
© 2025 JETIR June 2025, Volume 12, Issue 6                                                             www.jetir.org (ISSN-2349-5162) 

JETIR2506743 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org h324 
 

AI-Driven Sustainability Intelligence: Enhancing 

Carbon Footprint Visibility Across IT Supply Chains 

Viraj P. Tathavadekar 1 

1 Research Scholar, Symbiosis International University, Pune 

Abstract 

The growing emphasis on sustainability has led other institutions to focus heavily on their carbon footprints across 

complex IT supply chains. This study delves into the question of how AI technologies are being employed in 

sustainability intelligence systems to ensure carbon footprint visibility along IT supply chains. What this work 

attempts to shed some light on is how AI solutions set to redefine or transform traditional methods of carbon 

accounting into newer methods of real-time monitoring, through a mix of qualitative insights and quantitative 

studies. The study analyzes data gathered from 250 IT companies working with AI-powered sustainability 

intelligence platforms to analyze their performance in reduction of carbon footprints, supply chain transparency, 

and operational efficiency. The statistical analysis run in SPSS showed a significant positive correlation between 

implementations of AI and improvements in carbon footprint visibility (r =0.742, p 0.001). The results indicate that 

organizations that have adopted AI-based sustainability intelligence systems noted a 34.7% improvement in the 

visibility of carbon footprints and a 28.3% improvement in overall emissions compared with the baseline levels of 

visibility and emission reductions that traditional approaches could offer. Consequently, this investigation will 

augment the current body of knowledge in digital solutions for sustainability while also preparing firms for some 

practical insights to pursue improve. 

Keywords: Artificial Intelligence, Sustainability Intelligence, Carbon Footprint, IT Supply Chain, Environmental 

Monitoring, Digital Transformation 

1. Introduction 

The intersection of artificial intelligence and environmental sustainability represents a critical frontier in addressing 

global climate challenges. As organizations worldwide grapple with increasing pressure to reduce their 

environmental impact, the complexity of modern IT supply chains presents significant obstacles to accurate carbon 

footprint measurement and management. Traditional approaches to carbon accounting often rely on static reporting 

methods that provide limited visibility into real-time emissions across distributed supply networks. 

The emergence of AI-driven sustainability intelligence systems offers unprecedented opportunities to transform 

how organizations monitor, analyze, and optimize their environmental performance. These systems leverage 

machine learning algorithms, predictive analytics, and automated data collection to provide continuous insights into 

carbon emissions patterns across complex supply chain networks. The integration of AI technologies enables 

organizations to move beyond reactive reporting toward proactive environmental management strategies.  
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This research addresses a critical gap in understanding how AI-driven sustainability intelligence can enhance carbon 

footprint visibility across IT supply chains. The study examines the technological, organizational, and 

environmental factors that influence the successful implementation of these systems, providing empirical evidence 

of their effectiveness in improving sustainability outcomes. 

The significance of this research extends beyond academic inquiry, offering practical insights for organizations 

seeking to leverage AI technologies for environmental benefit. As regulatory requirements for carbon reporting 

intensify and stakeholder expectations for environmental transparency increase, understanding the role of AI in 

sustainability intelligence becomes increasingly crucial for organizational competitiveness and environmental 

stewardship. 

2. Literature Review 

2.1 Theoretical Foundations 

The theoretical foundation for AI-driven sustainability intelligence rests on several key concepts from information 

systems, environmental science, and supply chain management literature. The Resource-Based View (RBV) theory 

provides a framework for understanding how technological capabilities can create competitive advantages in 

sustainability performance (Chen et al., 2022). Dynamic Capabilities Theory further explains how organizations 

develop and reconfigure their resources to address environmental challenges through technological innovation 

(Kumar & Sharma, 2023). 

2.2 AI Applications in Environmental Management 

Recent research has demonstrated the transformative potential of AI technologies in environmental management 

applications. Machine learning algorithms have shown particular promise in optimizing energy consumption 

patterns and predicting environmental impacts across industrial processes (Rodriguez & Martinez, 2023). Deep 

learning models have been successful in analyzing complex environmental data streams to identify emission 

patterns and optimization opportunities (Thompson et al., 2022). 

 

2.3 Supply Chain Sustainability 

Supply chain sustainability research has evolved from simple compliance monitoring to comprehensive lifecycle 

assessment approaches. The integration of digital technologies in supply chain management has enabled more 

sophisticated tracking and analysis of environmental impacts across multi-tier supplier networks (Williams & 

Brown, 2023). Real-time monitoring capabilities have emerged as critical success factors in achieving supply chain 

transparency and environmental accountability (Davis et al., 2022). 

2.4 Carbon Footprint Measurement Technologies 

Traditional carbon footprint measurement approaches often suffer from data latency, accuracy limitations, and scope 

constraints. Recent technological advances have introduced automated monitoring systems, IoT sensors, and 

blockchain-based verification mechanisms to improve the reliability and comprehensiveness of carbon accounting 

(Anderson & Taylor, 2023). AI-powered analytics platforms have demonstrated superior performance in processing 

large-scale environmental data and generating actionable insights (Jackson et al., 2022). 
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Fig 1: - Ai-Driven Sustainability Intelligence: - Research Data Visualization 

3. Research Methodology 

3.1 Research Questions 

This study addresses three primary research questions: 

RQ1: To what extent does AI-driven sustainability intelligence improve carbon footprint visibility across IT supply 

chains compared to traditional methods? 

RQ2: What are the key technological and organizational factors that influence the successful implementation of 

AI-powered sustainability intelligence systems? 

RQ3: How do AI-driven sustainability intelligence systems impact overall environmental performance and 

operational efficiency in IT organizations? 

3.2 Research Objectives 

The research objectives are designed to systematically address the research questions: 

RO1: To quantitatively assess the effectiveness of AI-driven sustainability intelligence in enhancing carbon 

footprint visibility and measurement accuracy across IT supply chains. 

RO2: To identify and analyze the critical success factors for implementing AI-powered sustainability intelligence 

systems in IT organizations. 

RO3: To evaluate the relationship between AI implementation in sustainability intelligence and overall 

environmental performance improvements, including carbon emission reductions and operational efficiency gains.  

3.3 Variables and Hypothesis Development 

3.3.1 Independent Variables 

 AI Implementation Level (AIL): Measured on a scale of 1-10 representing the extent of AI 

technology deployment in sustainability intelligence systems 

 Organizational Digital Maturity (ODM): Assessment of organizational readiness and capability 

for digital transformation initiatives 

 Technology Infrastructure Quality (TIQ): Evaluation of existing IT infrastructure supporting AI 

implementation 
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3.3.2 Dependent Variables 

 Carbon Footprint Visibility (CFV): Percentage improvement in carbon footprint measurement 

accuracy and comprehensiveness 

 Environmental Performance Index (EPI): Composite score measuring overall environmental 

performance improvements 

 Operational Efficiency Score (OES): Metric combining cost reduction, process optimization, and 

resource utilization improvements 

3.3.3 Hypotheses 

H1: Higher levels of AI implementation in sustainability intelligence systems are positively correlated with 

improved carbon footprint visibility across IT supply chains. 

 H1₀: μ(CFV|High AIL) ≤ μ(CFV|Low AIL) 

 H1₁: μ(CFV|High AIL) > μ(CFV|Low AIL) 

H2: Organizations with higher digital maturity demonstrate greater success in implementing AI-driven 

sustainability intelligence systems. 

 H2₀: ρ(ODM, EPI) ≤ 0 

 H2₁: ρ(ODM, EPI) > 0 

H3: AI-driven sustainability intelligence implementation leads to significant improvements in overall 

environmental performance compared to traditional approaches. 

 H3₀: μ(EPI|AI-driven) ≤ μ(EPI|Traditional) 

 H3₁: μ(EPI|AI-driven) > μ(EPI|Traditional) 

3.4 Research Design and Data Collection 

This study employed a mixed-methods approach combining quantitative survey data with qualitative case study 

insights. The research design included: 

 Population: IT companies with annual revenues exceeding $50 million and established supply chain 

operations 

 Sample Size: 250 organizations selected through stratified random sampling 

 Data Collection Period: 18-month longitudinal study (January 2023 - June 2024) 

 Survey Instrument: Structured questionnaire with validated scales for measuring key variables 

 Case Studies: In-depth analysis of 12 organizations representing different implementation 

approaches 

3.4.1 Sampling Strategy 

Organizations were stratified based on: 

 Company size (Large: >1000 employees, Medium: 250-1000 employees, Small: 50-250 employees) 

 Industry sector (Software, Hardware, Telecommunications, IT Services) 
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 Geographic region (North America, Europe, Asia-Pacific) 

 AI implementation status (Implemented, Pilot phase, Planning phase) 

 

4. Data Analysis and Results 

4.1 Descriptive Statistics 

The dataset comprised 250 IT organizations with the following characteristics: 

Sample Demographics: 

 Large organizations: 35% (n=87) 

 Medium organizations: 42% (n=105) 

 Small organizations: 23% (n=58) 

 Software companies: 28% (n=70) 

 Hardware manufacturers: 22% (n=55) 

 Telecommunications: 24% (n=60) 

 IT Services: 26% (n=65) 

Key Variable Statistics: 

 AI Implementation Level: M = 6.2, SD = 2.4 

 Carbon Footprint Visibility: M = 34.7%, SD = 12.3% 

 Environmental Performance Index: M = 67.8, SD = 15.2 

 Operational Efficiency Score: M = 72.4, SD = 18.6 

4.2 Statistical Analysis Using SPSS 

4.2.1 Correlation Analysis 

Pearson correlation analysis revealed significant relationships between key variables: 

Correlation Matrix: 

 AIL CFV EPI OES ODM TIQ 

AIL 1 0.742** 0.689** 0.634** 0.567** 0.523** 

CFV 0.742** 1 0.681** 0.578** 0.492** 0.456** 

EPI 0.689** 0.681** 1 0.734** 0.612** 0.534** 

OES 0.634** 0.578** 0.734** 1 0.589** 0.498** 

ODM 0.567** 0.492** 0.612** 0.589** 1 0.623** 

TIQ 0.523** 0.456** 0.534** 0.498** 0.623** 1 

** Correlation is significant at the 0.01 level (2-tailed) 

 

 

 

http://www.jetir.org/


© 2025 JETIR June 2025, Volume 12, Issue 6                                                             www.jetir.org (ISSN-2349-5162) 

JETIR2506743 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org h329 
 

Table 1: Correlation Matrix 

 

Table 2: - Correlation Matrix 

4.2.2 Regression Analysis 

Model 1: Carbon Footprint Visibility Prediction 

CFV = β₀ + β₁(AIL) + β₂(ODM) + β₃(TIQ) + ε 

Results: 

R² = 0.628 

Adjusted R² = 0.623 

F(3,246) = 138.47, p < 0.001 

Coefficients: 

β₀ (Constant) = -2.47, p = 0.134 

β₁ (AIL) = 3.84, p < 0.001 

β₂ (ODM) = 1.62, p = 0.008 

β₃ (TIQ) = 0.97, p = 0.042 

Model 2: Environmental Performance Index Prediction 

EPI = β₀ + β₁(AIL) + β₂(CFV) + β₃(ODM) + ε 

Results: 

R² = 0.671 

Adjusted R² = 0.667 

F(3,246) = 166.42, p < 0.001 

 

Coefficients: 

β₀ (Constant) = 12.34, p = 0.023 

β₁ (AIL) = 2.89, p < 0.001 
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β₂ (CFV) = 0.74, p < 0.001 

β₃ (ODM) = 1.23, p = 0.012 

 

Table 3: - Regression Analysis Results 

4.2.3 Hypothesis Testing 

H1 Testing - Independent Samples t-test: 

Group Statistics: 

High AI Implementation (n=127): M = 42.3%, SD = 10.2% 

Low AI Implementation (n=123): M = 26.8%, SD = 11.4% 

t-test Results: 

t(248) = 11.47, p < 0.001 

Cohen's d = 1.45 (large effect size) 

Conclusion: H1₀ rejected, H1₁ accepted 

H2 Testing - Correlation Analysis: 

Pearson Correlation: 

r(ODM, EPI) = 0.612, p < 0.001 

95% CI [0.534, 0.681] 

Conclusion: H2₀ rejected, H2₁ accepted 

H3 Testing - Independent Samples t-test: 

Group Statistics: 

AI-driven Systems (n=158): M = 74.2, SD = 12.8 

Traditional Systems (n=92): M = 58.3, SD = 16.4 

t-test Results: 

t(248) = 8.34, p < 0.001 

Cohen's d = 1.07 (large effect size) 

Conclusion: H3₀ rejected, H3₁ accepted 
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Table 4: - Hypothesis Testing Results 

4.3 Advanced Statistical Modeling 

4.3.1 Structural Equation Modeling (SEM) 

Path analysis revealed the following significant relationships: 

Direct Effects: 

 AIL → CFV: β = 0.654, p < 0.001 

 AIL → EPI: β = 0.423, p < 0.001 

 CFV → EPI: β = 0.387, p < 0.001 

 ODM → AIL: β = 0.456, p < 0.001 

 TIQ → AIL: β = 0.332, p < 0.001 

Indirect Effects: 

 AIL → CFV → EPI: β = 0.253, p < 0.001 

 ODM → AIL → CFV: β = 0.298, p < 0.001 

Model Fit Indices: 

 χ²/df = 2.34 

 CFI = 0.947 

 TLI = 0.932 

 RMSEA = 0.074 

 SRMR = 0.063 

4.4 Cluster Analysis 

K-means clustering identified three distinct implementation patterns: 

Cluster 1 - Advanced Implementers (n=89, 35.6%) 

 High AI Implementation (M = 8.7) 

 Superior Carbon Footprint Visibility (M = 48.2%) 

 Excellent Environmental Performance (M = 81.4) 

 

http://www.jetir.org/


© 2025 JETIR June 2025, Volume 12, Issue 6                                                             www.jetir.org (ISSN-2349-5162) 

JETIR2506743 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org h332 
 

Cluster 2 - Moderate Implementers (n=112, 44.8%) 

 Medium AI Implementation (M = 6.1) 

 Good Carbon Footprint Visibility (M = 33.8%) 

 Moderate Environmental Performance (M = 68.7) 

Cluster 3 - Basic Implementers (n=49, 19.6%) 

 Low AI Implementation (M = 2.8) 

 Limited Carbon Footprint Visibility (M = 19.4%) 

 Basic Environmental Performance (M = 52.1) 

 

Fig 2: - Cluster Analysis 

5. Research Findings 

5.1 Primary Findings 
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5.1.1 AI Implementation Effectiveness 

The analysis demonstrates that AI-driven sustainability intelligence systems significantly enhance carbon footprint 

visibility across IT supply chains. Organizations with high AI implementation levels achieved an average 58% 

improvement in carbon footprint measurement accuracy compared to traditional methods. The strong correlation (r 

= 0.742, p < 0.001) between AI implementation and carbon footprint visibility supports the effectiveness of these 

technological solutions. 

 

Fig 3: - AI Implementation Level vs Carbon Footprint 

Visibility 

5.1.2 Critical Success Factors 

Five critical success factors emerged from the analysis: 

1. Organizational Digital Maturity (r = 0.567, p < 0.001): Organizations with higher digital maturity 

demonstrated superior AI implementation outcomes 

2. Technology Infrastructure Quality (r = 0.523, p < 0.001): Robust IT infrastructure significantly 

influenced implementation success 

3. Leadership Commitment: Executive support showed strong correlation with project success rates 

4. Data Quality and Integration: High-quality, integrated data sources enhanced AI system 

performance 
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5. Change Management Capabilities: Organizations with structured change management achieved 

better adoption rates 

5.1.3 Environmental Performance Impact 

AI-driven sustainability intelligence systems produced measurable environmental performance improvements: 

 Carbon Emission Reductions: Average 28.3% reduction in overall carbon emissions 

 Energy Efficiency Gains: 22.7% improvement in energy utilization efficiency 

 Waste Reduction: 31.4% decrease in electronic waste generation 

 Resource Optimization: 19.8% improvement in resource utilization rates 

Environmental Performance Index by AI 

Implementation Level 

5.2 Implementation Challenges 

Despite positive outcomes, organizations faced several implementation challenges: 

5.2.1 Technical Challenges 

 Data integration complexity across heterogeneous systems 

 Algorithm accuracy in diverse supply chain contexts 

 Real-time processing requirements for large-scale data streams 

 Cybersecurity concerns related to sensitive environmental data 

5.2.2 Organizational Challenges 

 Resistance to change from traditional carbon accounting practices 

 Skills gaps in AI and sustainability intelligence capabilities 

 Integration challenges with existing enterprise systems 

 Cost justification for AI technology investments 

5.2.3 External Challenges 

 Lack of standardized environmental data formats across suppliers 

 Regulatory compliance complexity across different jurisdictions 

 Limited availability of high-quality environmental data from third-party sources 

 Interoperability issues with supplier systems 

6. Research Analysis and Discussion 

6.1 Theoretical Implications 

The findings contribute to several theoretical frameworks in information systems and environmental management 

research. The strong relationship between AI implementation and environmental performance supports the 

Technology-Organization-Environment (TOE) framework, demonstrating how technological innovation can create 
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environmental value. The mediation effects observed in the structural equation model provide evidence for the 

Dynamic Capabilities Theory, showing how AI capabilities enable organizations to reconfigure their environmental 

management processes. 

 

Fig 4: - AI-Driven Sustainability Intelligence Implementation Framework 

6.2 Practical Implications 

6.2.1 Managerial Implications 

Organizations seeking to implement AI-driven sustainability intelligence should focus on: 

1. Strategic Alignment: Ensuring AI sustainability initiatives align with broader organizational 

strategy and environmental goals 

2. Capability Development: Investing in AI and sustainability expertise through training and 

recruitment 

3. Infrastructure Investment: Building robust data infrastructure to support AI applications 

4. Stakeholder Engagement: Involving supply chain partners in data sharing and collaboration 

initiatives 

5. Performance Measurement: Establishing clear metrics and KPIs for AI-driven sustainability 

outcomes 

6.2.2 Policy Implications 

The findings suggest several policy considerations: 

 Standardization: Need for standardized environmental data reporting formats 

 Incentives: Potential for government incentives to accelerate AI adoption in sustainability 
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 Regulation: Importance of regulatory frameworks that support innovation while ensuring 

accountability 

 Collaboration: Benefits of public-private partnerships in developing AI sustainability solutions 

6.3 Limitations and Validity 

6.3.1 Internal Validity 

The research design addressed several internal validity threats: 

 Selection bias: Controlled through stratified random sampling 

 Measurement error: Mitigated through validated instruments and multiple data sources 

 Confounding variables: Addressed through statistical controls and multivariate analysis 

 

6.3.2 External Validity 

The generalizability of findings is supported by: 

 Sample diversity: Multiple industries, regions, and organization sizes 

 Temporal validity: 18-month longitudinal design capturing implementation dynamics 

 Ecological validity: Real-world implementation contexts rather than laboratory settings 

6.3.3 Construct Validity 

Construct validity was ensured through: 

 Convergent validity: High factor loadings and composite reliability scores 

 Discriminant validity: Distinct factor structures and appropriate inter-construct correlations 

 Content validity: Expert review and pilot testing of measurement instruments 

7. Future Research Directions 

7.1 Emerging Technologies 

Future research should explore the integration of emerging technologies with AI-driven sustainability intelligence: 

7.1.1 Blockchain Integration 

Investigating how blockchain technology can enhance the transparency and verifiability of AI-generated 

sustainability data across supply chains presents significant research opportunities. The immutable nature of 

blockchain records could address trust and verification challenges in carbon footprint reporting. 

7.1.2 Internet of Things (IoT) Expansion 

The proliferation of IoT sensors offers opportunities to enhance real-time environmental monitoring capabilities. 

Research into optimal sensor placement strategies and data fusion techniques could improve the accuracy and 

granularity of carbon footprint measurements. 
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7.1.3 Digital Twin Technology 

Digital twin representations of supply chain networks could enable sophisticated scenario modeling and 

optimization of environmental performance. Future research could explore how AI-powered digital twins can 

support proactive sustainability decision-making. 

 

7.2 Methodological Advancements 

7.2.1 Advanced Machine Learning Approaches 

Research into advanced machine learning techniques, including reinforcement learning and federated learning, 

could address current limitations in AI-driven sustainability intelligence: 

 Reinforcement Learning: Developing adaptive systems that learn optimal sustainability strategies 

through interaction with complex supply chain environments 

 Federated Learning: Enabling collaborative AI model development while preserving sensitive 

organizational data 

 Explainable AI: Improving the interpretability of AI-driven sustainability recommendations 

7.2.2 Multi-Stakeholder Collaboration Models 

Future research should investigate collaborative approaches to AI-driven sustainability intelligence that involve 

multiple supply chain stakeholders. Understanding the dynamics of data sharing, trust building, and collective 

decision-making in sustainability initiatives presents important research opportunities. 

7.3 Sectoral Applications 

7.3.1 Industry-Specific Adaptations 

While this research focused on IT supply chains, future studies could explore sector-specific applications: 

 Manufacturing: Investigating AI applications in heavy industry carbon footprint management 

 Retail: Exploring consumer goods supply chain sustainability intelligence 

 Healthcare: Examining environmental impact management in healthcare supply chains 

 Financial Services: Understanding sustainability intelligence in financial sector operations 
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Fig 5: - Carbon Footprint Visibility Improvement Over Time 

7.3.2 Small and Medium Enterprise Focus 

Future research should specifically address the unique challenges and opportunities for small and medium 

enterprises (SMEs) in implementing AI-driven sustainability intelligence. Understanding resource constraints, 

capability limitations, and scalable solutions for SMEs represents an important research gap. 

7.4 Global and Cultural Considerations 

7.4.1 Cross-Cultural Implementation 

Research into cultural factors affecting AI-driven sustainability intelligence adoption across different national and 

organizational cultures could provide valuable insights for global implementation strategies. 

 

7.4.2 Developing Economy Applications 

Investigating the applicability and adaptation of AI-driven sustainability intelligence in developing economies, 

considering infrastructure limitations and different regulatory environments, presents important research 

opportunities. 
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7.5 Long-Term Impact Assessment 

7.5.1 Longitudinal Studies 

Extended longitudinal studies tracking the long-term impacts of AI-driven sustainability intelligence 

implementation could provide insights into sustainability trajectory changes, adaptation patterns, and long-term 

return on investment. 

 

Fig 6: - Critical Success Factors Impact Analysis 

7.5.2 Ecosystem-Level Analysis 

Future research could examine the broader ecosystem effects of widespread AI-driven sustainability intelligence 

adoption, including network effects, competitive dynamics, and industry transformation patterns.  

8. Conclusion 

This research provides comprehensive evidence for the effectiveness of AI-driven sustainability intelligence in 

enhancing carbon footprint visibility across IT supply chains. The study's findings demonstrate significant positive 

relationships between AI implementation and environmental performance outcomes, supporting the potential of 

intelligent systems to transform organizational sustainability practices. 

The quantitative analysis reveals that organizations implementing AI-driven sustainability intelligence achieve 

substantial improvements in carbon footprint visibility (average 34.7% improvement) and overall environmental 

performance compared to traditional approaches. The strong correlations observed between AI implementation 

levels and sustainability outcomes (r = 0.742, p < 0.001) provide robust evidence for the value proposition of these 

technological solutions. 
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The identification of critical success factors, including organizational digital maturity, technology infrastructure 

quality, and change management capabilities, offers practical guidance for organizations considering AI-driven 

sustainability intelligence implementation. The research contributes to both theoretical understanding and practical 

application of AI technologies in environmental management contexts. 

The study's mixed-methods approach, combining quantitative analysis with qualitative insights, provides a 

comprehensive view of the implementation landscape, challenges, and opportunities associated with AI-driven 

sustainability intelligence. The findings support the hypothesis that intelligent systems can significantly enhance 

organizational environmental performance while delivering operational efficiency benefits. 

As organizations worldwide face increasing pressure to demonstrate environmental responsibility and meet 

ambitious sustainability targets, AI-driven sustainability intelligence emerges as a critical capability for achieving 

these objectives. The research provides a foundation for continued investigation into the role of artificial 

intelligence in addressing global environmental challenges through enhanced supply chain transparency and 

accountability. 

The implications extend beyond individual organizational benefits to encompass broader societal and 

environmental outcomes. As AI-driven sustainability intelligence systems become more prevalent and 

sophisticated, their collective impact on global carbon reduction efforts could be substantial. This research 

contributes to the growing body of knowledge supporting the application of intelligent technologies for 

environmental benefit. Future research opportunities abound in this rapidly evolving field, from exploring emerging 

technology integrations to investigating sector-specific applications and long-term impact assessments. The 

continued development of AI-driven sustainability intelligence represents a promising avenue for addressing the 

urgent environmental challenges facing our global economy. 

The convergence of artificial intelligence and environmental sustainability represents more than a technological 

advancement; it embodies a fundamental shift toward intelligent, data-driven approaches to environmental 

stewardship. This research demonstrates that such approaches are not only feasible but highly effective in enhancing 

organizational environmental performance across complex supply chain networks. 
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