and Larcker’s (1981) recommendations, we reported
composite reliability (SCR) values, factor loadings for each measurement item (A), and the average
variance extracted (AVE) values (Table III). As shown in Table III, all factor loadings for the
measurement items exceed the threshold limit of 0.5 and the SCR and AVE values also surpass
their respective cut-off points (i.e., SCR > 0.7, AVE > 0.5), suggesting high convergent validity of
our constructs (Fornell & Larcker, 1981). We further calculated Cronbach’s alpha (o) values for
each construct to evaluate the reliability of our measurement model (Table III). All a values were
above the acceptable threshold of 0.7, confirming the constructs' high internal consistency and
reliability (Hair et al., 2017).

Table II1. Convergent validity test (SCR, Cronbach’s Alpha (o) and AVE)

Construct Items Factor loadings | Variance Error SCR AVE
) (U5) (1-2%)

Big Data Analytics | BDACI | 0.95 0.90 0.10

Capability (BDAC) | BDAC2 | 0.96 0.92 0.08 0.97 0.91

(0=0.947) BDAC3 | 0.94 0.88 0.12

Green supply chain | GSCM1 | 0.88 0.77 0.23

management GSCM2 | 0.87 0.76 0.24 0.90 0.76

(GSCM) (0=0.840) | GSCM3 | 0.86 0.74 0.26

Economic ECOP1 | 0.83 0.69 0.31

Performance ECOP2 | 0.77 0.59 0.41 0.88 0.65

(ECOP) (0=0.822) | ECOP3 | 0.80 0.64 0.36 ’ ’
ECOP4 | 0.82 0.67 0.33

Social Performance | SP1 0.80 0.64 0.36

(SP) (0=0.727) SP2 0.83 0.69 0.31 0.85 0.65
SP3 0.78 0.61 0.39

Environmental EPI 0.82 0.67 0.33

Performance (EP) | EP2 0.88 0.77 0.23 0.85 0.66

(0=0.735) EP3 0.72 0.52 0.48

Then, we tested the discriminant validity following Fornell and Larcker’s (1981) suggestions
(Table IV). Fornell and Larcker (1981) stated that a construct shows higher discriminant validity

Page 40 of 90



Page 41 of 90

oNOYTULT D WN =

Benchmarking: an International Journal

if its square root of AVE is greater than all other constructs’ correlation values. The square root of
AVEs for each latent variable exceeded its correlations with other constructs, confirming
discriminant validity (Fornell and Larcker, 1981; Gold et al., 2001). Cross-loadings further
supported this, indicating the constructs are conceptually distinct. Table IV indicates that all the
square root values of AVE (highlighted in italics diagonally) meet the required condition, which
provides significant evidence of the constructs' discriminant validity.

Table IV. Discriminant Validity Test

BDAC GSCM SP EP ECOP
BDAC 0.95
GSCM 0.09 0.87
SP 0.44 0.02 0.80
EP 0.48 0.10 0.56 0.81
ECOP 0.48 0.11 0.55 0.66 0.81

Note: Italic represents the root-square of AVE of a construct

5.2 Common Method Bias (CMB)

Survey-based data may be subject to common method biases (CMB) due to consistency in
responses and implicit social desirability (Podsakoft et al., 2003). Recognizing potential biases in
data obtained from a single source utilizing a survey-based instrument, as Ketokivi and Schroeder
(2004) noted, we conducted two tests to assess CMB. Firstly, we performed Harman’s single-
factor test, following Kock’s (2015) guidelines. The analysis revealed that only 37.56% of the total
variance could be attributed to a single factor. Kock (2015) suggested that if the explanatory power
of the single construct of the total variance is more than 50%, it indicates CMB's presence in the
dataset. Thus, CMB is not a major concern in our dataset. Secondly, we conducted the full
collinearity test to evaluate vertical and lateral collinearity, generating variance inflation factors
(VIFs) for all latent variables using WarpPLS (Kock, 2017). A VIF greater than 3.3 suggests
pathological collinearity and potential CMB contamination (Kock, 2017). All VIF values in our
analysis were below 3.3, indicating negligible CMB impact.

Furthermore, we checked causality issues before proceeding to the hypothesis testing. We
analyzed four indices: Simpson’s paradox ratio (SPR), R-squared contribution ratio (RSCR),
Statistical suppression ratio (SSR), and Nonlinear bivariate causality direction ratio (NLBCDR)
(Table V), following Kock’s (2022) suggestions. Our analysis shows the NLBCDR value of 0.833,
above its cut-off value of 0.7 (Kock, 2022). The SSR and SPR values were determined to be 1,
exceeding the recommended cutoff value of 0.7, indicating a robust value. Additionally, the RSCR
value was found to be 1, which is considered acceptable as it surpasses the threshold of 0.9
(Holland, 1986). Table V demonstrates that all indices are in the allowable range, indicating that
causality is not a significant concern in our study.
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Table V. Causality Assessment Indices

Indices Values
SPR 1.000, acceptable if >= 0.7
RSCR 1.000, acceptable if >= 0.9
SSR 1.000, acceptable if >= 0.7
NLBCDR 0.833, acceptable if >= 0.7
5.3 Hypothesis Testing

Our study hypotheses have been tested by PLS-SEM (WarpPLS 8.0). The PLS utilizes a
bootstrapping technique to determine parameter estimations' standard errors and significance
(Chin, 1998). Table VI presents the results of the structural path analysis obtained from the PLS
algorithm, showing standardized path coefficients () and corresponding p-values. For instance, 3
=0.50, p < 0.01, indicates strong support for HI (BDAC—ECOP), demonstrating that BDAC is
a strong predictor of the ECOP. Similarly, H2 (BDAC—SP) (B = 0.45, p < 0.01) and H3
(BDAC—EP) (B=0.49, p <0.01) are statistically significant at the 0.01 level. Next, we evaluated
the moderation effect of GSCM on the paths joining BDAC and EP (H4a), BDAC and SP (H4b),
and BDAC and ECOP (H4c). The results show that all the moderation impacts of GSCM (H4a,
H4b, and H4c) are significant at the 0.05 level (Table VI). We also assessed the impact of the
control variable, firm size (FS), on our model. However, FS was not found to impact the
endogenous variables significantly.

Table VI. Structural Estimates

Hypothesis Effect of Effect on B p-value Results

H1 BDAC ECOP 0.50 <.01 Supported

H2 BDAC SP 0.45 <.01 Supported

H3 BDAC EP 0.49 <.01 Supported

H4a GSCM BDAC-ECOP 0.15 <.05 Supported

H4b GSCM BDAC-SP 0.17 <.05 Supported

H4c GSCM BDAC-EP 0.25 <.05 Supported
control variables FS ECOP 0.02 0.39 Not significant
FS SP 0.03 0.35 Not significant
FS EP 0.07 0.18 Not significant

We then assessed the explanatory power of our model by estimating the R? values of the
endogenous variables. The R? values for ECOP, SP, and EP are 0.27, 0.22, and 0.26, respectively
(Table VII), indicating moderately strong explanatory power (Chin, 1998). We also determined
the f2 values to analyze the effect size of BDAC on ECOP, SP, and EP (Cohen, 1988). The effect
sizes are 0.249, 0.200, and 0.236 (Table VII), respectively, indicating large effect sizes (Cohen,
1988). Furthermore, we calculated Stone-Geisser’s Q? values to evaluate the predictive capability
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of our model. We found the Q? values for ECOP, SP, and EP are 0.229, 0.261, and 0.276,
respectively (Table VII), suggesting the allowable predictive relevance (Peng & Lai, 2012).

Table VII. Coefficient of variation (R?), predictability (Q?) and effect size (f°)

Construct R? Q? f* in relation to BDAC
ECOP 0.27 0.229 0.249
SP 0.22 0.261 0.200
EP 0.25 0.276 0.236
5.4 Model Fit and Indices

We calculated the average path coefficient (APC), average R-squared (ARS), and Average block
VIF (AVIF) to check the fitness and quality of our model (Kock, 2011; Behl et al., 2022). All the
values were in the allowable range (Table VIII). The AVIF value below 3.3 indicates the absence
of multicollinearity issues in the dataset (Kock, 2011). We also calculated Tenenhaus GoF to
measure the goodness of fit, following the suggestions of Tenenhaus et al. (2005). Tenenhaus GoF
is found to be 0.449, which is considered medium (Tenenhaus et al., 2005). Based on these
findings, we can conclude that our model fits our data well.

Table VIII. Model Fitness and quality indices parameter

Fitness and quality indices Values
Average path coefficient (APC) 0.226 (P<0.001)
Average R-squared (ARS) 0.251 (P<0.001)
Average block VIF (AVIF) 1.007 (acceptable if <= 5, ideally <= 3.3)
Tenenhaus GoF 0.449 (small >= (0.1, medium >= 0.25, large >= 0.36)

6.0 Discussion

The results of this study provide significant insights into the relationships among BDAC, GSCM
practices, and SC sustainability across economic, social, and environmental dimensions. The
findings indicate that BDAC positively influences SC sustainability, addressing our first RQ.
Specifically, BDAC was found to be a strong predictor of economic (f = 0.50, p <0.01), social (B
=0.45, p <0.01), and environmental performance (f = 0.49, p < 0.01). This outcome aligns with
existing literature, consistently highlighting BDA's transformative potential in SC management.
For instance, Dubey et al. (2024) and Li et al. (2024) note that BDAC enables firms to process vast
amounts of data, leading to improved decision-making, enhanced operational efficiency, and
greater agility in responding to market changes. Our study confirms these findings and extends
them by empirically validating the positive impact of BDAC on all three dimensions of the TBL.
While previous studies have often focused on individual aspects of sustainability, such as
economic or environmental performance (Zhu et al., 2022; Morimura & Sakagawa, 2023; Gopal
et al., 2024), our research offers a more comprehensive view by examining the combined effects
of BDAC across economic, social, and environmental dimensions simultaneously.
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Economically, our findings support earlier work by Chong et al. (2023), who highlighted the role
of BDAC in optimizing inventory levels, reducing costs, and improving demand forecasting
accuracy, which, in turn, enhances financial performance. However, our study contributes to the
literature by demonstrating that BDAC’s economic benefits also have a cascading effect on social
and environmental performance. Socially, our results resonate with the findings of Dubey et al.
(2019), who argued that BDAC enhances transparency and traceability in SC, improving labor
practices and ensuring compliance with social standards. However, our study shows that these
social improvements are also linked to broader supply chain sustainability goals. Environmentally,
the positive influence of BDAC on sustainability is consistent with Sahoo et al. (2023), who noted
its role in supporting sustainable practices such as monitoring and reducing carbon footprints,
managing waste more effectively, and optimizing resource use.

The moderating role of GSCM practices was also confirmed, addressing our second RQ. The
moderation effects of GSCM on the relationships between BDAC and ECOP (H4a), SP (H4b),
and EP (H4c) were significant at the 0.05 level. Variations in the  values were observed across
all dimensions, indicating differing levels of influence. The moderating effect of GSCM on
environmental performance is powerful, as it directly and immediately integrates practices such as
eco-friendly design, waste reduction, emission minimization, sustainable resource utilization,
recycling, and cleaner production (Ihsan & Risonarta, 2023; Shi et al., 2024; Siddiquee et al., 2024;
Zi, 2023)These practices significantly improve key environmental metrics, including carbon
footprint reductions and enhancements in resource efficiency, thereby emphasizing the most
prominent effect. The moderating effect of GSCM on social and economic dimensions is
comparatively lower due to high initial costs, delayed economic benefits, limited consumer
demand for green products, and competitive pressures. Social impacts are less direct and more
challenging to quantify than environmental improvements, relying on factors such as stakeholder
engagement, societal awareness, and implementation scale.

This finding is consistent with the DCV, which posits that firms can achieve sustained competitive
advantage through the integration and reconfiguration of internal and external competencies
(Teece et al., 1997; Ghasemzadeh et al., 2022; Tipu & Fantazy, 2023). While prior studies, such
as those by Dzikriansyah et al. (2023) and Huang et al. (2024), have explored the individual
impacts of GSCM on sustainability, our research extends this body of work by illustrating how
GSCM practices enhance the effectiveness of BDAC in achieving sustainability across multiple
dimensions. This integrated approach provides new insights into how firms can leverage dynamic
capabilities to navigate complex sustainability challenges.

The DCV emphasizes that it is not just the possession of resources like BDAC that leads to
competitive advantage but how firms dynamically integrate, build, and reconfigure these resources
in response to changing environments. In this context, GSCM practices serve as complementary
capabilities that, when combined with BDAC, enhance a firm’s ability to adapt and respond to
environmental pressures and opportunities. This synergy between BDAC and GSCM practices
highlights a critical extension of the DCV framework. This suggests that dynamic reconfiguring
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technological and operational capabilities is key to achieving and sustaining competitive advantage
in today’s rapidly evolving market. For example, Teece (2007) highlights that dynamic capabilities
enable firms to create, extend, and modify their resource base to address rapidly changing
environments. Our findings suggest that by integrating BDAC with GSCM practices, firms are
better positioned to reconfigure their operations to achieve higher levels of sustainability. BDAC
provides the technological capabilities to analyze and utilize data for better decision-making, while
GSCM practices offer the procedural and operational changes needed to implement sustainable
practices. This combination allows firms to continuously adapt their supply chain strategies,
processes, and practices to meet sustainability goals, thus achieving a sustained competitive
advantage.

6.1 Theoretical Implications

This study makes several theoretical contributions to DCV, BDAC, GSCM, and supply chain
sustainability, advancing the understanding of how these constructs interact to shape sustainable
SC outcomes. First, this research extends the DCV by demonstrating the synergistic effects of
integrating BDAC with GSCM practices to achieve SC sustainability. While the DCV traditionally
emphasizes a firm’s ability to integrate, build, and reconfigure internal and external competencies
in response to environmental changes (Teece, 2007), this study breaks new ground by empirically
illustrating how the combination of BDAC and GSCM creates a dynamic interplay that enhances
a firm’s adaptability and sustainability performance. Previous studies have examined BDAC and
GSCM independently (Jeble et al., 2018; Huang et al., 2024), but the interaction between these
capabilities within the DCV framework has remained underexplored. By showing how BDAC and
GSCM jointly contribute to sustainability across economic, social, and environmental dimensions,
this study enriches the DCV by highlighting the importance of integrating complementary
capabilities to achieve sustained competitive advantage in an era increasingly defined by
sustainability challenges.

Second, the study empirically validates the positive impact of BDAC on the three dimensions of
supply chain sustainability—economic, social, and environmental performance—within the
context of the TBL framework. This finding not only corroborates existing research that
emphasizes the role of BDAC in enhancing operational efficiency and resilience (e.g., Dubey et
al., 2020; Liu et al., 2023) but also extends this body of literature by demonstrating the broad
applicability of BDAC across multiple dimensions of sustainability. By adopting a comprehensive
TBL perspective, this study addresses the call for research that moves beyond the economic
benefits of BDAC to explore its role in achieving balanced economic, social, and environmental
objectives in SC management.

Third, the study highlights the moderating role of GSCM practices in enhancing the impact of
BDAC on SC sustainability. This insight contributes to the literature on SSCM by underscoring
the necessity of integrating green practices into data-driven decision-making processes. While
prior research has largely focused on the independent effects of GSCM on sustainability
(Dzikriansyah et al., 2023; Hejazi et al., 2023), this study reveals that GSCM practices are most
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effective when combined with advanced technological capabilities like BDAC. This finding
advances SSCM theory by illustrating how the alignment of technological and sustainable
practices can amplify the positive outcomes of each, thereby offering a more integrated approach
to achieving long-term sustainability in SCs.

6.2 Managerial Implications

The findings of this study have several practical implications for SC managers and policymakers.
For SC managers, the positive impact of BDAC on SC sustainability underscores the importance
of investing in data-driven analytical capabilities. Firms should focus on developing robust data
analytics infrastructure, acquiring skilled personnel, and fostering a data-driven culture to harness
the full potential of BDAC. By leveraging big data, managers can improve decision-making,
enhance operational efficiency, and achieve SSCP.

The significant moderation effects of GSCM practices suggest that firms should integrate green
SC management practices with their data analytics initiatives. Managers should adopt practices
such as sustainable sourcing, waste reduction, and minimization of carbon footprint to enhance the
effectiveness of their BDAC efforts. By aligning GSCM practices with data-driven strategies,
firms can achieve a competitive edge while contributing to environmental sustainability.

For policymakers, the study highlights the importance of promoting policies that encourage
adopting BDAC and GSCM practices in the supply chain sector. Governments and regulatory
bodies should incentivize firms to invest in big data analytics and implement green practices.
Policies that support training and development programs in data analytics and sustainability can
help build the necessary skills and capabilities within the industry. Additionally, policymakers
should encourage collaboration between industry and academia to foster innovation and
disseminate best practices in sustainable SC management.

7.0 Conclusion

This study has developed and tested a theoretical framework grounded on DCV theory to explore
the role of BDAC in enhancing SC sustainability while examining the moderating effects of
GSCM practices. Utilizing data from 159 respondents in the Bangladeshi RMG sector, the findings
reveal that BDAC significantly improves economic, social, and environmental performance.
Additionally, GSCM practices significantly strengthen the positive impacts of BDAC on these
dimensions of sustainability. These results underscore the importance of integrating BDAC with
GSCM practices to achieve comprehensive SC sustainability. The study contributes to the DCV
by illustrating how the reconfiguration and integration of BDAC and GSCM can lead to sustained
competitive advantage and improved sustainable performance in supply chains.

7.1 Limitations and Future Scopes

Despite the valuable insights provided by this study, several limitations should be acknowledged.
First, the cross-sectional nature of the data limits the ability to infer causality between BDAC,

Page 46 of 90



Page 47 of 90

oNOYTULT D WN =

Benchmarking: an International Journal

GSCM practices, and SC sustainability outcomes. Future research could employ longitudinal
designs better to capture the dynamic effects of these variables over time.

Second, the study focuses solely on the Bangladeshi RMG sector, As the Bangladeshi RMG sector
is the second-largest clothing exporter, holding a 6% share of the global market (Khan & Ullah,
2017), it encompasses a wide range of activities similar to those in other industries. The research
findings from this sector provide valuable insights that can be adapted to other industries and
regions. However, further studies are necessary to examine these dynamics in different sectors to
improve the generalizability of the results. Future research should also explore these relationships
across diverse sectors and regions to strengthen external validity.

Third, while this research uses survey data from senior SC executives, incorporating multiple
respondents from each firm or triangulating survey data with qualitative interviews could provide
a more comprehensive understanding.

The fourth aspect to consider is the influence of various data-driven enabling technologies within
the ready-made garment (RMGQG) sector. Specifically, the application of blockchain technology can
enhance transparency and traceability throughout the supply chain, as discussed by Manzoor et al.
(2024). Additionally, artificial intelligence (Al) technologies, explored by Fosso Wamba et al.
(2024) and Dubey et al. (2024), have the potential to optimize manufacturing processes, improve
demand forecasting, and personalize customer experiences. Furthermore, other emerging
technologies, such as the Internet of Things (IoT) and data analytics, can also play significant roles
in increasing efficiency, reducing waste, and fostering innovation within the RMG industry.
Understanding the interplay of these technologies is crucial for driving growth and sustainability
in the sector.

Lastly, we applied the DCV perspectives to frame our research; however, future studies may apply
other theoretical frameworks to offer a more comprehensive explanation. Researchers could
explore additional organizational capabilities or assets that complement BDAC. Moreover,
incorporating theoretical perspectives such as the knowledge-based view, contingency theory,
information processing theory, organizational learning, and organizational culture might yield
valuable extensions to our study.
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Big Data Analytics Capability and Supply Chain Sustainability: Analyzing the
Moderating Role of Green Supply Chain Management Practices

Abstract

Purpose: This research develops a theoretical framework to understand the role of big data
analytics capability (BDAC) in enhancing supply chain sustainability and examines the
moderating effect of green supply chain management (GSCM) practices on this relationship.

Design/Methodology: Guided by the dynamic capability view (DCV), we formulated a theoretical
model and research hypotheses. We used partial-least-square-based structural equation modeling
(PLS-SEM) to analyze data collected from 159 survey responses from Bangladeshi ready-made
garments (RMG).

Findings: The statistical analysis revealed that BDAC positively impacts all three dimensions of
supply chain sustainability: economic, social, and environmental. Additionally, GSCM practices
significantly moderate the relationship between BDAC and supply chain sustainability.

Value/Originality: This study advances the current understanding of supply chain sustainability
by integrating BDAC with GSCM practices. It is among the first to empirically investigate the
combined effects of BDAC on the three dimensions of sustainability—economic, social, and
environmental—while also exploring the moderating role of GSCM practices. By employing the
DCV, this research offers a robust theoretical framework highlighting the dynamic interplay
between technological and environmental capabilities in achieving sustainable supply chain
performance.

Implications: This study makes unique contributions to the operations and supply chain
management literature by providing empirical evidence and theoretical insights that extend beyond
the focus on single sustainability dimensions. The findings offer valuable guidelines for
policymakers and managers to enhance supply chain sustainability through BDAC and GSCM
practices.

Keywords: Big data analytics capability (BDAC), dynamic capability view (DCV), sustainable
supply chain performance (SSCP), green supply chain management (GSCM).

Type: Research paper

1.0 Introduction

In recent years, the imperative for sustainability within supply chains (SCs) has grown
exponentially due to the significant environmental impacts of SC activities, including production,
distribution, transportation, and disposal (Bag et al., 2023; Shrivastava, 2023; Yan et al., 2024).
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This urgency is driven by increasing global awareness and regulatory pressures, necessitating a
shift towards sustainable supply chain management (SSCM) (Le, 2023; Srivastava & Bag, 2023;
Jum’a et al., 2024). SSCM seeks to integrate sustainable practices into SC operations to balance
economic, social, and environmental performance (Cetindamar et al., 2022). By doing so, SSCM
addresses environmental challenges, enhances corporate reputation, reduces costs, and meets
regulatory requirements. Pursuing sustainable supply chain performance (SSCP) is now a critical
goal for organizations, particularly in emerging economies where the balance between industrial
growth and environmental stewardship is precarious (Naseer et al., 2023; Raj et al., 2023).

The triple bottom line (TBL) framework encompasses economic, social, and environmental
dimensions, is a cornerstone for understanding sustainability in SCs (Carter & Rogers, 2008).
Unlike traditional SC management, which primarily focuses on financial outcomes, SSCM
emphasizes the need for a holistic approach that addresses broader sustainability issues (Yousefi
& Tosarkani, 2023). This paradigm shift highlights the importance of developing capabilities that
enable organizations to adapt and thrive in an increasingly complex and dynamic environment
(Huang et al., 2024).

With the advent of advanced technologies, big data analytics (BDA) has become a pivotal factor
in optimizing SC performance and achieving competitive advantages (Liu et al., 2023; Kumar et
al., 2023; Gopal et al., 2024). Big data (BD), characterized by its volume, variety, velocity,
veracity, and value, generates vast amounts of information that can be leveraged through BDA
(Rashid et al., 2024). BDA enables firms to process vast amounts of data, uncover hidden patterns,
and make data-driven decisions that enhance operational efficiency (Morimura & Sakagawa,
2023). Studies show that BDA positively impacts supply chain performance through enhanced
resilience and innovation (Arias-Pérez et al., 2022; Bahrami & Shokouhyar, 2022). Developing
BDA capabilities (BDAC) enables firms to execute algorithms faster with larger datasets,
improving decision-making and forecasting market preferences (Choi & Park, 2022). BDAC
allows organizations to convert data into actionable insights, enhancing SC performance and
decision-making (Xu & Pero, 2023). Prominent corporations like Walmart, Uber, Netflix, Google,
Amazon, and Facebook have leveraged BDA to benefit their SC functions (Belhadi et al., 2023).
Implementing BDA in supply chains improves service supply chain innovation capabilities and
overall performance (Sahoo et al., 2023).

Despite the recognized potential of BDAC, there remains a gap in understanding how it influences
the three pillars of supply chain sustainability—economic, social, and environmental performance.
Though few scholars have looked into the impact of BDAC on a single dimension of SC
sustainability, empirical research on their impact across the three dimensions of sustainability is
lacking. For instance, some scholars have explored BDAC’s impact on environmental
sustainability (Dubey et al., 2019; Nisar et al., 2020; Zhu et al., 2022; Belhadi et al., 2023; Sahoo
et al., 2023), and others have examined its relationship with economic performance (Dubey et al.,
2020; Arias-Pérez et al., 2022; Bahrami, & Shokouhyar, 2022; Behl, 2022; Morimura &
Sakagawa, 2023; Gopal et al., 2024), however, comprehensive studies on BDAC’s combined
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effects on all three dimensions are limited. To address this gap, we pose our first research question
(RQI):
RQI1: What are the impacts of BDAC on the three dimensions of supply chain sustainability?

Boyd et al. (2012) assert that models analyzing direct effects are crucial but insufficient for
understanding real-world complexities. Research indicates that BDAC performance depends on
various contextual factors (Dubey et al., 2019; Tipu & Fantazy, 2023; Yamin, 2024). Thus, we
explore conditions that enhance BDAC effectiveness. Green supply chain management (GSCM)
practices have been widely used as a significant influencing element in SC and operations
management literature (Sarkis et al., 2011; Khan et al., 2023; Rahman et al., 2023). Sahoo et al.
(2023) highlight the importance of selecting appropriate practices for a competitive edge in SCM.
Behl et al. (2024) note that GSCM practices can reduce carbon footprints, waste, and hazardous
substances in manufacturing, contributing to sustainability. Rashid et al. (2024) suggest that
GSCM can enhance technological solutions’ effectiveness. Therefore, we propose that GSCM
practices may moderate BDAC’s impact on SSCP. However, empirical studies on this moderating
role are lacking. Thus, we pose our second research question (RQ2):

RQ?2: What are the moderating effects of GSCM on the links between BDAC and SSCP?

We develop a theoretical framework based on the dynamic capability view (DCV) to explore
BDAC's influence on the three sustainability aspects. The DCV emphasizes firms’ adaptation,
integration, and reconfiguration of internal and external competencies, such as BDA and GSCM,
to achieve sustained competitive advantage and supply chain sustainability (Teece, 2007). We
collected 159 responses from the Bangladesh ready-made garments (RMG) industry using a
survey-based questionnaire. Our findings enrich the BDAC literature by integrating the DCV to
explain how BDAC and GSCM jointly contribute to SC sustainability. Additionally, it provides a
nuanced understanding of contextual conditions that enhance BDAC’s effectiveness in achieving
sustainability goals. Practitioners can leverage these insights to implement BDAC and GSCM
practices strategically, improving operational efficiency and environmental performance.

Our document is structured as follows: Section 2 presents the research background and theoretical
foundations. Section 3 discusses theoretical model development. Section 4 covers the research
methodology, including sample selection, data collection, and non-response bias. Section 5 details
the data analysis and results. Section 6 discusses overall findings and future research directions.

2.0 Theoretical background
2.1 DCV

DCV is an extension of the resource-based view (RBV) theory, addressing criticisms that RBV
often fails to explain how and under what conditions resources can grant competitive advantages
(Eisenhardt & Martin, 2000). DCV provides insights into how organizations can achieve
competitive advantages in evolving environments by integrating, reorganizing, and developing
internal and external capabilities (Teece et al., 1997; Ghasemzadeh et al., 2022). According to
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Teece et al. (1997), dynamic capabilities are defined as a company’s ability to adapt to rapidly
changing environments by sensing opportunities and threats, seizing opportunities, and
transforming resources to maintain a competitive edge.

Dynamic capabilities encompass three primary dimensions: sensing, seizing, and transforming.
Sensing involves identifying and assessing opportunities and threats in the market. Seizing refers
to mobilizing resources to capture opportunities and mitigate threats. Transforming entails
reconfiguring and realigning resources to sustain competitiveness (Teece, 2007).

In this context, BDAC is regarded as a dynamic capability that enables organizations to reconfigure
firm-level resources in response to evolving market conditions and technological advancements
(Dubey et al., 2019; Bahrami & Shokouhyar, 2022; Sahoo et al., 2023). By effectively processing,
analyzing, and visualizing data, BDAC provides valuable insights that enhance decision-making,
planning, and execution (Xu & Pero, 2023). Moreover, BDAC fosters innovation and learning by
allowing organizations to experiment with various analytical techniques and continuously refine
their processes (Belhadi et al., 2023).

Given these arguments, DCV serves as an appropriate theoretical lens for understanding the role
of BDAC in achieving business competitiveness in dynamic environments. In this study, we argue
that organizations can remain agile, competitive, and resilient by leveraging BDAC as a dynamic
capability, ultimately contributing to SSCP.

2.2 BDAC

As businesses have become more technologically advanced, their SCs generate vast amounts of
data (Cheng et al., 2023; Riggs et al., 2023). Jum’a et al. (2024) highlight that big data is a novel
method for organizing and analyzing this information, providing valuable insights for SC
participants. Belhadi et al. (2023) define big data as extensive, diverse observational data that
supports various decision-making processes. While almost all firms now have access to big data,
traditional methods often fall short of effectively analyzing and deriving meaningful conclusions
from large datasets (Bagherpasandi et al., 2024). To address this, organizations require real-time
capabilities to handle larger and more complex data sets, leading to commercial benefits. This
necessitates the development of new data architectures, analytical techniques, and tools (Bag et
al., 2023).

Researchers have acknowledged that the success of big data projects depends not just on data
availability, analytical tools, and process utilization but on a broader range of factors (Bahrami &
Shokouhyar, 2022; Ma & Chang, 2024). The big BDAC concept was introduced to capture this
complexity (Rashid et al., 2024). BDAC is generally defined as an organization’s ability to
effectively leverage data management, infrastructure, and talent to derive actionable insights,
transforming the business into a competitive force (Riggs et al., 2023). With BDAC, organizations
can process, analyze, and visualize data, thereby improving planning, decision-making, and
mission execution (Shi et al., 2023; Gupta et al., 2024).
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Nisar et al. (2023) assert that applying BDAC in supply chains can mitigate various organizational
uncertainties related to capacity, supplier availability, and customer demands. Moreover, BDAC
can foster process-oriented dynamic capabilities within organizations, enhancing firm
performance. By adopting a holistic view of BDAC that encompasses all relevant organizational
resources, firms can maximize the strategic value of big data, gaining a sustainable competitive
advantage in today’s data-driven business environment (Jum’a et al., 2024).

2.3 GSCM

In recent years, there has been a growing emphasis on integrating environmental sustainability into
SCM, giving rise to the concept of GSCM. GSCM refers to incorporating eco-friendly practices
in supply chain operations, encompassing procurement, production, distribution, and end-of-life
management (Feng et al., 2022). This approach aims to minimize SCs' environmental footprint by
reducing waste, emissions, and energy consumption while enhancing resource efficiency and
sustainability (Sarkis et al., 2011).

GSCM practices include various activities such as green procurement, eco-design, reverse
logistics, and sustainable packaging (Behl et al., 2024). Green procurement involves selecting
suppliers based on their environmental performance and encouraging them to adopt sustainable
practices. Eco-design focuses on creating products with minimal environmental impact throughout
their lifecycle, from raw material extraction to disposal. Reverse logistics involves the process of
reclaiming products for reuse, recycling, or proper disposal, thereby reducing waste and
conserving resources. Sustainable packaging aims to use recyclable or biodegradable materials,
reducing the environmental burden of packaging waste (Sarkis et al., 2011; Behl et al., 2024).
Proactive GSCM practices ensure regulatory compliance, enhance reputation, and drive economic
benefits by improving environmental performance, attracting eco-conscious consumers and
investors (Althaqafi, 2023; Tsai et al., 2023; Wiredu et al., 2023).

GSCM practices are adopted by various factors, including regulatory pressures, stakeholder
expectations, and the desire for competitive advantage (Karmaker et al., 2023). Governments
worldwide have implemented stringent environmental regulations that compel organizations to
adopt sustainable practices. Additionally, consumers and other stakeholders increasingly demand
environmentally responsible products and practices, prompting companies to integrate
sustainability into their SC strategies (Akram et al., 2024). Firms that successfully implement
GSCM can achieve significant benefits such as cost savings, improved brand image, and enhanced
compliance with environmental standards (Dzikriansyah et al., 2023; Balkumar et al., 2024).

Moreover, GSCM can significantly influence SC sustainability by integrating the TBL principles,
which focus on economic, social, and environmental performance (Huang et al., 2024). By
reducing environmental impact and promoting social responsibility, GSCM helps organizations
achieve a balanced approach to sustainability, which is essential for long-term success and
resilience in the competitive market (Khan et al., 2023). In conclusion, GSCM represents a
strategic approach to achieving SC sustainability by integrating environmental considerations into
SCM. The adoption of green practices not only helps organizations comply with regulatory
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requirements and meet stakeholder expectations and provides a competitive edge by enhancing
operational efficiency and brand reputation (Hunag et al., 2024).

2.4 SSCP

SSCP is an integral concept in contemporary SCM, emphasizing the need for a holistic approach
that balances economic, social, and environmental performance. The TBL framework underpins
SSCP, advocating that businesses should focus on profitability and consider their social and
environmental responsibilities (Elkington, 1998). The pursuit of SSCP is becoming increasingly
critical as organizations strive to meet the demands of various stakeholders, including customers,
regulators, and the broader community, while ensuring long-term sustainability and
competitiveness (Yousefi & Tosarkani, 2023). Moreover, SSCP drive innovation, encouraging
the development of new products and processes that are both eco-friendly and cost-effective
(Holling & Backhaus, 2023; Kumar et al., 2023).

2.4.1 Economic Performance

The economic dimension of SSCP pertains to the financial health and efficiency of SC operations.
This includes cost reduction, improved profitability, and value creation throughout the SC
(Cetindamar et al., 2022). Effective SC management practices can lead to significant economic
benefits by optimizing resource utilization, enhancing operational efficiency, and reducing waste.
Economic sustainability in supply chains ensures long-term financial viability and competitive
advantage, crucial for organizational success in a dynamic market environment (Khan et al., 2023;
Huang et al., 2024). SSCP boost economic performance by reducing energy and water costs,
enhancing efficiency, and leveraging digital technologies for better resource management &
driving profitability (Abuzawida et al., 2023; Al-Khatib, 2023; Asante-Darko & Osei, 2023; Billah
etal., 2023; Xu et al., 2023).

2.4.2 Social Performance

The social dimension of SSCP focuses on the impact of SC activities on various stakeholders,
including employees, communities, and customers. It encompasses labor practices, human rights,
community engagement, and customer satisfaction (Karmaker et al., 2023). Ensuring fair labor
practices, promoting diversity and inclusion, and engaging in ethical sourcing are key components
of social sustainability. By addressing social concerns, organizations can build stronger
relationships with stakeholders, enhance brand reputation, and foster customer loyalty, which is
essential for sustainable business operations (Dubey et al., 2019; Saha et al., 2023). Ensuring safe
working conditions and responsible sourcing are essential for social sustainability. Promoting
diversity and societal responsibility strengthens relationships with stakeholders. Prioritizing
product safety, social capital comprising networking, trustworthiness, and information exchange
plays a significant role in developing sustainable supply chains (Al-Tarawneh et al., 2024;
Khokhar et al., 2020; Wijaya & Said, 2024).ss

2.4.3 Environmental Performance
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The environmental dimension of SSCP involves minimizing the ecological footprint of SC
activities. This includes reducing resource consumption, waste, and emissions throughout the SC
(Nisar et al., 2020). Environmental sustainability practices in supply chains often involve adopting
green technologies, implementing energy-efficient processes, and promoting the circular
economy. By integrating environmental considerations into SCM, organizations can mitigate
environmental risks, comply with regulatory requirements, and contribute to global sustainability
goals (Zhu et al., 2022; Sahoo et al., 2023). This enhances environmental performance and drives
innovation and operational efficiencies (Gallo et al., 2023).

3.0 Theoretical Framework and Hypothesis

The DCV constitutes the basis of our theoretical framework (Figure 1). Drawing on the DCV
theory, this study posits that BDAC serves as a critical dynamic capability, enabling firms to
reconfigure their resources and processes in response to evolving market conditions and
technological advancements (Dubey et al., 2019; Bahrami & Shokouhyar, 2022). BDAC allows
organizations to effectively process, analyze, and utilize vast amounts of data, enhancing their
economic, social, and environmental performance—key dimensions of SSCP (Dubey et al., 2020;
Riggs et al., 2023). Additionally, GSCM practices are hypothesized to play a moderating role in
this relationship. By integrating environmental considerations into supply chain operations, we
argue that GSCM practices can amplify the positive impact of BDAC on SSCP. This integration
is theorized to enhance the firm’s ability to achieve sustainability goals, comply with regulatory
requirements, and meet stakeholder expectations, ensuring long-term competitiveness and
resilience.

3.1 Impact of BDAC on Economic Performance

In the contemporary business environment, maintaining profitability is paramount for firms' long-
term survival and competitiveness (Jeble et al., 2018). Economic performance (ECOP) is typically
assessed through profitability, competitiveness, cost reduction, and brand equity (Behl, 2022). The
existing literature underscores the significant role of BDAC in enhancing ECOP. Bag et al. (2023)
state that effective BDAC enables firms to optimize resource allocation, reduce costs, and improve
overall profitability through demand forecasting, inventory management, and production planning.
Furthermore, Morimura and Sakagawa (2023) argue that BDAC provides real-time insights into
market trends and consumer behavior, allowing for more informed and timely decisions that drive
economic benefits. Large firms benefit from value-added advantages, while small firms experience
increased sales through product innovation. BDA improves investment efficiency, allowing for
timely and informed decision-making, and enhances forecasting accuracy by utilizing high-
frequency data. In the financial sector, BDA supports risk management and decision-making,
promoting strategic agility and sustainable performance in dynamic markets (Ansari &
Ghasemaghaei, 2023; Boreik et al., 2023; Conti et al., 2023; Reddy & Reddy, 2023). Additionally,
BDAC supports the development of predictive analytics, which can anticipate market fluctuations
and optimize pricing strategies (Dubey et al., 2020). From the DCV perspective, BDAC can be
seen as a dynamic capability that allows firms to reconfigure their resources and processes to adapt
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to changing market conditions and achieve superior ECOP (Bahrami & Shokouhyar, 2022; Sahoo
et al., 2023). Therefore, we hypothesize:

HI: BDAC has a positive impact on ECOP
3.2 Impact of BDAC on Social Performance

In today’s socially conscious business environment, organizations are increasingly expected to go
beyond economic success and demonstrate a commitment to social responsibility. Ensuring
positive social performance (SP) is crucial for firms to maintain strong stakeholder relationships
and foster customer loyalty (Choi & Park, 2022). BDAC can significantly enhance SP by enabling
firms to analyze extensive data on employee welfare, working conditions, and community impact
(Dubey et al., 2019). Choi and Park (2022) argue that BDAC facilitates better labor practices and
more ethical sourcing decisions, ensuring compliance with social standards and regulations.
Moreover, BDAC allows organizations to monitor real-time customer feedback and preferences,
enhancing customer satisfaction and loyalty through tailored products and services (Jeble et al.,
2018). Big Data enables the personalization of services and products, enhancing user satisfaction
and engagement while improving social competence in digital learning environments (Sfetcu,
2024). Big data analytics provides insights into human behavior and market trends, benefiting
marketing and customer understanding and planning future initiatives. Additionally, it reveals
patterns in social interactions that correlate with academic success and foster innovation
performance, especially in high-tech firms (Elfeky et al., 2023; Sfetcu, 2024; Wang et al., 2023).
Through the DCV lens, BDAC helps firms sense social trends and stakeholder needs, seize
opportunities to improve social impact and transform organizational practices to align with social
sustainability goals (Dubey et al., 2019; Bahrami & Shokouhyar, 2022). Therefore, we
hypothesize:

H2: BDAC has a positive impact on SP
3.3 Impact of BDAC on Environmental Performance

The increasing visibility of global warming effects, driven by carbon emissions, has spurred
discussions on environmental concerns from local government bodies to international forums such
as the United Nations. As a result, businesses face growing pressure to operate sustainably and
comply with regulatory requirements (Rashid et al., 2024). High environmental performance (EP)
is essential for firms to reduce their ecological footprint and contribute to global sustainability
goals. Scholars widely highlight the critical role of BDAC in achieving EP. Sahoo et al. (2023)
argue that BDAC can enhance EP by enabling firms to adopt data-driven approaches for
environmental management. BDAC allows for the monitoring and optimizing energy use, waste
management, and emission control through advanced analytics and real-time data processing
(Nisar et al., 2020; Zrigui et al., 2023) . Real-time waste monitoring with BDA helps companies
identify opportunities to reduce waste, minimize landfill use, and promote recycling or
reuse(Namoun et al., 2022; Niska & Serkkola, 2018). Big data optimizes routes, schedules, and
inventory management, reducing fuel use, emissions, storage needs, and transportation of surplus
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goods for an environment-friendly logistics process (Li, 2023; Moldagulova et al., 2020; Pujiarto
et al., 2021). From the DCV perspective, BDAC provides the dynamic capability to sense
environmental challenges, seize opportunities for green innovation, and transform organizational
processes to achieve sustainable environmental outcomes (Dubey et al., 2019). By integrating
BDAC into their environmental strategies, firms can enhance their ecological performance,
comply with environmental standards, and drive innovation for sustainability (Bag et al., 2023;
Gallo et al., 2023). Therefore, we hypothesize:

H3: BDAC has a positive impact on EP
3.4 Moderating Effect of GSCM

BDAC provides valuable insights by processing vast amounts of data from various sources,
thereby enabling better decision-making and strategic planning (Sahoo et al., 2023; Fantazy &
Tipu, 2024). Nisar et al. (2023) note that organizations must implement sustainable practices to
leverage BDAC's insights to achieve sustainable advantages effectively. Karmaker et al. (2023)
report that integrating GSCM with data-driven technologies can enable organizations to utilize
data-driven insights to optimize resource allocation, improve operational efficiency, and reduce
costs, thereby enhancing ECOP. Similarly, GSCM practices foster ethical sourcing, fair labor
practices, and community engagement, which, when combined with BDAC insights, can
significantly enhance SP by building stronger relationships with stakeholders and enhancing brand
reputation (Rashid et al.,, 2024). Furthermore, GSCM practices focus on reducing the
environmental impact of SC activities (Feng et al., 2022). By utilizing BDAC, firms can identify
inefficiencies and adopt green technologies, energy-efficient processes, and circular economy
models, thereby improving EP (Cheng et al., 2023). Thus, we posit that organizations with strong
GSCM practices can more effectively utilize the insights provided by BDAC to achieve SSCP.
Therefore, we hypothesize:

H4a: GSCM positively moderates the link between BDAC and ECOP
H4b: GSCM positively moderates the link between BDAC and SP
H4c: GSCM positively moderates the link between BDAC and EP.
The theoretical model is presented in Figure 1.
4.0 Research Methodology

This study employs a two-stage mixed methodology, proven effective in previous research
(Schilke, 2014; Dubey et al., 2019). The first stage involves developing survey instruments with
measurement items extracted from the existing literature, followed by pre-testing with scholars to
ensure validity and reliability. In the second stage, a cross-sectional survey was conducted to
collect data from diverse sample respondents within the Bangladeshi RMG sector. Analytical
methods are selected to systematically and thoroughly collect, analyze, and interpret data, which
is essential for obtaining reliable and valid results. These methods help form a holistic picture of
the study and understand the correlation of all variables within the research framework (Khoa et
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al., 2023; Practices, 2024). This systematic approach ensures that the research findings are robust
and can be generalized to a broader context.

Economic
Performance
(ECOP)

Social Performance
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Big Data Analytics
Capability (BDAC)

Green Supply
Chain Management
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Firm Size (FS)
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Figure 1. Theoretical Model
4.1 Survey Instrument Development

A survey-based questionnaire was developed to test the proposed model. Measurement items for
each construct were sourced from previous relevant literature, with adjustments made to align the
items with the context of BDAC. All exogenous and endogenous constructs were operationalized
as reflective constructs (see Table I). The survey questionnaire was pre-tested through eight
interviews involving five industry experts and three academicians specializing in data analytics
and sustainability performance. They evaluated the questionnaire for the suitability of the
measurements, clarity of the questions, and potential ambiguities (DeVellis, 1991). Based on their
feedback, adjustments were made to enhance the questionnaire’s effectiveness and alignment with
the model requirements. All measuring scales utilized a seven-point Likert scale, ranging from “1
= strongly disagree” to “7 = strongly agree.”

Firm size is a key control variable in corporate finance and governance research due to its
substantial influence on financial performance and behavior. Although factors like industry type,
firm age, and ownership structure are also relevant, they are often controlled differently or deemed
less impactful (Yadav et al., 2021). Prioritizing firm size simplifies analysis and enhances the
robustness of findings, especially under data constraints. So to control for potential variations in
resources, capabilities, and organizational structures, firm size (FS) was included as a control
variable. Larger firms may possess more advanced technological infrastructures and greater
financial capacity to implement SC management practices, which could skew results if not
controlled (Dubey et al., 2019). Firm size was categorized based on the number of employees:
firms with <500 employees were classified as small, and firms with >500 employees were
classified as large.
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4.2 Data Collection

Data were collected using a cross-sectional survey from firms registered with the Bangladesh
Garment Manufacturers and Exporters Association (BGMEA). The Bangladeshi RMG sector was
selected due to its significant global presence and impact on economic development and
sustainability challenges. As one of the largest apparel exporters worldwide, Bangladesh’s RMG
industry faces pressing issues related to SC sustainability (Saha et al., 2024), making it an ideal
context to explore the role of BDAC and the moderating influence of GSCM.

The organizational unit served as our unit of analysis, and the survey was designed for a single
respondent. To ensure a representative sample, we employed a simple random sampling technique
(Dillman, 2011). The BGMEA database, which includes detailed information on registered RMG
firms, served as our sampling frame. 760 firms were selected from this database to participate in
the study. The selection process aimed to cover a diverse range of firms in size, market presence,
and commitment to integrating technological innovations with sustainable practices. Senior supply
chain executives (e.g., purchasing managers, inventory managers, materials managers,
procurement managers, sourcing managers, distribution managers, supply chain managers,
logistics managers, planning managers, and operations directors) were targeted as respondents.
These individuals were chosen due to their comprehensive knowledge and expertise in SC
management practices, information flow, and the adoption of data-driven technologies.

Questionnaires were e-mailed to the selected respondents through Google Forms. We followed up
with multiple reminders, typically three times to enhance the response rate. In total, we received
159 comprehensive and usable responses, resulting in a response rate of 20.92%.In Bangladeshi
corporate offices, employees often face extended working hours, leading to fatigue and a lack of
motivation to participate in additional tasks such as surveys. Furthermore, the absence of financial
incentives or adequate remuneration for their participation diminishes their interest and willingness
to engage, resulting in a notably low response rate for such surveys. However, this response rate
is deemed sufficient for PLS-SEM analysis (Dubey et al., 2020; Saha et al., 2023). We ensured the
eligibility of respondents by excluding participants who were not from the RMG sector or lacked
relevant experience. Additionally, incomplete responses were not included in the analysis.

The demographic profiles of the 159 respondents were analyzed, focusing on key attributes such
as firm size, experience, gender distribution, and professional designation. The gender distribution
revealed a male-to-female ratio of 125:34. Regarding firm size, most respondents were associated
with large firms (135, 84.91%), while a considerably smaller proportion were from small firms
(24, 15.09%). All respondents held managerial or higher-level positions. Among these, Supply
Chain Managers constituted the largest group (58, 36.48%), followed by Directors of Operations
(38, 23.91%), Logistics Managers (18, 11.32%), Procurement Managers (17, 10.69%), Planning
Managers (12, 7.54%), Materials Managers (9, 5.66%), and Other Managers (7, 4.40%). In terms
of professional experience, the majority of respondents had 611 years of experience (91, 57.23%),
followed by those with 12—16 years (56, 35.23%) and 17-24 years (12, 7.54%). This analysis
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highlights significant variation in demographic and professional attributes among the respondents.
The sampling and response details are presented in Table II.

Table I. Measures

(SP2)

Construct Type Measures Sources
Big data | Reflective | We employ data visualization methods for | (Dubey et al.,
analytics comprehending intricate information | 2019; Bahrami &
capability extracted from extensive data sources | Shokouhyar,
(BDAC) (BDACTI) 2022; Fantazy &

We utilize advanced analytical tools (such as | Tipu, 2024)

optimization, regression, or simulation) to

analyze data (BDAC?2)

We integrate data from multiple sources

(including company reports and social media)

for comprehensive data analysis (BDAC3)
Green supply | Reflective | Our firm invests in technologies that enhance | (Karmaker et al.,
chain energy efficiency across the SC (GSCM1) 2023; Behl et al.,
management Our firm implements strategies for recycling, | 2024; Huang et
(GSCM) reusing, and safe disposal of products at the | al., 2024)

end of their lifecycle (GSCM2)

Our firm conducts regular audits to ensure

compliance with environmental standards and

regulations (GSCM3)
Economic Reflective | Our firm achieves higher gross profit margins | (Jeble et al.,
Performance by decreasing materials purchasing costs | 2018; Jum’a et
(ECOP) (ECOP1) al., 2024)

Our firm enhances net income margins by

reducing energy consumption expenses

(ECOP2)

Our firm increases operational efficiency by

optimizing logistics and transportation costs

(ECOP3)

Our firm improves cost-efficiency by

minimizing fees associated with waste

discharge (ECOP4)
Social Reflective | Our firm believes in gender equality (SP1) (Jeble et al,
Performance Our firm places significant emphasis on | 2018; Jum’a et
(SP) employee safety and occupational health | al., 2024)
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Our firm adheres to international labor
standards and conventions (SP3)

Environmental | Reflective | Our firm has implemented measures to reduce | (Jeble et al,

Performance air emissions (EP1) 2018; Jum’a et
(EP) Our firm has adopted practices for recycling | al., 2024)
wastewater (EP2)

Our firm has taken steps to prevent the

discharge of solid waste (EP3)

4.3 Non-response Bias

Given the survey-based data collection process, we checked for non-response bias following
Armstrong and Overton’s (1977) guidelines. Collected data were categorized into early and late
responses, as early respondents are thought to have greater interest in and understanding of the
topic. Then, we conducted a t-test following Armstrong and Overton’s (1977) recommendations
and found no statistically significant difference between early and late responses. As bias did not
influence our research, the two data sets were merged to test our model.

Table I1. An overview of the sampling

Criteria Genre Number Responses rate
Gender Male 125 78.61%
Female 34 21.39%
Firm size Small (<500 employees) 24 15.09%
Large (500-5000 employees) 135 84.91%
Experience 6-11 years 91 57.23%
12-16 years 56 35.23%
17-24 years 12 07.54%
Designation Director of Operations 38 23.91%
Planning Manager 12 07.54%
Procurement Manager 17 10.69%
Materials Manager 9 05.66%
Supply Chain Manager 58 36.48%
Logistics Manager 18 11.32%
Other Manager 7 04.40%

5.0 Data Analysis and Result

To test our theoretical model, we employed WarpPLS 8.0 software, which utilizes the partial least
squares-based structural equation modeling (PLS-SEM) technique (Kock, 2019). PLS-SEM is
particularly suited for our study due to its predictive orientation (Peng & Lai, 2012) and its ability
to effectively handle complex models with smaller sample sizes (Hair et al., 2016). Besides, PLS-
SEM is robust to non-normal data distributions and does not require strict assumptions about the
underlying data distribution, enhancing its applicability across diverse research domains (Peng &
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Lai, 2012; Dubey et al., 2020). Furthermore, PLS-SEM allows for the simultaneous evaluation of
measurement and structural models. This dual capability is a powerful tool for theory development
and hypothesis testing, enabling us to rigorously assess the predictive accuracy of our independent
latent variables (Henseler et al., 2015). Unlike covariance-based SEM (CB-SEM), PLS-SEM
considers measurement errors, thus providing more accurate and reliable results (Dubey et al.,
2020; Kock, 2019; Tiwari et al., 2024). Therefore, by employing WarpPLS 8.0, we aim to leverage
these strengths to comprehensively evaluate the relationships and hypotheses proposed in our
study, ensuring robust and reliable results. In addition to reviewing the relevant supporting
literature, we undertook a thorough assessment of the minimum sample size required for our study,
following the guidelines proposed by Kock and Hadaya (2018). This assessment is particularly
important as we plan to perform statistical analyses using Partial Least Squares Structural Equation
Modeling (PLS-SEM). Kock and Hadaya (2018) recommend employing two specific tests to
determine the necessary sample size: the inverse square root method and the gamma-exponential
method. According to their recommendations, for a significance level set at 0.05 and a power level
of 0.80, the minimum sample size required should range between 146 and 160 participants. This
range is crucial for ensuring that our findings will have adequate statistical power and reliability.
In our study, we collected a sample size of 159 participants, which falls comfortably within the
recommended range. This indicates that our sample is sufficiently large to support the statistical
analyses we intend to conduct, thus enhancing the validity of our research outcomes.

Minimum absolute significant patr caefficient inmodel (range’ 0.01to 0.99)

0.197

Signifizance level used (range. 0.001 o 0.5)

0.050

Power level required (range. 0.5 to 99)

0800

Notes leave cell empty for defaulf value; re<alculation accurs each ime any of the values above changes; heuristic rule: sample sizas
cannol be lower than 4, may be slow for very small minimum paih coefficients, very high power levels, and vary low significance levels

Inverse square root method Gamma-exponential method
minimum required sample size: 160 minimum required sample size: 146

0.8015 - 0.8005

Statistical power
\
Statistical power

o.7g93} ———

159 160 145 146
Sample size Sample size

Figure 2: Minimum Sample Size based on Kock & Hadaya (2018) (source: Authors own analysis
based on the WarpPLS 8.0)
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5.1 Measurement Model

We used confirmatory factor analysis (CFA) to assess our measurement model's convergent and
discriminant validity. Following Fornell and Larcker’s (1981) recommendations, we reported
composite reliability (SCR) values, factor loadings for each measurement item (A), and the average
variance extracted (AVE) values (Table III). As shown in Table III, all factor loadings for the
measurement items exceed the threshold limit of 0.5 and the SCR and AVE values also surpass
their respective cut-off points (i.e., SCR > 0.7, AVE > 0.5), suggesting high convergent validity of
our constructs (Fornell & Larcker, 1981). We further calculated Cronbach’s alpha (o) values for
each construct to evaluate the reliability of our measurement model (Table III). All a values were
above the acceptable threshold of 0.7, confirming the constructs' high internal consistency and
reliability (Hair et al., 2017).

Table II1. Convergent validity test (SCR, Cronbach’s Alpha (o) and AVE)

Construct Items Factor loadings | Variance Error SCR AVE
) (U] (1-2)

Big Data Analytics | BDACI | 0.95 0.90 0.10

Capability (BDAC) | BDAC2 | 0.96 0.92 0.08 0.97 0.91

(0=0.947) BDAC3 | 0.94 0.88 0.12

Green supply chain | GSCM1 | 0.88 0.77 0.23

management GSCM2 | 0.87 0.76 0.24 0.90 0.76

(GSCM) (0=0.840) | GSCM3 | 0.86 0.74 0.26

Economic ECOP1 | 0.83 0.69 0.31

Performance ECOP2 | 0.77 0.59 0.41 0.88 0.65

(ECOP) (0=0.822) | ECOP3 | 0.80 0.64 0.36 ' ’
ECOP4 | 0.82 0.67 0.33

Social Performance | SP1 0.80 0.64 0.36

(SP) (0=0.727) SP2 0.83 0.69 0.31 0.85 0.65
SP3 0.78 0.61 0.39

Environmental EP1 0.82 0.67 0.33

Performance (EP) | EP2 0.88 0.77 0.23 0.85 0.66

(0=0.735) EP3 0.72 0.52 0.48

Then, we tested the discriminant validity following Fornell and Larcker’s (1981) suggestions
(Table IV). Fornell and Larcker (1981) stated that a construct shows higher discriminant validity
if its square root of AVE is greater than all other constructs’ correlation values. The square root of
AVEs for each latent variable exceeded its correlations with other constructs, confirming
discriminant validity (Fornell & Larcker, 1981; Gold et al., 2001). Cross-loadings further
supported this, indicating that the constructs are conceptually distinct. Table IV indicates that all
the square root values of AVE (highlighted in italics diagonally) meet the required condition,
which provides significant evidence of the constructs' discriminant validity.

Table IV. Discriminant Validity Test

BDAC GSCM SP EP ECOP
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BDAC 0.95
GSCM 0.09 0.87
SP 0.44 0.02 0.80
EP 0.48 0.10 0.56 0.81
ECOP 0.48 0.11 0.55 0.66 0.81

Note: Italic represents the root-square of AVE of a construct

In our study, we not only applied Fornell and Larcker's (1981) discriminant validity test, but we
also implemented an additional validity assessment recommended by Henseler et al. (2015),
referred to as the HTMT (Heterotrait-Monotrait Ratio) test. This test is designed to provide a more
nuanced evaluation of the discriminant validity of the constructs being analyzed. In our findings,
we observed that the HTMT values were consistently below the suggested threshold of 0.9. This
outcome is significant as it suggests that the constructs under investigation do indeed satisty the
criteria for discriminant validity, meaning they are distinct and measure different concepts
effectively. For further details on our methodology and results, please refer to Appendix 1. In
accordance with the criteria established by Fornell & Larcker (1981) and further refined by
Henseler et al. (2015), our analysis indicates that the constructs utilized in the study demonstrate
both convergent validity and discriminant validity. Convergent validity is confirmed as the
constructs show a strong correlation with their respective indicators, indicating they measure the
same underlying concept. Meanwhile, discriminant validity ensures that the constructs are distinct
from one another, as evidenced by their weak correlations with other constructs. Together, these
validations are fundamental to establishing the overall construct validity of our study, ensuring
that the measurements accurately reflect the theoretical concepts they aim to capture.

5.2 Common Method Bias (CMB)

Survey-based data may be subject to common method biases (CMB) due to consistency in
responses and implicit social desirability (Podsakoff et al., 2003). Recognizing potential biases in
data obtained from a single source utilizing a survey-based instrument, as Ketokivi and Schroeder
(2004) noted, we conducted two tests to assess CMB. Firstly, we performed Harman’s single-
factor test, following Kock’s (2015) guidelines. The analysis revealed that only 37.56% of the total
variance could be attributed to a single factor. Kock (2015) suggested that if the explanatory power
of the single construct of the total variance is more than 50%, it indicates CMB's presence in the
dataset. Thus, CMB is not a major concern in our dataset. Secondly, we conducted the full
collinearity test to evaluate vertical and lateral collinearity, generating variance inflation factors
(VIFs) for all latent variables using WarpPLS (Kock, 2017). A VIF greater than 3.3 suggests
pathological collinearity and potential CMB contamination (Kock, 2017). All VIF values in our
analysis were below 3.3, indicating negligible CMB impact.

Furthermore, we checked causality issues before proceeding to the hypothesis testing. We
analyzed four indices: Simpson’s paradox ratio (SPR), R-squared contribution ratio (RSCR),
Statistical suppression ratio (SSR), and Nonlinear bivariate causality direction ratio (NLBCDR)
(Table V), following Kock’s (2022) suggestions. Our analysis shows the NLBCDR value of 0.833,
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above its cut-off value of 0.7 (Kock, 2022). The SSR and SPR values were determined to be 1,
exceeding the recommended cutoff value of 0.7, indicating a robust value. Additionally, the RSCR
value was found to be 1, which is considered acceptable as it surpasses the threshold of 0.9
(Holland, 1986). Table V demonstrates that all indices are in the allowable range, indicating that
causality is not a significant concern in our study.

Table V. Causality Assessment Indices

Indices Values
SPR 1.000, acceptable if >= 0.7
RSCR 1.000, acceptable if >= 0.9
SSR 1.000, acceptable if >= 0.7
NLBCDR 0.833, acceptable if >= 0.7
5.3 Hypothesis Testing

Our study hypotheses have been tested by PLS-SEM (WarpPLS 8.0). The PLS utilizes a
bootstrapping technique to determine parameter estimations' standard errors and significance
(Chin, 1998). Table VI presents the results of the structural path analysis obtained from the PLS
algorithm, showing standardized path coefficients () and corresponding p-values. For instance, 3
=0.50, p < 0.01, indicates strong support for HI (BDAC—ECOP), demonstrating that BDAC is
a strong predictor of the ECOP. Similarly, H2 (BDAC—SP) (B = 0.45, p < 0.01) and H3
(BDAC—EP) (B=0.49, p <0.01) are statistically significant at the 0.01 level. Next, we evaluated
the moderation effect of GSCM on the paths joining BDAC and EP (H4a), BDAC and SP (H4b),
and BDAC and ECOP (H4c). The results show that all the moderation impacts of GSCM (H4a,
H4b, and H4c) are significant at the 0.05 level (Table VI). We also assessed the impact of the
control variable, firm size (FS), on our model. However, FS was not found to impact the
endogenous variables significantly.

Table VI. Structural Estimates

Hypothesis Effect of Effect on B p-value Results

Hl BDAC ECOP 0.50 <.01 Supported

H2 BDAC SP 0.45 <.01 Supported

H3 BDAC EP 0.49 <.01 Supported

H4a GSCM BDAC-ECOP 0.15 <.05 Supported

H4b GSCM BDAC-SP 0.17 <.05 Supported

H4c GSCM BDAC-EP 0.25 <.05 Supported
control variables FS ECOP 0.02 0.39 Not significant
FS SP 0.03 0.35 Not significant
FS EP 0.07 0.18 Not significant
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We then assessed the explanatory power of our model by estimating the R? values of the
endogenous variables. The R? values for ECOP, SP, and EP are 0.27, 0.22, and 0.26, respectively
(Table VII), indicating moderately strong explanatory power (Chin, 1998). We also determined
the f values to analyze the effect size of BDAC on ECOP, SP, and EP (Cohen, 1988). The effect
sizes are 0.249, 0.200, and 0.236 (Table VII), respectively, indicating large effect sizes (Cohen,
1988). Furthermore, we calculated Stone-Geisser’s Q? values to evaluate the predictive capability
of our model. We found the Q? values for ECOP, SP, and EP are 0.229, 0.261, and 0.276,
respectively (Table VII), suggesting the allowable predictive relevance (Peng & Lai, 2012).

Table VII. Coefficient of variation (R?), predictability (Q?) and effect size (f°)

Construct R? Q? / in relation to BDAC
ECOP 0.27 0.229 0.249
SP 0.22 0.261 0.200
EP 0.25 0.276 0.236
5.4 Model Fit and Indices

We calculated the average path coefficient (APC), average R-squared (ARS), and Average block
VIF (AVIF) to check the fitness and quality of our model (Kock, 2011; Behl et al., 2022). All the
values were in the allowable range (Table VIII). The AVIF value below 3.3 indicates the absence
of multicollinearity issues in the dataset (Kock, 2011). We also calculated Tenenhaus GoF to
measure the goodness of fit, following the suggestions of Tenenhaus et al. (2005). Tenenhaus GoF
is found to be 0.449, which is considered medium (Tenenhaus et al., 2005). Based on these
findings, we can conclude that our model fits our data well.

Table VIII. Model Fitness and quality indices parameter

Fitness and quality indices Values
Average path coefficient (APC) 0.226 (P<0.001)
Average R-squared (ARS) 0.251 (P<0.001)
Average block VIF (AVIF) 1.007 (acceptable if <= 35, ideally <= 3.3)
Tenenhaus GoF 0.449 (small >= 0.1, medium >= 0.25, large >= 0.36)

6.0 Discussion

The results of this study provide significant insights into the relationships among BDAC, GSCM
practices, and SC sustainability across economic, social, and environmental dimensions. The
findings indicate that BDAC positively influences SC sustainability, addressing our first RQ.
Specifically, BDAC was found to be a strong predictor of economic (f = 0.50, p <0.01), social (
=0.45, p <0.01), and environmental performance (f = 0.49, p < 0.01). This outcome aligns with
existing literature, consistently highlighting BDA's transformative potential in SC management.
For instance, Dubey et al. (2024) and Li et al. (2024) note that BDAC enables firms to process vast
amounts of data, leading to improved decision-making, enhanced operational efficiency, and
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greater agility in responding to market changes. Our study confirms these findings and extends
them by empirically validating the positive impact of BDAC on all three dimensions of the TBL.
While previous studies have often focused on individual aspects of sustainability, such as
economic or environmental performance (Zhu et al., 2022; Morimura & Sakagawa, 2023; Gopal
et al., 2024), our research offers a more comprehensive view by examining the combined effects
of BDAC across economic, social, and environmental dimensions simultaneously.

Economically, our findings support earlier work by Chong et al. (2023), who highlighted the role
of BDAC in optimizing inventory levels, reducing costs, and improving demand forecasting
accuracy, which, in turn, enhances financial performance. However, our study contributes to the
literature by demonstrating that BDAC’s economic benefits also have a cascading effect on social
and environmental performance. Socially, our results resonate with the findings of Dubey et al.
(2019), who argued that BDAC enhances transparency and traceability in SC, improving labor
practices and ensuring compliance with social standards. However, our study shows that these
social improvements are also linked to broader supply chain sustainability goals. Environmentally,
the positive influence of BDAC on sustainability is consistent with Sahoo et al. (2023), who noted
its role in supporting sustainable practices such as monitoring and reducing carbon footprints,
managing waste more effectively, and optimizing resource use.

The moderating role of GSCM practices was also confirmed, addressing our second RQ. The
moderation effects of GSCM on the relationships between BDAC and ECOP (H4a), SP (H4b),
and EP (H4c) were significant at the 0.05 level. Variations in the B values were observed across
all dimensions, indicating differing levels of influence. The moderating effect of GSCM on
environmental performance is powerful, as it directly and immediately integrates practices such as
eco-friendly design, waste reduction, emission minimization, sustainable resource utilization,
recycling, and cleaner production (Ihsan & Risonarta, 2023; Shi et al., 2024; Siddiquee et al., 2024;
Z1, 2023)These practices significantly improve key environmental metrics, including carbon
footprint reductions and enhancements in resource efficiency, thereby emphasizing the most
prominent effect. The moderating effect of GSCM on social and economic dimensions is
comparatively lower due to high initial costs, delayed economic benefits, limited consumer
demand for green products, and competitive pressures. Social impacts are less direct and more
challenging to quantify than environmental improvements, relying on factors such as stakeholder
engagement, societal awareness, and implementation scale.

This finding is consistent with the DCV, which posits that firms can achieve sustained competitive
advantage through the integration and reconfiguration of internal and external competencies
(Teece et al., 1997; Ghasemzadeh et al., 2022; Tipu & Fantazy, 2023). While prior studies, such
as those by Dzikriansyah et al. (2023) and Huang et al. (2024), have explored the individual
impacts of GSCM on sustainability, our research extends this body of work by illustrating how
GSCM practices enhance the effectiveness of BDAC in achieving sustainability across multiple
dimensions. This integrated approach provides new insights into how firms can leverage dynamic
capabilities to navigate complex sustainability challenges.
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The DCV emphasizes that it is not just the possession of resources like BDAC that leads to
competitive advantage but how firms dynamically integrate, build, and reconfigure these resources
in response to changing environments. In this context, GSCM practices serve as complementary
capabilities that, when combined with BDAC, enhance a firm’s ability to adapt and respond to
environmental pressures and opportunities. This synergy between BDAC and GSCM practices
highlights a critical extension of the DCV framework. This suggests that dynamic reconfiguring
technological and operational capabilities is key to achieving and sustaining competitive advantage
in today’s rapidly evolving market. For example, Teece (2007) highlights that dynamic capabilities
enable firms to create, extend, and modify their resource base to address rapidly changing
environments. Our findings suggest that by integrating BDAC with GSCM practices, firms are
better positioned to reconfigure their operations to achieve higher levels of sustainability. BDAC
provides the technological capabilities to analyze and utilize data for better decision-making, while
GSCM practices offer the procedural and operational changes needed to implement sustainable
practices. This combination allows firms to continuously adapt their supply chain strategies,
processes, and practices to meet sustainability goals, thus achieving a sustained competitive
advantage.

6.1 Theoretical Implications

This study makes several theoretical contributions to DCV, BDAC, GSCM, and supply chain
sustainability, advancing the understanding of how these constructs interact to shape sustainable
SC outcomes. First, this research extends the DCV by demonstrating the synergistic effects of
integrating BDAC with GSCM practices to achieve SC sustainability. While the DCV traditionally
emphasizes a firm’s ability to integrate, build, and reconfigure internal and external competencies
in response to environmental changes (Teece, 2007), this study breaks new ground by empirically
illustrating how the combination of BDAC and GSCM creates a dynamic interplay that enhances
a firm’s adaptability and sustainability performance. Previous studies have examined BDAC and
GSCM independently (Jeble et al., 2018; Huang et al., 2024), but the interaction between these
capabilities within the DCV framework has remained underexplored. By showing how BDAC and
GSCM jointly contribute to sustainability across economic, social, and environmental dimensions,
this study enriches the DCV by highlighting the importance of integrating complementary
capabilities to achieve sustained competitive advantage in an era increasingly defined by
sustainability challenges.

Second, the study empirically validates the positive impact of BDAC on the three dimensions of
supply chain sustainability—economic, social, and environmental performance—within the
context of the TBL framework. This finding not only corroborates existing research that
emphasizes the role of BDAC in enhancing operational efficiency and resilience (e.g., Dubey et
al., 2020; Liu et al., 2023) but also extends this body of literature by demonstrating the broad
applicability of BDAC across multiple dimensions of sustainability. By adopting a comprehensive
TBL perspective, this study addresses the call for research that moves beyond the economic
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benefits of BDAC to explore its role in achieving balanced economic, social, and environmental
objectives in SC management.

Third, the study highlights the moderating role of GSCM practices in enhancing the impact of
BDAC on SC sustainability. This insight contributes to the literature on SSCM by underscoring
the necessity of integrating green practices into data-driven decision-making processes. While
prior research has largely focused on the independent effects of GSCM on sustainability
(Dzikriansyah et al., 2023; Hejazi et al., 2023), this study reveals that GSCM practices are most
effective when combined with advanced technological capabilities like BDAC. This finding
advances SSCM theory by illustrating how the alignment of technological and sustainable
practices can amplify the positive outcomes of each, thereby offering a more integrated approach
to achieving long-term sustainability in SCs.

6.2 Managerial Implications

The findings of this study have several practical implications for SC managers and policymakers.
For SC managers, the positive impact of BDAC on SC sustainability underscores the importance
of investing in data-driven analytical capabilities. Firms should focus on developing robust data
analytics infrastructure, acquiring skilled personnel, and fostering a data-driven culture to harness
the full potential of BDAC. By leveraging big data, managers can improve decision-making,
enhance operational efficiency, and achieve SSCP.

The significant moderation effects of GSCM practices suggest that firms should integrate green
SC management practices with their data analytics initiatives. Managers should adopt practices
such as sustainable sourcing, waste reduction, and minimization of carbon footprint to enhance the
effectiveness of their BDAC efforts. By aligning GSCM practices with data-driven strategies,
firms can achieve a competitive edge while contributing to environmental sustainability.

For policymakers, the study highlights the importance of promoting policies that encourage
adopting BDAC and GSCM practices in the supply chain sector. Governments and regulatory
bodies should incentivize firms to invest in big data analytics and implement green practices.
Policies that support training and development programs in data analytics and sustainability can
help build the necessary skills and capabilities within the industry. Additionally, policymakers
should encourage collaboration between industry and academia to foster innovation and
disseminate best practices in sustainable SC management.

7.0 Conclusion

This study has developed and tested a theoretical framework grounded on DCV theory to explore
the role of BDAC in enhancing SC sustainability while examining the moderating effects of
GSCM practices. Utilizing data from 159 respondents in the Bangladeshi RMG sector, the findings
reveal that BDAC significantly improves economic, social, and environmental performance.
Additionally, GSCM practices significantly strengthen the positive impacts of BDAC on these
dimensions of sustainability. These results underscore the importance of integrating BDAC with
GSCM practices to achieve comprehensive SC sustainability. The study contributes to the DCV
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by illustrating how the reconfiguration and integration of BDAC and GSCM can lead to sustained
competitive advantage and improved sustainable performance in supply chains.

7.1 Limitations and Future Scopes

Despite the valuable insights provided by this study, several limitations should be acknowledged.
First, the cross-sectional nature of the data limits the ability to infer causality between BDAC,
GSCM practices, and SC sustainability outcomes. Future research could employ longitudinal
designs better to capture the dynamic effects of these variables over time.

Second, the study focuses solely on the Bangladeshi RMG sector, As the Bangladeshi RMG sector
is the second-largest clothing exporter, holding a 6% share of the global market (Khan & Ullah,
2017), it encompasses a wide range of activities similar to those in other industries. The research
findings from this sector provide valuable insights that can be adapted to other industries and
regions. However, further studies are necessary to examine these dynamics in different sectors to
improve the generalizability of the results. Future research should also explore these relationships
across diverse sectors and regions to strengthen external validity.

Third, while this research uses survey data from senior SC executives, incorporating multiple
respondents from each firm or triangulating survey data with qualitative interviews could provide
a more comprehensive understanding.

The fourth aspect to consider is the influence of various data-driven enabling technologies within
the ready-made garment (RMG) sector. Specifically, the application of blockchain technology can
enhance transparency and traceability throughout the supply chain, as discussed by Manzoor et al.
(2024). Additionally, artificial intelligence (Al) technologies, explored by Fosso Wamba et al.
(2024) and Dubey et al. (2024), have the potential to optimize manufacturing processes, improve
demand forecasting, and personalize customer experiences. Furthermore, other emerging
technologies, such as the Internet of Things (IoT) and data analytics, can also play significant roles
in increasing efficiency, reducing waste, and fostering innovation within the RMG industry.
Understanding the interplay of these technologies is crucial for driving growth and sustainability
in the sector.

Lastly, we applied the DCV perspectives to frame our research; however, future studies may apply
other theoretical frameworks to offer a more comprehensive explanation. Researchers could
explore additional organizational capabilities or assets that complement BDAC. Moreover,
incorporating theoretical perspectives such as the knowledge-based view, contingency theory,
information processing theory, organizational learning, and organizational culture might yield
valuable extensions to our study.
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Appendix 1: HTMT Test (good if <0.90 and best if <0.85)

BDAC GSCM SP EP ECOP
BDAC
GSCM 0.101
SP 0.528 0.073
EP 0.566 0.148 0.757
ECOP 0.543 0.135 0.708 0.842

Source: The data presented is derived from the authors' own values, based on the output from
WarpPLS 8.0.
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