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ABSTRACT

Environmental sustainability in supply chains is no longer considered a compliance concern. It has become a strategic capability
challenge, as firms seek to use Generative artificial intelligence (Gen-AI) to improve decision quality, resource efficiency and
responsible operations. However, despite growing interest in Gen-Al, its adoption for green and responsible supply chains re-
mains limited in developing countries where policy support, digital readiness and organizational preparedness are major issues.
Therefore, based on dynamic capabilities theory, the present study examines how firms can build the capabilities required to
adopt Gen-Al for environmentally sustainable and responsible supply chain practices. First, this study identifies key adoption
enablers through a structured literature review. Then, these enablers are validated using a survey based on a 5-point Likert
scale. In the main analytical model, a Grey network map (GNM) based on Grey-Decision-making trial and evaluation laboratory
(Grey-DEMATEL) approach is used to examine the causal relationship among the validated enablers and to identify driving and
dependent factors under the conditions of uncertainty. The findings of this study reveal that government and policy support, as
well as top management support, are the main causal enablers and indicate that strategic leadership can help in the adoption of
Gen-Al for green and responsible supply chains. Also, knowledge management, collaborative culture, and a global collaboration
network are the main outcome enablers, which are influenced by causal enablers. The findings suggest a few policy actions,
such as the design of sector-focused AI adoption guidelines, targeted incentives for green digital infrastructure and national
capability-building programmes to support managerial and workforce readiness. The study contributes by offering a validated
and structured framework that explains how Gen-AI adoption can be strategically enabled to support green and responsible
supply chains.

Abbreviations: Al artificial intelligence; API, application programming interface; DCV, dynamic capabilities view; DEMATEL, decision-making trial and evaluation
laboratory; ERP, enterprise resource planning; ESG, environmental, social and governance; FMCG, fast-moving consumer goods; Gen-Al, generative artificial
intelligence; GNM, grey network map; IoT, internet of things; ISM, interpretive structural modelling; PRISMA, Preferred Reporting Items for Systematic Reviews and
Meta-Analyses; RO, research objectives; RQ, research questions; SDGs, sustainable development goals; SMEs, small and medium enterprises.
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1 | Introduction

ATtoolsarewidelyused in operationsand supply chain manage-
ment in areas like predictive maintenance, risk management,
demand forecasting, quality control, scheduling and optimi-
zation (Fosso Wamba et al. 2024). In literature, Generative
artificial intelligence (Gen-AI) has disrupted various indus-
tries and is considered a computational technique, which has
the potential to generate new and meaningful content, in-
cluding text, image and audio generation from training data
(Feuerriegel et al. 2024). After the introduction of AlphaGo in
2015, AI has made a comeback through Chat Generative Pre
trained Transformer (ChatGPT) in 2022 by OpenAlI, which has
gained popularity over the globe (Fui-Hoon Nah et al. 2023).
It uses techniques such as neural networks and deep learning
algorithms for original content generation, which is not in-
cluded in the training data set (Li, Liu, et al. 2024). According
to the McKinsey Global survey, there is significant growth in
the usage of Gen-Al tools, and most organizations are using
them in at least one of their business functions.! Also, the ex-
isting literature reveals that there has been significant growth
in ChatGPT in the last few years, which has the potential to
transform business models and areas of operations and supply
chain management (Fui-Hoon Nah et al. 2023). The concept
of digital supply chain management has become popular in
the last few years and is commonly addressed in academic lit-
erature (Biiylikdzkan and Goger 2018). This is driven by dis-
ruptive technologies such as IoT, big data analytics and AlI,
which provide new opportunities for integration and flexibil-
ity in the supply chain (Al-khatib et al. 2024). In literature,
supply chain management is an emerging topic, and the rapid
development and integration of Gen-Al into supply chains is
reshaping the future of supply chain due to technological ad-
vancements (Jackson et al. 2024). It offers new opportunities
to automate supply chain operations, improve resilience and
make decisions. Unlike traditional AI-based models, it helps
to generate multiple simulated scenarios and novel solutions
to supply chain optimization (Boone et al. 2025). According
to McKinsey, it offers opportunities for entire logistics oper-
ations, including planning, warehousing, optimization and
transportation through advanced AI models, which helps to
improve efficiency in logistics operations.? In the current sce-
nario, due to factors such as information technology, offshore
production, outsourcing and globalization, supply chain prac-
tices across the globe are going through a significant transfor-
mation. This results in more complexity in supply networks
and sustainability issues (Ngo et al. 2024). This complexity
presents new challenges for industries related to forecast
demand, process optimization and resource efficiency (Wu
et al. 2025). These issues have been widely discussed in ac-
ademic literature by various scholars (Hofmann et al. 2014;
Ngo et al. 2024; Rajeev et al. 2017; Seuring et al. 2008; Truant
etal. 2024). In such scenarios, the implementation of advanced
technologies plays an important role in addressing sustain-
ability issues in operations and supply chain management
(Bag et al. 2021; Esmaeilian et al. 2020; Kumar et al. 2021;
Luthra and Mangla 2018). However, industries are also adopt-
ing circular supply chain models to minimize their ecologi-
cal footprints. Recent evidence also reveals that supply chain
logistics and green transportation play an important role in
improving green economics even under the influence of green

finance, oil price shocks and geopolitical risks (Kartal and
Taskin 2026). However, such studies do not explain the or-
ganizational and policy enablers required to adopt Gen-Al to
support green and responsible supply chains.

The existing literature has discussed circular business models
to address sustainability issues (Geissdoerfer et al. 2018; Vegter
et al. 2020). But the safety issues remain in activities like re-
manufacturing and recycling in circular supply chains. These
issues can be addressed through Gen-AI, which has the po-
tential to revolutionize safety management through predictive
analysis and proactive monitoring (Chen et al. 2025). However,
combining Gen-Al with the metaverse has the potential to ad-
dress resiliency issues in the supply chain. Gen-AI can be com-
bined with the metaverse to create a virtual representation of
supply chain entities that help to enable adaptive response in
the supply chain network (Meafaa et al. 2025). Despite Gen-
AT's potential to address sustainability challenges in the supply
chain, most industries are not able to use it and realize its ben-
efits (Li, Zhu, et al. 2024). However, existing literature shows
a focus on constructing Gen-AI metrics, but there is a lack in
developing capabilities to address environmental challenges in
the supply chain (Kurrahman et al. 2025). Although the supply
chain challenges can be addressed through Gen-Al, a compre-
hensive theoretical framework for Gen-AlI application in supply
chains is still limited (Wu et al. 2025). Compatibility, observ-
ability and trialability have a positive effect on Gen-AI adoption
in the supply chain, but complexity resists its adoption (Gao
et al. 2025). The advancements in Gen-AI and the digital supply
chain help organizations to achieve their SDGs. With the use
of Gen-Al, digital supply chain organizations can improve their
ESG performance (Wang and Zhang 2025). This is particularly
important for SMEs as these are more vulnerable to disrup-
tions. In such cases, Gen-Al can be used to generate scenarios
and analyse large data sets, which help in risk identification. It
also improves decision-making through AI insights (Ahmad
et al. 2024). But integrating this into the supply chain requires
trust, data security, technical, operational and ethical issues
(Chen et al. 2025). Similarly, evidence from the United States
shows that Al-related patents can shape the relationship be-
tween energy consumption patterns and CO, emissions, which
highlights the environmental relevance of Al-related innovation
(Kartal et al. 2026). Nevertheless, these macrolevel findings do
not explain how firms can build capabilities and enable condi-
tions that are needed to adopt Gen-Al in green and responsible
supply chains. The existing literature also reveals that there is
limited focus on the exploration of enablers of adopting Gen-AI
in the supply chain to improve its sustainability. The main is-
sues discussed in terms of data, organizational and technolog-
ical issues (Fosso Wamba et al. 2024). The other challenges are
trust in data sources, privacy issues, technology adoption and
implementation (Fosso Wamba et al. 2023). These challenges
are more important for developing countries where the digital
infrastructure is limited and technological readiness is lower.
In such a scenario, it is important to identify which enablers
need to be addressed at the initial level. This is the initial study,
which examines the enablers in Gen-AI adoption in the supply
chain in developing countries. To address the above-discussed
gaps, this study aims to systematically explore the enablers in
Gen-AlI adoption within supply chains of developing countries,
validate the findings through empirical evidence and prioritize

Business Strategy and the Environment, 2026

85UB017 SUOUIWIOD 8AITE8.1D) 9{cedl|dde Ly Ag peuenob ae safole YO 8sn J0 Sa|nJ 10} Arlq)TauljuQ AB]1M UO (SUONIPUCD-PUE-SWLIBI0 A8 | AReq 1 puljuo//:Sdny) SUORIPUOD pue sWis | 8y 88s *[9202/90/20] Uo Arigiauliuo &M * Uelreus 1o AIsIBAlun ueotewy - eAIypeLeS Ysoinusy Aq 890T/ 850/Z00T 0T/I0p/u0d" 8| im Ale.q1jpul|uoy/sdiy Wwoly pepeojumoq ‘0 '9£80660T



and analyse the interdependencies among these enablers using
hybrid methods. Based on these aims, the ROs and RQs are for-
mulated as follows:

RQ1: What are the enablers that help in the adoption of
Gen-Al for green and responsible supply chains within de-
veloping countries?

RQ2: What is the causal interrelationship among these
enablers, and how can they help to reshape future supply
chain strategies?

Based on these research questions, the following research
objectives have been developed to guide the investigation
in a structured and focused manner.

RO1: To identify enablers to adopt Gen-AlI for green and
responsible supply chains in developing countries.

RO2: To prioritize the identified enablers and analyse their
causal interrelationships

To address the above-discussed ROs and RQs, an integrated
approach was adopted. In the initial stage, a literature review
was conducted on databases like Scopus. This database was
considered due to its quality and widespread acceptance in ac-
ademic literature. The initial list of identified enablers was dis-
cussed with an expert panel from industries for their contextual
validation. From the theoretical point of view, this paper dis-
cusses the emerging discourse on Gen-Al-enabled sustainable
operations by developing a validated framework that maps how
foundational enablers drive responsible and green supply chain
adoption. It extends the application of the Grey DEMATEL ap-
proach and offers a structured understanding of interdependen-
cies among the enablers, which is not discussed in the literature.
From the managerial perspective, the findings provide a clear
road map for firms by identifying where to prioritize their in-
vestments, such as leadership commitment and data quality, to
accelerate Gen-AlI adoption for sustainability outcomes. From
the policy perspective, the study highlights the need for targeted
regulatory guidance, incentives and national digital readiness
programmes to build ethical, transparent and environmentally
aligned Al-enabled supply chains.

Section 2 discusses the literature review and research gaps,
Section 3 discusses survey design and data analysis, Section 4
discusses the results and discussions, and Section 5 discusses
the conclusion and future research scopes.

2 | Literature Review

The present section discusses the role of Gen-AI and its enablers
in the context of green and responsible supply chains.

2.1 | Literature Selection Approach

To address the RQs discussed in the introduction section, it is
necessary to identify the enablers of adopting Gen-AI within the
context of green and responsible supply chains. This required
examining how Gen-Al is influencing sustainable practices,
what progress has been documented in the prior studies and the

Records removed before screening:
Documents removed by document

Records identified from: type (n=13)
Scopus (n = 395) > Records removed due to subject
area (n = 64)

Records removed due to language
(n=4)

}

Records screened

Records excluded due to not linked
| with supply chain directly

(=319 (n=96)

Records sought for retrieval

(n=218)

Records assessed for eligibility | Records excluded:

(n=218) Only discussed supply chain as term
(n=32)

l Not clearly discussed how GenAl is

affecting supply chain (n = 56)

Records included in review No clear research directions (n=73)

(n=57)

FIGURE1 | PRISMA diagram for the literature review.

potential research avenues that are still unexplored. Therefore,
a structured review of relevant academic and practitioner-
oriented publications was conducted. Given the vast volume of
existing work on Gen-Al, sustainability and supply chain man-
agement, a rigorous selection method was essential to ensure
that only suitable contributions were included. For this pur-
pose, the PRISMA framework was considered. The PRISMA
approach is widely accepted and recognized for transparent
literature review. It is also considered the systematic procedure
to identify, screen and select literature that aligns with the pre-
defined objectives. The PRISM A approach includes four phases:
(1) identification of potential studies, (2) screening of titles and
abstracts, (3) inclusion and exclusion criteria and (4) final selec-
tion of studies based on the relevance to Gen-AI and sustainable
supply chain themes. The use of PRISMA is important to reduce
bias and ensure that selected studies are comprehensive and fo-
cused. The detailed step of this procedure is presented in the
following subsections, whereas Figure 1 visually represents the
PRISMA flow applied in this research.

2.1.1 | Identification of Relevant Literature

The first phase of the review process is focused on the database
selection for article collection. In this study, the SCOPUS data-
base was selected as the primary source for literature collection.
The decision to select this database relies solely on its extensive
coverage of peer-reviewed journals, conference proceedings and
subject areas relevant to both artificial intelligence and sup-
ply chain management. As compared to other databases such
as Web of Science and IEEE Xplore, Scopus provides a broader
interdisciplinary scope, which is particularly important given
that the intersection of Gen-AlI, sustainability and supply chain
spans multiple domains, including operations, computer sci-
ence and environmental studies. To identify the initial pool of
relevant studies, a search string was applied to the database.
This includes the combination such as Generative AI OR ‘Large
Language Models’ with supply chain, which helps to cover the
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wide range of studies that addressed both technological and sus-
tainability dimensions.

2.1.2 | Screening of Papers

Following the initial identification of literature, the second stage
is to refine the pool of identified papers that are more relevant to
the objectives of the present study. The goal was to ensure that
peer-reviewed literature considered in this study addresses both
areas, i.e., Gen-Al and supply chain practices in the context of
green or responsible supply chains. The search string includes
both Gen-Al-specific keywords and supply chain to cover the
most relevant studies. Apart from this, additional filters were ap-
plied, which include the inclusion of peer-reviewed articles only.
This systematic screening step removed a significant number of
papers that were either too generic or contextually misaligned
or had less connection to the research objectives. This helped us
to select more refined literature that is aligned with the research
objectives of the present study. Finally, based on all criteria as dis-
cussed in Figure 1, a total of 57 articles were included in the study.

2.2 | Introduction to AI and Gen-Al in
Supply Chains

Over the years, manufacturing organizations have realized
the potential of artificial intelligence in the supply chain,
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which offers advanced capabilities in automation, prediction
and decision-making (Dash et al. 2019). It includes a wide
range of computational techniques, including machine learn-
ing and natural language processing, that enable organiza-
tions to manage their supply chain data with more accuracy
(Agarwal and Jayant 2019). Building on these foundations,
Gen-Al represents a new paradigm in which algorithms can
generate novel outputs such as production schedules, differ-
ent scenarios and demand forecasts. It extends the application
of traditional approaches in AI beyond predictive analytics
(Fosso Wamba et al. 2023). Gen-Al has the ability to manage
uncertainty and improve resilience in disruptions. In existing
literature, it has been highlighted as a tool to reduce opera-
tional cost by optimizing logistics while supporting sustain-
ability initiatives such as emission reduction and circular
economy practices (Jourabchi Amirkhizi et al. 2025). Recent
studies also discussed that Gen-Al is critical for SMEs and en-
ables them to maintain their market competitiveness (Shore
et al. 2024). In the past few years, this area has grown sig-
nificantly with the wide range of disciplines, including op-
erations research, information systems and human resource
management, to investigate the implications of Gen-AlI for re-
silience, agility and sustainability in business models (Ajaero
and Anjorin 2024; Fosso Wamba et al. 2023; Malhotra and
Manzoor 2025). This reflects how Gen-Al is evolving and im-
proving the performance of organizations. Different Gen-Al
tools with their applications in Operations management are
discussed in the Figure 2.
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FIGURE2 | Different Gen-Al-based tools and their applications in operations management.
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2.3 | Applications of AI and Gen-Al in
Supply Chains

The rapid advancement of Gen-AlI, which is supported by tools
like Gemini and ChatGPT, is not limited to supply chains but
is also reshaping firms' business models (Teng et al. 2025).
Nevertheless, despite rising global debate and interest, there
remains a scarcity of empirical studies that examine its im-
pact on supply chain management (Fosso Wamba et al. 2023).
At the same time, leading companies such as Volkswagen,
Toyota and General Mills have started implementing Gen-Al
tools for real-time monitoring, material-transport planning
and demand forecasting. These early applications have shown
improvements in decision-making and operational efficiency
(Dubey et al. 2024).

Gen-Al is increasingly being integrated into operations and
supply chain management, as scholars and practitioners rec-
ognize its potential to enhance decision-making and stream-
line processes (Fosso Wamba et al. 2023). The existing studies
highlight the challenges in consolidation and validation of
diverse data sources but also discuss the AI's ability to im-
prove demand planning through advanced analytics (Shekhar
et al. 2023). In logistics optimization, Gen-AI has been applied
in route planning, load optimization and last-mile delivery
(Boone et al. 2025). Similarly, it has applications in inven-
tory management in which predictive models can balance
the stock levels in a dynamic market, which helps to mini-
mize both shortage and excess inventory (Hao et al. 2024;
Tanskanen et al. 2015). Al is widely used in production sched-
uling, in which Gen-ATI algorithms can dynamically adjust the
schedules in response to disruptions such as supplier delays
or machine breakdown (Gangwar et al. 2025; Sai et al. 2025).
Beyond the traditional applications of AI, Gen-Al is the
emerging domain that is gaining attention due to predictive
simulations and scenario analysis (Hao et al. 2024; Jourabchi
Amirkhizi et al. 2025). These applications discuss that AT and
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FIGURE3 | Gen-Al applications in supply chain.

Gen-Al not only improve the operational efficiency but also
expand the strategic role of the supply chain to achieve resil-
ience and sustainability. Further Gen-AI applications in the
supply chain are discussed in the Figure 3.

2.4 | Theoretical Framework: Dynamic
Capabilities View

The adoption of Gen-AI for green and responsible supply
chains cannot be understood only as a technological decision
but also as a strategic and organizational process in which
firms must identify opportunities, mobilize resources and
reconfigure routines to respond to changing sustainability
and supply chain requirements. Therefore, the DCV theory
is adopted as the theoretical foundation for this study. DCV
explains how firms can develop the ability to sense opportuni-
ties, seize them through timely decisions and reconfigure their
resources and processes in response to dynamic environments
(Gangwar et al. 2025). Recent studies related to sustainability
also considered dynamic capabilities as useful for firms' adap-
tation under sustainability transitions and changing external
pressures (Bhadra et al. 2024; Correggi et al. 2024). This is
also important for the present study, because Gen-AI adapta-
tion in supply chains is both technologically and organization-
ally dependent. Recent studies in operations and supply chain
management also discussed this. Jackson et al. (2024) devel-
oped a capability-based framework to analyse Gen-Al in sup-
ply chain and operations management. Gangwar et al. (2025)
examined the determinants of Gen-AI and its effect on supply
chain management performance through DCV. In the related
context, Shore et al. (2024) discussed that Gen-AI can im-
prove resilience in SMEs during crisis conditions, which rein-
forces the idea that Gen-AI becomes valuable when firms can
combine technological inputs with adaptive organizational
capabilities.

Using DCV as a primary lens also allows the identified en-
ablers (See Section 2.5) in this study to be interpreted as part
of a capability-building system rather than as disconnected
adoption factors. The enablers such as data availability and
quality, knowledge management and global collaboration
networks can be understood as supporting the firm's sens-
ing capability because they strengthen information visibility,
learning and opportunity recognition. Enablers such as top
management support, digital infrastructure readiness, gov-
ernment and policy support are closely associated with the
seizing capability as they enable resource commitment, gover-
nance and strategic alignment during adoption. Enablers such
as human-ATI collaboration, employee training and upskill-
ing, resilience and risk management are linked with the re-
configuring capability because they allow firms to transform
routines and develop new competencies.

2.5 | Enablers to Gen-Al Adoption in Green
and Responsible Supply Chains

For organizations to effectively adopt Gen-AI in supply chain
operations, certain enabling factors must be present to ensure
that technological integration leads to tangible sustainability
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outcomes. Based on the literature, enablers to Gen-AI adop-
tion in the responsible and green supply context are presented
in Table 1. The table shows the identified enablers, which cover
technological, organizational, policy and capability-related
dimensions.

2.6 | Research Gap and Study Motivation
The Gen-Al tools are widely recognized due to their transfor-

mative potential to revolutionize operations and supply chain
management (Fosso Wamba et al. 2023). But its integration

TABLE1 | Enablersto Gen-Al adoption in a responsible and green supply chain context.

Notation Enabler name A brief description References
El Knowledge management It refers to effective knowledge sharing, (Gangwar et al. 2025; Zhang,
and utilization, which strengthen Zuo, and Yang 2025)
organizational learning from AI adoption
E2 Human-AI collaboration Collaboration between employees (Hao et al. 2024; Fosso
and AT tools improves decision- Wamba et al. 2025; Zhang,
making, efficiency and innovation Zuo, and Yang 2025)
E3 Trust and transparency Clear governance and transparent data (Hao et al. 2024; Romeo and
mechanisms practices promotes the acceptance of Lacko 2025; Teixeira et al. 2025)
AT systems among stakeholders
E4 Data availability It refers to reliable, accurate and accessible (Gangwar et al. 2025)
and quality data, which are the foundation for training AI
models and generating actionable insights
E5 Collaborative culture It refers to the culture of trust and cooperation (Romeo and Lacko 2025;
which promotes information sharing and Tanskanen et al. 2015; Zhang,
smooth cross-functional integration of AI Zuo, and Yang 2025)
E6 Employee training Workforce development in firms ensures that (Hao et al. 2024; Riad et al. 2024;
and upskilling employees can collaborate with AI systems and Romeo and Lacko 2025)
adapt to evolving technological requirements
E7 Top management support It refers to the strategic commitment (Akhtar et al. 2024; Chen
from senior leadership, which ensures et al. 2024; Zhang, Zuo,
alignment of resources, vision and policies and Yang 2025)
necessary for successful AT adoption
E8 Resilience and risk Al enables proactive monitoring and (Hao et al. 2024; Khan et al. 2025;
management response to disruptions, which enhance Romeo and Lacko 2025)
supply chain robustness and agility
E9 Sustainability alignment AT adoption supports environmental goals (Hao et al. 2024; Romeo and
by optimizing resources, reducing waste Lacko 2025; Tiwari et al. 2024)
and aligning with green regulations
E10 Customer-driven Al-driven insights enable firms to (Chakraborty et al. 2024;
innovation design products and services that Hao et al. 2024; Romeo
respond to evolving customer needs and Lacko 2025)
E1l1 Digital infrastructure It refers to strong IT systems, cloud platforms (Chakraborty et al. 2024; Hao
readiness and connectivity, which serves as backbone et al. 2024; Walter et al. 2025)
to integrate and scaling AT applications
E12 Dynamic capabilities It refers to the firm ability to reconfigure (Chen et al. 2024; Romeo
resources and adapt processes, and Lacko 2025; Zhang,
which enable effective integration of Zuo, and Yang 2025)
AT in dynamic environments
E13 Government and Regulatory clarity, financial incentives (Chen et al. 2024; Romeo and
policy support and policy frameworks helps to improve Lacko 2025; Tiwari et al. 2024)
AT adoption across industries
E14 Global collaboration Digital maturity promotes international (Hao et al. 2024; Meafa

networks

alliances and partnerships, which improves
competitiveness and innovation

et al. 2025; Zhang, Zuo,
and Yang 2025)
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into the green supply chain has several challenges. Although
Gen-Al holds the potential to improve resiliency, efficiency
and sustainability, which are some of the core principles of
Industry 5.0 (Rojek et al. 2025), the existing literature in this
area remains limited and fragmented due to limited empiri-
cal investigations (Romeo and Lacko 2025). The integration of
Gen-AlI applications into the supply chain requires significant
investment for digital infrastructure, continuous upgrades and
maintenance (Hao et al. 2024). Also, many organizations are
facing difficulties to align Gen-Al based applications with the
existing processes due to a lack of upgraded systems, a lack of in-
teroperability, higher costs and unanticipated operational issues
(Chen et al. 2024). Other challenges also include the absence of
a reliable mechanism for error detection, limited resources and
insufficient experience to deploy Gen-AI-driven solutions (Hao
et al. 2024; Romeo and Lacko 2025). These challenges restrict
the scalability of Gen-Al-based solutions for the supply chain.
Many organizations, particularly from developing economies,
are still relying on the conventional supply chain practices
and show their hesitation to adopt Gen-Al-based tools (Shore
et al. 2024). This is due to a lack of awareness about the poten-
tial benefits of Gen-AlI applications in the supply chain, the ab-
sence of a testbed environment and uncertainty over associated
risks (Al-khatib et al. 2024). Also, there is a shortage of digitally
skilled labour that is capable of managing Gen-AI-enabled sys-
tems and ensuring compliance with ethical and environmental
regulations (Romeo and Lacko 2025; Walter et al. 2025). As a re-
sult, organizational readiness to adopt Gen-AlI for a responsible

supply chain remains unexplored in the literature. Although
several enablers to Gen-Al adoption in supply chain, such as
economic viability, regulatory support and organizational read-
iness, have been conceptually identified, but they real world im-
pact on Gen-AI adoption in supply chain is not well understood
(Chakraborty et al. 2024). The existing literature lacks empirical
investigations to study how these factors interact to facilitate
the adoption in industries (Khan et al. 2025). Recent macrolevel
evidence also indicates that Al-related innovation does not au-
tomatically translate into environmental sustainability, as pol-
icy stringency and broader transition conditions remain critical
(Kartal et al. 2025). This also strengthens the need to identify
enablers that can support effective Gen-AI adoption in green
and responsible supply chains.

3 | Methods
3.1 | Survey Design and Validation of Enablers

To validate the significance of the identified enablers for Gen-Al
adoption in green and responsible supply chains, a structured
survey-based approach was employed. The survey was con-
ducted to know expert opinions from academia and industry
professionals having experience in operations, sustainability
and digital transformation. This quantitative assessment is done
to provide empirical support to understand how each enabler
contributes to the broader goal of green and responsible supply
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I [
| |

' | Sensing Capability I | Seizing Capability | | Reconfiguring Capability I i
| 1
| |

.. | Identification of
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Significance

| Final list of enablers after the validation
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FIGURE4 | Framework for the study.
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chains through Gen-ATI adoption. The framework for the study is
shown in Figure 4.

3.2 | Survey Instrument and Measurement Scale

In the initial stage, a questionnaire was designed based on in-
sights from the literature review. The questionnaire includes
two sections. The first section was related to the demographic
information, including respondent background, organiza-
tional type, sector and years of experience. The second sec-
tion was focused on the assessment of the importance of the
key enablers discussed in Section 2. To quantify experts’ per-
ceptions, a 5-point Likert scale was adopted (1, Not important;
2, Slightly important; 3, Moderately important; 4, Important;
and 5, Very important). All the respondents were asked to rate
the importance of each enabler based on their understand-
ing of Gen-AI's role in sustainable supply chains. This approach
allowed a consistent measurement of subjective opinions.

3.3 | Sampling and Data Collection

For the present study, data were collected from profes-
sionals working in manufacturing, logistics, retail and

TABLE 2 | Demographic details.

technology-based organizations. The survey was adminis-
tered online using an online form that circulated through
professional networks, LinkedIn and industry associa-
tions. In response, a total of 152 valid responses were re-
ceived. In which 68% of respondents were male, and 31.6%
were female. The respondents were from different industry
sectors such as manufacturing (38.2%), logistics and trans-
portation (20.4%), retail/ FMCG (17.1%), IT and consulting
(13.2%) and healthcare and energy (11.1%). The detailed de-
mographic details are shown in Table 2. The table shows the
distribution of respondents across the different demographic
variables.

3.4 | Data Analysis and Validation

Descriptive statistics were used to evaluate the mean impor-
tance score of each enabler. The mean score was considered a
direct indicator to investigate significance, whereas the stan-
dard deviation was used to identify the level of agreement
among respondents. The results revealed that all the identified
enablers from the literature are relevant in the context of devel-
oping economies and can be considered for further analysis. The
mean scores and standard deviation of each enabler are shown
in Table 3.

Demographic variable Category Frequency (n) Percentage (%)
Gender Male 104 68.4
Female 48 31.6
Educational qualification Graduate 42 27.6
Postgraduate 84 55.3
Doctorate 26 17.1
Work experience (years) Less than 5 28 18.4
6-10 47 30.9
11-15 39 25.7
Above 15 38 25
Industry sector Manufacturing 58 38.2
Logistics and transportation 31 20.4
Retail/FMCG 26 17.1
IT and consulting 20 13.2
Others (energy, healthcare, etc.) 17 11.1
Job role/designation Supply chain/operations manager 47 30.9
Procurement/planning executive 33 21.7
Senior executive/head of department 29 19.1
Analyst/engineer 28 18.4
Consultant/researcher 15 9.9
Organization size Small (<250 employees) 34 22.4
Medium (250-1000 employees) 66 434
Large (> 1000 employees) 52 34.2
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TABLE 3 | Relevance of enablers based on survey results.

TABLE 4 | Linguistic assessment and grey scale for the study.

Mean  Standard
Enabler name score deviation Relevance
Knowledge 3.66 1.11 Yes
management
Human-AI 3.39 1.12 Yes
collaboration
Trust and 3.49 1.17 Yes
transparency
mechanisms
Data availability and 3.45 1.14 Yes
quality
Collaborative 3.53 1.10 Yes
culture
Employee training 3.64 1.10 Yes
and upskilling
Top management 3.53 1.13 Yes
support
Resilience and risk 3.36 1.06 Yes
management
Sustainability 3.44 1.07 Yes
alignment
Customer-driven 3.36 1.08 Yes
innovation
Digital 3.51 1.10 Yes
infrastructure
readiness
Dynamic capabilities 3.38 1.08 Yes
Government and 3.49 1.11 Yes
policy support
Global collaboration 3.37 1.16 Yes
networks

3.5 | Grey DEMATEL Approach

In the present study, a grey possibility degree-based DEMATEL
approach was adopted to rank and identify causal interrelation-
ships between enablers. This method is particularly well-suited
to address group decision-making problems under an uncertain
environment, where subjective judgements and incomplete in-
formation often hinder the reliability of conventional decision-
making methods.

Step 1: In this step, the initial relationship matrix (R) is
developed. Let n be the experts evaluating the di-
rect influence of each enabler E, on every other
enabler E . This is done using a linguistic scale
represented in Table 4. It explains how qualitative
expert judgements were transformed into grey nu-
merical values. This helps to provide a basis for
modelling uncertainty in expert evaluations and
supports the application of the Grey DEMATEL
approach.

Linguistic terms Crisp values Grey numbers
No influence 0 [0,0.1]
Very less influence 1 [0.1,0.3]
Less influence 2 [0.2,0.5]
Medium influence 3 [0.4,0.7]
High influence 4 [0.6,0.9]
Very high influence 5 [0.9,1.0]
Step 2:  Calculate the corresponding Grey matrices.

In this step crisp ratings from Step 1 are converted into
bounded Grey numbers to explicitly model the vagueness of
human judgement. G)lcy represents the Grey number (defined
by upper bound and lower bound) for the influence of E, on
E, by expert .

¢, = ( ®c.,®c,) o)

Step 3: Determine the average Grey matrix.
For the opinions of all experts, the average of Grey matrices is
calculated by averaging the lower and upper bounds separately

across all experts. This results in the final aggregated Grey ma-
trix 5xy'

®%=<Z — 2 “) )

Step 4: Transform the average Grey matrix into Crisp rela-
tionship matrix (B).

The aggregated Grey numbers in Exy must be converted back into
definite single values. This is done by using modified-converting
fuzzy data into crisp scores approach.

Step 5: Normalized direct relationship matrix (N)

The matrix (B) is normalized to ensure that the mathematical
operation in the next step converges. The normalization factor
(L) is calculated based on the maximum row sum in (B).

1

Ls o S 5 ©)

" max L<x<e E;=1 B,
The normalized direct relationship matrix (N) is then
N=Lx*B @
Step 6: Determine the total relationship matrix.

The total relationship matrix (T) captures all direct and indirect
influences between every pair of enablers and reflects how a
change in one factor propagates through the entire system.

T=NI-N)! )
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Here, (I) represents the identity matrix.

Step 7: Obtain causal parameters.

The total relationship matrix calculated using Equation (5) is
used to derive two key vectors R and C, which define the causal
role of each enabler.

R (Row summation—Effects given): The sum of rows in the
total relationship matrix. This is the total influence given by the
enabler to all others and indicates its driving power.

R= [2;1 a"y] ©®

C (Column summation—effects received): The sum of the col-
umns in the total relationship matrix. This is the total influ-
ence received by the enabler from all others and indicates its
dependence.

c= [2;1 axy] 7)

Step 8: Causal diagram.

The final step in Grey DEMATEL is to plot the results on the di-
agram using the vector pairs. This visual map classifies enablers
into different roles:

1.1. Prominence (R+ C): This is on the horizontal axis and
represents the overall centrality or importance of the en-
abler within the system.

1.2. Relation (R—C): This is on the vertical axis and deter-
mines the causal category of the enabler.
1.2.1. Positive (R—C): This represents that the enabler is
from the cause group
1.2.2. Negative (R—C): This represents that the enabler is
from the effect group.

To plot the final diagram, a threshold value is calculated to
filter out negligible relationships and only plot the significant
causal links.

3.6 | An Exemplary Application

In recent years, India has emerged as one of the fastest grow-
ing economies, with its manufacturing and service sectors in-
creasingly adopting advanced digital technologies. Due to the
digitalization efforts by Indian organizations and more focus
on Industry 4.0-based technologies, the Gen-Al solution has
created new opportunities for organizations to improve their
sustainability, resiliency and efficiency in the supply chain.
Therefore, Indian industries need to understand how Gen-Al
can be integrated within the supply chain processes to improve
competitiveness and achieve sustainability goals.

To investigate this, the present study investigates a case from
the FMCG sector, which is growing rapidly and leveraging dig-
ital technologies for demand forecasting, logistics planning and
customer engagement. The selected sector is a growing sector in
India and covers regional warehouses and outlets. This sector is

committed to digital transformation, emphasizing the integra-
tion of Al-driven analytics and generative design solutions to
improve operational performance and sustainability outcomes.
Through the purposive sampling approach, we contacted 26 ex-
perts from this sector. Out of these experts, nine experts agreed
to participate in the study, which consists of supply chain man-
agers and digital transformation leaders with more than 10years
of experience in this area. At the initial level, the list of 14 en-
ablers, which was derived from literature, was presented to the
experts. Further, the experts were asked to validate the list of
enablers and add missing enablers if necessary or remove those
that are not relevant. After discussions, they agreed that all 14
enablers are relevant and considered for the analysis.

Following this, the experts evaluated the direct influence of one
enabler over another using a linguistic scale mapped to grey
numbers. From these evaluations, the individual grey direct-
relation matrices were constructed. By applying Equation (2),
the average direct-relation matrix (Z) was obtained. This was
then normalized using Equations (3) to form the normalized
direct-relation matrix (N). Subsequently, the total relation ma-
trix (T) was derived using Equation (5). The summation of rows
and columns provided the causal parameters (Ri and Ci) as
per Equations (6) and (7). From these, the prominence (Pi) and
net effect (Ei) values were obtained. Enablers with positive Ei
were classified as causal enablers (drivers), whereas negative Ei
values were classified as effect enablers (outcomes). The cause
and effect diagram was constructed for both lower and upper
values, which represent the directional relationships among en-
ablers. The results were further discussed with the expert panel
to validate their practical relevance. The findings provide both
academic and managerial insights to prioritize critical areas
for investment and capability building. Further, Table 5 shows
the Grey relationship matrix for Gen-AI enablers by Expert 1. It
reflects how Expert 1 assessed the direct influence of each en-
abler on others using the grey linguistic scale. It gives an initial
view of expert judgement at the individual level before aggre-
gation. Table 6 shows the Grey relationship matrix for Gen-Al
enablers by Expert 9. Table 7 shows the normalized initial di-
rect relation matrix. It shows the standardized influence values
among the enablers after normalization. These values form the
basis for computing the total relation matrix and identifying the
overall causal structure among enablers. Table 8 shows the net
effect and prominence based on Ri and Ci values. It shows the
overall importance of each enabler through prominence values
and classifies them into cause and effect groups through net ef-
fect values. Positive net effect values indicate causal enablers,
whereas negative values indicate effect enablers. This helps to
identify which enablers act as key drivers in Gen-AI adoption
for green and responsible supply chains. The cause and effect
enablers are shown in Figure 5. Further, Figure 6 shows the in-
teraction among the enablers.

4 | Results and Discussion
4.1 | DEMATEL Results Findings and Discussion
The findings of the present study provide significant insights

into the structural relationship among the enablers for the adop-
tion of Gen-AlI for responsible and green supply chains. Using

10
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TABLE 7 | Normalized initial direct relation matrix.

El E2 E3 E4 E5 Eé6 E7 E8 E9 E10 El11 E12 E13 E14
El 0.00 0.01 0.03 0.01 0.02 0.02 0.05 0.06 0.05 0.05 0.05 0.05 0.05 0.02
E2 0.02 0.00 0.01 0.03 0.01 0.02 0.05 0.05 0.06 0.05 0.05 0.05 0.06 0.03
E3 0.03 0.01 0.00 0.01 0.03 0.01 0.06 0.05 0.05 0.05 0.05 0.06 0.05 0.03
E4 0.01 0.03 0.01 0.00 0.01 0.03 0.05 0.05 0.05 0.05 0.06 0.05 0.05 0.03
E5 0.02 0.01 0.03 0.01 0.00 0.01 0.06 0.05 0.05 0.05 0.05 0.06 0.05 0.03
E6 0.02 0.02 0.01 0.03 0.01 0.00 0.06 0.06 0.05 0.05 0.05 0.06 0.05 0.03
E7 0.08 0.09 0.08 0.09 0.08 0.09 0.00 0.06 0.07 0.06 0.07 0.06 0.08 0.08
E8 0.09 0.08 0.09 0.08 0.09 0.08 0.06 0.00 0.06 0.07 0.06 0.07 0.07 0.07
E9 0.08 0.09 0.08 0.09 0.08 0.09 0.07 0.06 0.00 0.06 0.07 0.06 0.07 0.08
E10 0.09 0.08 0.09 0.08 0.08 0.08 0.06 0.07 0.06 0.00 0.07 0.07 0.07 0.07
E11 0.08 0.09 0.08 0.09 0.08 0.09 0.07 0.06 0.07 0.07 0.00 0.06 0.08 0.08
E12 0.09 0.08 0.09 0.08 0.09 0.08 0.06 0.07 0.06 0.07 0.06 0.00 0.07 0.07
E13 0.08 0.09 0.08 0.09 0.08 0.09 0.07 0.07 0.07 0.07 0.08 0.07 0.00 0.08
E14 0.02 0.03 0.02 0.03 0.03 0.03 0.05 0.04 0.05 0.04 0.04 0.05 0.05 0.00

TABLE 8 | Net effect and prominence.

Enabler Enabler name Pi Ei Pi+Ei Pi—Ei Category Rank
El Knowledge management 1.95 2.60 4.55 —0.65 Effect 13
E2 Human-AI collaboration 2.01 2.66 4.67 —0.66 Effect 10
E3 Trust and transparency mechanisms 2.01 2.62 4.63 —0.61 Effect 11
E4 Data availability and quality 2.04 2.67 4.71 —0.64 Effect 9
E5 Collaborative culture 1.98 2.60 4.58 —-0.62 Effect 12
E6 Employee training and upskilling 2.06 2.69 4.75 —0.62 Effect 8
E7 Top management support 3.50 2.84 6.34 0.66 Cause 2
E8 Resilience and risk management 343 2.79 6.23 0.64 Cause 6
E9 Sustainability alignment 3.45 2.82 6.27 0.63 Cause 4
E10 Customer-driven innovation 3.43 2.79 6.22 0.64 Cause 7
E11 Digital infrastructure readiness 3.50 2.83 6.33 0.67 Cause 3
E12 Dynamic capabilities 3.44 2.82 6.26 0.62 Cause 5
E13 Government and policy support 3.61 2.92 6.54 0.69 Cause 1
El4 Global collaboration networks 1.89 2.63 4.52 —-0.74 Effect 14

the Grey DEMATEL approach, the enablers were categorized
into causal (driver) and effect (outcome) groups. The classifica-
tion not only helps to understand the relative importance of dif-
ferent enablers but also highlights how systematic change can
be initiated by strengthening the key drivers.

Government and policy support (Rank 1) is the most in-
fluential causal enabler, which indicates that institutional
frameworks set the overall direction for Gen-AI adoption in
green and responsible supply chains. There is a need for clear

guidelines on data governance, carbon reporting and ethical
AT usage. Firms can implement Gen-Al-based optimization
in logistics, sourcing and risk management. Gen-Al-based
projects face challenges such as ethical concerns, scalability
issues and data integration complexity, which need supportive
rules and frameworks (Shekhar et al. 2023). This aligns with
the idea that policy acts as a boundary condition that shapes
organizational preparedness and the design of robust AI gov-
ernance structures in the supply chain. Firms should actively
monitor national and sectoral AI guidelines and align internal

14
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FIGURE 6 | Interaction among the enablers.

Al policies, sustainability targets and reporting practices with
these requirements (Liu et al. 2025). They can also use gov-
ernment schemes, tax incentives and pilot programmes to im-
prove their Gen-Al infrastructure and skills.

Top management support (Rank 2) helps to promote Gen-Al ini-
tiatives within the organization. When top management sets up
a Gen-Al vision and realizes the importance of sustainability,
they help overcome organizational inertia and build confidence
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in Al-driven change. The literature discussion on organiza-
tional preparedness and skills gaps also highlights that strategic
guidance is needed to move beyond pilot projects and integrate
Gen-Al into processes such as forecasting and risk management
(Hughes et al. 2026). Digital infrastructure readiness (Rank
3) is also an important causal enabler. Gen-AI cannot support
responsible and green supply chains without reliable data plat-
forms, its integration with ERP, IoT systems and secure cloud-
based architectures. Therefore Gao et al. (2025) also highlight
that combining Gen-AI with blockchain capabilities enhances
information transparency, data verification and secure decision-
making along the supply chain. These insights support our re-
sults, also that infrastructure is important and directly shapes
data availability and quality, as well as trust and transparency
mechanisms.

Firms should prioritize investments in shared data lakes, API-
based integration and secure edge/cloud infrastructure before
scaling Gen-AlI pilots. They can also use blockchain or similar
architecture to ensure data integrity for emissions, resource
use and social compliance data. Sustainability alignment
(Rank 4) is another important causal enabler. The findings
suggest that when sustainability goals are integrated with
Gen-Al vision from the beginning, organizations are more
likely to select applications that improve resource efficiency,
reduce waste and support green logistics. Gao et al. (2025)
show that Gen-AI adoption in blockchain-enabled environ-
ments can accelerate progress towards SDG9 by enhancing
industrial growth and diversification in a more efficient way.
Saheb et al. (2022) highlight how AI is increasingly used to
support sustainability transitions in energy systems, reinforc-
ing the idea that AI strategies can be aligned with environ-
mental objectives.

In this study, sustainability alignment influences how other
enablers, such as top management support and dynamic capa-
bilities, are directed towards green and responsible outcomes.
Therefore, firms should frame Gen-AI projects with explicit
environmental KPIs, e.g., emissions reduction and waste min-
imization. These need to integrate with ESG and net zero road
maps. Sustainability officers should be involved in Gen-AIport-
folio decisions from the start rather than only at the reporting
stage. Dynamic capabilities (Rank 5) are also a causal enabler.
Shekhar et al. (2023) discuss how Gen-Al predictive and adap-
tive decision-making can support real-time decisions in dis-
ruptions and dynamic market environments. Badakhshan and
Ball (2023) also highlights that Al-enabled models can help
firms to sense changes, simulate alternatives and reconfigure
operations during shocks. These contributions align with our
finding that dynamic capabilities help to transform digital in-
frastructure and sustainability goals into flexible responses,
which help to improve resilience and customer-driven innova-
tion. To achieve this, firms can develop Gen-AI use cases that
directly support sensing (early warning dashboards), seizing
(rapid scenario evaluation) and transforming (reconfiguring
suppliers or modes) in their supply chains. They can also in-
stitutionalize ‘learning from disruptions’ using AI-supported
postevent analyses. Resilience and risk management (Rank 6)
is also a causal enabler. Ivanov (2020) shows how digital sim-
ulation tools are essential to anticipate disruption propagation
and design resilient supply chains. This also supports our

interpretation that organizations with a strong orientation are
more likely to use Gen-Al to identify vulnerabilities, stress-
test and justify investments in infrastructure and collabora-
tion. Therefore, companies should integrate Gen-AI models
into their risk dashboards to forecast disruption scenarios
and their environmental impact. Customer-driven innovation
(Rank 7) is the last enabler in the causal group. Chakraborty
et al. (2024) show that Gen-AlI chatbots can transform cus-
tomer experience by providing personalized recommenda-
tions and interactive support, which helps to achieve trust and
reuse intentions. In our study, a focus on customer-driven in-
novation encourages firms to build human-ATI collaboration
interfaces, design transparent communication about sustain-
ability performance and share knowledge across the network
to meet evolving customer expectations for green and ethical
products.

Employee training and upskilling (Rank 8) is an effect en-
abler. Shekhar et al. (2023) discussed that skill gaps are a key
barrier to Gen-AI implementation in supply chains, implying
that structured training only follows when organizations in-
vest in Gen-Al projects. Firms can therefore use the findings
of this study to design targeted training programmes once
strategic direction, infrastructure and risk priorities are set,
rather than treating training as a stand-alone initiative. Data
availability and quality (Rank 9) is also an enabler. Meriton
et al. (2021) discussed that big data creates value only when
it is accessible, reliable and connected to decision processes.
Further, Gao et al. (2025) show that blockchain capabilities
provide transparent, secure and high-quality data that Gen-Al
can use for forecasting and optimization. Firms can therefore
treat data quality improvements as a visible outcome of earlier
investments in infrastructure and governance. Human-AI
collaboration (Rank 10) is also an effect enabler. Chakraborty
et al. (2024) demonstrate that perceptions of interaction qual-
ity, credibility and anthropomorphism of Gen-AI chatbots are
central to building trust in Al-assisted shopping experiences.
Trust and transparency mechanisms (Rank 11) is also an ef-
fect enabler.

Gao et al. (2025) show that Gen-Al adoption enhances block-
chain capabilities and improves supply chain efficiency and
transparency. Chakraborty et al. (2024) also highlight that
trust in an AI system is a critical outcome of good design
and communication. Our findings suggest that once these
upstream conditions are met, trust and transparency can be
systematically built into green and responsible supply chains.
Collaborative culture (Rank 12) and Knowledge manage-
ment (Rank 13) are effect enablers. Richey et al. (2023) also
discussed that AI in supply chain involves organizational
routines, processes and collaboration among stakeholders.
Meriton et al. (2021) work on big data-enabled supply chain
management shows that knowledge creation and sharing
mechanisms are needed to transform data and analytics into
continuous value. As firms strengthen their leadership, infra-
structure, resilience and training, they are better equipped to
develop a collaborative culture and formal knowledge man-
agement practices.

Global collaboration network (Rank 14) is also an effect enabler.
It became feasible when firms have already achieved internal
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readiness, reliable data, trusted Al systems and strong collab-
orative routines. Gao et al. (2025) focus on supply chain using
blockchain and Gen-Al and illustrate how these technologies
operate in cross-firm and often cross-border networks. Our re-
sults, therefore, suggest that organizational and technological
maturity is required for global collaboration. Once the causal
enablers are strengthened, firms should invest in structured
Gen-Al and role-specific training programmes to build human-
AT collaboration skills.

4.2 | Theoretical Implications of the Study

The present study contributes to the theoretical understanding
of Gen-Al adoption in the supply chain by discussing a struc-
tured causal effect perspective through the Grey DEMATEL
approach. Prior studies in this area discussed these enablers but
did not reveal how these enablers influence each other. With
the help of the Grey DEMATEL approach, this study shows that
adoption is not a linear or stand-alone process but a dynamic
system that is shaped by interdependencies across organiza-
tional frameworks, where the resources and external conditions
drive the Gen-Al adoption.

A key theoretical contribution of the present study is the iden-
tification of trust and transparency as the causal enabler. Prior
studies discuss trust as a consequence of digital adoption, yet
the results here indicate that it functions as the prerequisite for
AT integration. This research also contributes to the debate on
digital transformation by linking AI and Gen-Al adoption to
broader supply chain theories. It shows that adoption cannot
be fully explained by technological potential alone; instead, it
requires the integration of institutional support, organizational
adaptability and collaborative practices.

4.3 | Managerial and Policy Implications

The present study findings highlight that responsible integration
of Gen-AlI in the green and responsible supply chains requires
a holistic policy framework that links accountability, innova-
tion and sustainability. India's technology trajectory shows that
Gen-Al can enhance productivity by over 40% in key sectors
such as IT, manufacturing and logistics, but the challenge lies
in ensuring this growth aligns with environmental and social
priorities.> Therefore, it is suggested that policymakers must
move beyond digital adoption to develop policies that incentiv-
ize sustainable AI use. In some developing countries like India,
initiatives like IndiaAI Mission and the partnership between the
Ministry of Skill Development and Entrepreneurship and Meta
to establish Centers of Excellence in AI and virtual reality in
premium institutes signal a commitment towards inclusive Al
ecosystems.* Extending such programmes to the manufactur-
ing and logistics sector will help boost Gen-AI-enabled sustain-
ability projects. The government should also develop regulatory
sandboxes to test new Gen-AlI-based solutions. Given the risk of
bias, opacity, and overautomation, policymakers from develop-
ing economies must ensure the ethical deployment of Gen-AI
by establishing Responsible AI guidelines within the existing
data protection framework. Based on the consulting industry's

recommendations, integrating AlI-specific sustainability met-
rics into ESG reporting and public procurement norms will be
helpful to align corporate incentives with national sustainabil-
ity goals.

4.4 | Actionable Insights and Research
Propositions

The results of the study not only clarify which enablers drive
Gen-Al adoption for responsible and green supply chains but
also show where managers should act first. Based on the ear-
lier theoretical, managerial and policy implications, this sub-
section discusses some research propositions based on findings.
The focus is on how organizations can convert top management
commitment, digital infrastructure, dynamic capabilities, col-
laborative culture and employee skills into Gen-Al initiatives.
Each proposition, therefore, links a specific enabler to expected
improvements in green and responsible supply chain perfor-
mance. These propositions can guide future empirical studies
and, at the same time, offer practitioners a structured checklist
to design a Gen-Al road map.

Proposition 1. Institutionalized top management commit-
ment towards Gen-Al and sustainability positively influences
Gen-AlI adoption for responsible and green supply chains.

When Gen-Al is integrated into a strategic road map, senior
leaders set clear sustainability-related AI goals, allocate budgets
and monitor progress through KPIs (Dua 2025). Such visible
commitment also supports the development of AI governance
boards that oversee ethical use, transparency and accountability
in supply chain decisions. These actions reduce internal resis-
tance and ensure that Gen-AlI for green objectives is a long-term
priority rather than a short-term experiment.

Proposition 2. Digital infrastructure readiness positively in-
fluences the effectiveness of Gen-Al applications to enable real-
time and sustainable supply chain operations.

Robust infrastructure in the form of IoT-enabled devices, ERP
integration and cloud platform allows seamless data flows
across procurement, production, logistics and reverse logistics
(Ivanov et al. 2022). This supports the real-time monitoring and
predictive analytics, which are essential for emission-aware
routing, energy-efficient production planning and proactive risk
management.

Proposition 3. Strong data governance and high data quality
positively influence the reliability and organizational acceptance
of Gen-AlI based supply chain decisions.

Data quality and standardization are important components
because Gen-Al models depend on consistent, trustworthy in-
puts to generate useful insights. Developing clear rules on data
ownership, validation and interoperability across departments
improves the credibility of Al-supported recommendations
(Sargiotis 2024). When managers trust the underlying data, they
are more willing to use Gen-AI outputs in decisions related to
sourcing, inventory and environmental performance.

Business Strategy and the Environment, 2026

17

85UB017 SUOUIWIOD 8AITE8.1D) 9{cedl|dde Ly Ag peuenob ae safole YO 8sn J0 Sa|nJ 10} Arlq)TauljuQ AB]1M UO (SUONIPUCD-PUE-SWLIBI0 A8 | AReq 1 puljuo//:Sdny) SUORIPUOD pue sWis | 8y 88s *[9202/90/20] Uo Arigiauliuo &M * Uelreus 1o AIsIBAlun ueotewy - eAIypeLeS Ysoinusy Aq 890T/ 850/Z00T 0T/I0p/u0d" 8| im Ale.q1jpul|uoy/sdiy Wwoly pepeojumoq ‘0 '9£80660T



Proposition 4. Collaboration with government agencies pos-
itively moderates the relationship between Gen-AI adoption and
supply chain performance, such that the relationship is stronger
when collaboration is high.

Working closely with government bodies enables firms to access
incentives, R&D funding and policy guidance for responsible
AT usage (Madhavan et al. 2020). Mechanisms such as carbon
credits and targeted schemes can lower the financial barriers to
adopting Gen-AlI solutions for emission reduction, waste mini-
mization and circular practices. Such collaboration aligns orga-
nizational initiatives with national sustainability priorities and
reduces regulatory uncertainty.

Proposition 5. Dynamic capabilities developed through an
AI Center of Excellence and structured pilot-scale projects posi-
tively influence the achievement of sustainability benefits.

Establishing an AI centre for excellence and pilot projects helps
to create learning loops through which firms can experiment,
evaluate, and scale Gen-Al solutions. These practices help to
strengthen agility and reconfigure processes over time.

Proposition 6. A collaborative culture among internal and
external partners positively influences the impact of Gen-Al inno-
vation and trust in responsible supply chain initiatives.

The collaborative culture promotes joint problem-solving and
knowledge sharing, which helps in innovation (Kucharska 2017).
When partners share data, expectations and constraints, Gen-Al
tools can be used to codesign low-carbon solutions and resilient
logistics configurations. This collaborative environment also
builds trust, which is important when Al-supported decisions
can affect multiple stakeholders.

Proposition 7. Systematic employee training and participa-
tion in global collaboration networks jointly enhance human-AI
value cocreation and green innovation in supply chains.

Targeted programmes on data literacy and prompt engineering
will be helpful for employees to understand and shape Gen-Al
outputs rather than passively accept them. As organizations
mature digitally, connecting to global networks will allow them
to exchange Gen-Al solutions, benchmark green practices and
learn from diverse contexts. In this context, skilled employees
and international collaboration play an important role in scal-
ing the Gen-Al solution and improving supply chain resilience.
The proposed propositions highlight that Gen-AI will support
responsible and green supply chains only when it is integrated
in a broader organizational and institutional context. Only
technology adoption is not sufficient as its maturity depends
on leadership commitment, supportive policies and continuous
upskilling. For researchers, these propositions offer a clear path
for case studies across different sectors and regions.

5 | Conclusion

The present study provides a comprehensive analysis of enablers
that influence Gen-AlI adoption for responsible and green supply

chains. The study uses a Grey DEMATEL-based approach to
identify structural relationships among enablers and classify
them into causal and effect categories. It offers critical insights
into how organizations can strategically leverage Gen-Al to
achieve operational efficiency, resiliency and sustainability
goals. The findings of the present study highlight that govern-
ment and policy support, top management support and digital
infrastructure readiness are the most significant causal enablers.
Leadership commitment ensures the long-term investment, gov-
ernance alignment and institutionalization of sustainability-
driven digital strategies. Robust technological infrastructure
within the organization and high-quality data flows act as the
backbone for the effective deployment of Al-driven tools that
support green initiatives, optimize processes and reduce waste.
The role of government and policy support is also important as
regulatory clarity and ethical AI guidelines promote confidence
and compliance across industries.

Dynamic capabilities and collaborative culture improve or-
ganizational adaptability, which enables firms to reconfigure
resources and build a trust-based network. Employee training
and upskilling are found to be outcome enablers that evolve as
organizations mature digitally. These outcomes rely heavily
on the presence of strong leadership and a data-driven cul-
ture. The present study also highlights the importance of trust
and transparency mechanisms, knowledge management and
human AT collaboration as indicators of organizational matu-
rity. From the managerial perspective, the present study offers
actionable insights. Organizations can start their journey by
integrating AI adoption within their strategic vision, which is
supported by clear governance frameworks and performance
metrics. There is a need to prioritize workforce readiness
through targeted reskilling programmes that will be helpful
to prepare employees for human Al collaboration.

5.1 | Limitations and Future Search

Despite its contribution, there are few limitations in this study.
First, the analysis was based on a limited number of experts,
which can be addressed in future. Second, the Grey DEMATEL
approach, although it is effective in capturing interrelationships,
relies on expert judgement, which may introduce subjectivity.
Future studies could expand the scope by incorporating mul-
timethod approaches such as fuzzy AHP-ISM hybrid models,
SEM or system dynamics simulations to validate and strengthen
causal relationships.
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Endnotes

IThe state of AT in 2023: Generative Al's breakout year. Available at:
https://www.mckinsey.com/capabilities/quantumblack/our-insights/
the-state-of-ai-in-2023-generative-ais-breakout-year.

2Beyond automation: How Gen-Al is reshaping supply chains. Available
at:  https://www.mckinsey.com/capabilities/operations/our-insights/
beyond-automation-how-gen-ai-is-reshaping-supply-chains.
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https://www.mckinsey.com/capabilities/operations/our-insights/beyond-automation-how-gen-ai-is-reshaping-supply-chains
https://www.mckinsey.com/capabilities/operations/our-insights/beyond-automation-how-gen-ai-is-reshaping-supply-chains

3How much productivity can GenAI unlock in India? Available at:
https://www.ey.com/content/dam/ey-unified-site/ey-com/en-in/servi
ces/ai/aidea/2025/01/ey-the-aidea-of-india-2025-how-much-produ
ctivity-can-genai-unlock-in-india.pdf Accessed on: 16 Oct 2025.

“4Collaboration for GenAl Centre of Excellence & YuvaAl Initiative.

Available at: https://www.digitalindia.gov.in/events/collaboration-
for-genai-centre-of-excellence-yuvaai-initiative/Accessed on: 16 Oct
2025.
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