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ABSTRACT: Autonomous logistics planning is rapidly gaining traction in emerging markets, driven by the need for efficiency, 

scalability, and resilience in the face of infrastructure limitations and volatile demand patterns. This paper explores the development 

of an AI-based decision intelligence framework to enhance autonomous logistics planning, focusing on integrating predictive 

analytics, reinforcement learning, and real-time data processing for route and fleet optimization. Using a systematic literature review 

methodology, this study synthesizes global best practices and existing frameworks to propose a scalable, adaptable solution suitable 

for the unique constraints of emerging markets. The framework addresses last-mile delivery challenges, resource allocation, and 

predictive demand management while aligning with sustainability goals and digital transformation strategies in logistics operations. 
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1. INTRODUCTION 

The logistics sector globally is experiencing a paradigm shift 

driven by the emergence of Artificial Intelligence (AI) 

technologies, which are increasingly enabling autonomous 

decision-making and real-time operational optimizations [1], 

[2], [3], [4]. This transformation is particularly critical in 

emerging markets, where logistical challenges are amplified 

due to infrastructural deficits, volatile demand patterns, 

limited technological adoption, and fragmented supply chains 

[5], [6], [7]. Autonomous logistics planning leveraging AI-

powered decision intelligence promises to address these 

issues by enhancing efficiency, reducing costs, and improving 

service levels through intelligent automation and predictive 

capabilities [8], [9], [10]. 

Emerging markets face unique logistical challenges that 

differ significantly from those in developed economies [11], 

[12], [13]. Poor road infrastructure, unreliable 

communication networks, inconsistent data availability, and 

regulatory complexities all hinder traditional logistics models 

that rely heavily on manual planning and reactive 

management [14], [15], [16]. In this context, AI-driven 

decision intelligence systems offer the potential to leapfrog 

existing limitations by enabling autonomous route planning, 

dynamic fleet management, and adaptive demand forecasting 

tailored to local market peculiarities [17], [18], [19]. 

The core objective of this paper is to propose a robust AI-

based decision intelligence framework tailored for 

autonomous logistics planning in emerging markets. This 

framework integrates advanced AI techniques such as 

predictive analytics, reinforcement learning, and real-time 

data processing to deliver actionable insights for logistics 

operators. These insights facilitate optimized route and fleet 

planning, improved inventory control, and enhanced last-mile 

delivery performance a critical pain point in many emerging 

economies due to dispersed populations and inadequate 

transport infrastructure. 

The integration of AI into logistics planning aligns with 

broader economic and sustainability goals [20], [21], [22]. 

Efficient logistics reduces fuel consumption and emissions, 

contributes to digital transformation agendas, and supports 

the economic inclusion of underserved areas through 

improved access to goods and services [23], [24], [25]. The 

proposed framework also emphasizes scalability and 

adaptability to evolving infrastructural capabilities and 

regulatory landscapes, ensuring relevance across diverse 

emerging market contexts. 

Despite the potential benefits, the adoption of AI-driven 

autonomous logistics planning is hampered by challenges 

such as data scarcity, lack of digital skills, trust in automated 

systems, and initial investment costs [26], [27], [28]. This 

paper synthesizes current academic and industry literature 

through a systematic review, highlighting best practices, 

existing AI applications, and gaps in the implementation of 

autonomous logistics systems in emerging markets [29], [30], 

[31]. Based on these insights, the paper outlines a conceptual 

framework designed to overcome identified barriers while 

maximizing the impact of AI in logistics planning [32]. 

https://doi.org/10.47191/etj/v10i07.41
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The structure of the paper is as follows: Section 2 presents a 

comprehensive literature review on AI applications in 

logistics, decision intelligence, autonomous systems, and 

emerging market challenges. Section 3 details the systematic 

literature review methodology employed. Section 4 

introduces the proposed AI-based decision intelligence 

framework for autonomous logistics planning. Section 5 

discusses the framework’s practical implications, 

implementation challenges, and alignment with sustainability 

goals. Finally, Section 6 concludes with a summary of 

findings and directions for future research. 

 

2. LITERATURE REVIEW 

2.1 AI in Logistics and Supply Chain Management 

Artificial Intelligence (AI) has increasingly become a 

cornerstone technology in transforming logistics and supply 

chain management (SCM) [33], [34]. Traditional logistics 

systems, which relied heavily on manual planning and static 

decision-making processes, are being supplanted by AI-

driven systems that leverage large volumes of real-time data 

to optimize operations dynamically [35], [36], [37]. Key AI 

techniques employed in logistics include machine learning 

(ML), deep learning, natural language processing (NLP), and 

computer vision [38], [39], [40], [41]. 

ML algorithms enable predictive analytics for demand 

forecasting, shipment scheduling, and inventory 

management, thus reducing uncertainties and improving 

responsiveness [42], [43], [44]. For instance, neural networks 

and ensemble models have shown superior performance in 

predicting fluctuating demand patterns in supply chains, 

especially in volatile markets [45], [46]. Deep learning 

techniques are also applied to analyze unstructured data such 

as images for warehouse management and vehicle condition 

monitoring [47], [48], [49], [50]. Moreover, NLP facilitates 

automated customer service and order processing, enhancing 

operational efficiency [51], [52]. 

AI integration extends to warehouse automation through 

robotics and autonomous guided vehicles (AGVs), which 

streamline picking, packing, and material handling [53], [54], 

[55]. These technologies have contributed significantly to 

reducing human error and increasing throughput. In 

transportation, AI enables route optimization and predictive 

maintenance, enhancing fleet utilization and reducing costs 

[56], [57]. 

2.2 Decision Intelligence Frameworks 

Decision intelligence (DI) is an emerging discipline that 

combines data science, behavioral science, and management 

to automate and augment complex decision-making 

processes [58] Within SCM and logistics, DI frameworks are 

designed to translate diverse data inputs into actionable 

decisions, often through AI-driven analytics and machine 

reasoning [58], [59]. These frameworks emphasize 

adaptability, scalability, and transparency to foster trust and 

facilitate adoption among operational stakeholders [60]. 

Several DI frameworks propose layered architectures that 

integrate data ingestion, processing, modeling, and 

visualization modules [61], [62], [63]. For example, Calabro 

et al. [64] describe a DI system leveraging ML models 

coupled with human feedback loops to continuously improve 

decision quality. This iterative learning process is vital in 

logistics contexts where environmental dynamics require 

constant adaptation [65], [66]. 

Key features of effective DI frameworks include 

explainability allowing users to understand and trust AI-

generated recommendations and multi-objective optimization 

capabilities to balance competing logistics goals such as cost, 

speed, and sustainability [67], [68]. Additionally, frameworks 

are increasingly incorporating prescriptive analytics, 

enabling systems not just to predict outcomes but to 

recommend optimal actions [69], [70]. 

2.3 Autonomous Logistics Planning 

Autonomous logistics planning refers to systems capable of 

independently making complex operational decisions such as 

route scheduling, fleet management, and inventory 

replenishment with minimal human intervention [71]. These 

systems rely on continuous data flows from IoT devices, 

GPS, traffic sensors, and enterprise resource planning (ERP) 

systems to respond dynamically to changing conditions [72]. 

Recent advances in reinforcement learning (RL) have 

significantly enhanced autonomous logistics capabilities. RL 

algorithms, which learn optimal policies through interaction 

with the environment, are particularly suited to vehicle 

routing problems and dynamic dispatching where uncertainty 

and variability prevail [73]. For example, Oroojlooyjadid et 

al. [74] demonstrated the application of deep Q-networks to 

dynamic routing problems, achieving improvements over 

traditional heuristic methods. 

Beyond RL, heuristic and metaheuristic algorithms such as 

genetic algorithms, simulated annealing, and ant colony 

optimization remain widely used for complex combinatorial 

optimization problems inherent in logistics planning [75], 

[76]. Hybrid approaches combining these methods with AI 

techniques have shown promising results, balancing solution 

quality and computational efficiency [77]. 

Autonomous logistics also encompasses predictive 

maintenance, where AI models anticipate vehicle 

breakdowns, thus reducing downtime and improving 

reliability [78], [79]. Integration with real-time traffic and 

weather data further enables autonomous systems to adjust 

routes proactively, mitigating delays and cost overruns [80], 

[81]. 

2.4 Challenges in Emerging Markets 

While autonomous logistics solutions have proliferated in 

developed economies, their application in emerging markets 

faces distinct challenges. Infrastructure limitations such as 

poor road networks, unreliable electricity, and inconsistent 

internet connectivity pose significant barriers to real-time 

data collection and system responsiveness [82]. For instance, 
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rural areas may lack GPS coverage or consistent IoT device 

connectivity, complicating vehicle tracking and inventory 

monitoring [83]. 

Data scarcity and quality issues also hinder AI model 

accuracy. Emerging markets often suffer from fragmented 

supply chains with informal operators and lack standardized 

data collection protocols [84], [85]. This results in 

incomplete, noisy, or biased datasets, reducing predictive 

model reliability. 

Moreover, the digital skills gap restricts effective 

implementation and maintenance of AI-driven systems. 

Many logistics operators in emerging markets rely on manual 

processes and may resist technology adoption due to 

unfamiliarity or distrust in automated decision-making [86]. 

Investments in training and capacity building are critical but 

can be constrained by limited financial resources. 

Regulatory environments in emerging markets may be less 

conducive to autonomous systems due to ambiguous policies 

on data privacy, technology use, and liability [87], [88]. 

Logistics firms must navigate complex bureaucracies, often 

requiring localized customization of AI systems to comply 

with regional laws and norms. 

Lastly, socio-economic factors, including informal labour 

markets and variable consumer behaviours, introduce 

complexities not always captured in standard AI models 

developed for stable markets [89], [90]. These factors 

necessitate adaptable AI frameworks sensitive to local 

contexts. 

2.5 Case Studies of Autonomous Logistics 

Despite these challenges, several pioneering initiatives 

demonstrate the feasibility and impact of autonomous 

logistics in emerging markets. In India, e-commerce 

companies have deployed AI-enabled route optimization 

tools that adapt to traffic congestion and road quality 

variations, reducing delivery times and operational costs [91], 

[92]. These systems integrate crowdsourced traffic data and 

weather forecasts to inform routing decisions. 

In Rwanda, the use of autonomous drones for last-mile 

healthcare delivery exemplifies innovative autonomous 

logistics in constrained environments [93], [94], [95]. These 

drones use AI-based flight planning and real-time obstacle 

avoidance, successfully reaching remote clinics where road 

infrastructure is poor. 

Latin America presents another example, where logistics 

firms leverage AI for demand forecasting aligned with 

volatile economic conditions and regional supply chain 

disruptions [96], [97]. These AI models incorporate 

macroeconomic data such as inflation rates and currency 

fluctuations, enabling more resilient inventory management. 

These case studies underscore the importance of 

contextualized AI frameworks that combine technological 

sophistication with practical adaptability to local conditions. 

 

 

2.6 Research Gaps 

Despite the growing literature on AI and autonomous 

logistics, notable gaps remain. Most AI models are developed 

and tested in controlled or developed market environments, 

limiting their direct applicability in emerging markets. There 

is a dearth of comprehensive frameworks explicitly 

addressing the integration of AI-driven decision intelligence 

within autonomous logistics tailored to emerging market 

constraints. Additionally, the socio-economic impacts of 

deploying autonomous logistics systems in emerging 

economies remain under-explored. Studies rarely examine 

effects on informal labor, accessibility, or environmental 

sustainability [98]. There is also limited empirical validation 

of proposed AI frameworks in real-world emerging market 

scenarios, necessitating pilot studies and longitudinal 

research. 

Moreover, challenges related to data governance, ethical AI 

use, and stakeholder trust in autonomous decision systems 

warrant deeper investigation [99], [100]. 

 

3. METHODOLOGY 

This study employs a systematic literature review (SLR) 

approach to synthesize current knowledge on AI-based 

decision intelligence frameworks for autonomous logistics 

planning, with a specific focus on emerging markets. The 

SLR method provides a rigorous, transparent, and replicable 

procedure for identifying, selecting, and critically analyzing 

relevant literature, ensuring comprehensive coverage and 

minimizing bias [1]. 

3.1 Search Strategy 

The literature search was conducted across multiple academic 

databases including IEEE Xplore, ScienceDirect, Scopus, 

SpringerLink, and Google Scholar. The search was limited to 

publications between 2010 and 2025 to capture recent 

advancements in AI and logistics. 

Key search terms included combinations of: 

• “Artificial Intelligence” OR “AI” 

• “Decision Intelligence” 

• “Autonomous Logistics Planning” 

• “Supply Chain Optimization” 

• “Emerging Markets” 

• “Predictive Analytics” 

• “Reinforcement Learning” 

• “Last-mile Delivery” 

Boolean operators and truncation were used to enhance the 

search sensitivity. Example: ("AI" OR "Artificial 

Intelligence") AND ("Logistics" OR "Supply Chain") AND 

("Emerging Markets"). 

3.2 Inclusion and Exclusion Criteria 

To ensure relevance and quality, studies were selected based 

on the following criteria: 

Inclusion Criteria: 

• Peer-reviewed journal articles, conference 

proceedings, and high-quality industry reports. 
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• Publications focused on AI applications in logistics 

and supply chain, with emphasis on decision 

intelligence and autonomous planning. 

• Studies addressing challenges and solutions in 

emerging market contexts. 

• Research involving predictive analytics, 

reinforcement learning, or real-time decision 

support in logistics. 

• Articles in English published between 2010 and 

2025. 

Exclusion Criteria: 

• Non-English language publications. 

• Opinion pieces, editorials, and non-peer-reviewed 

content. 

• Studies unrelated to logistics or AI-based decision 

intelligence. 

• Publications focusing exclusively on developed 

markets without relevance to emerging market 

challenges. 

3.3 Data Extraction and Synthesis 

Relevant studies were screened by title and abstract for initial 

eligibility, followed by full-text review. Key information 

extracted included study objectives, AI techniques used, 

decision intelligence frameworks proposed, logistics 

applications, emerging market context, challenges identified 

and reported outcomes. 

A thematic analysis was performed to identify recurrent 

themes such as AI methodologies, framework architectures, 

domain-specific applications, infrastructural challenges, and 

adaptation strategies for emerging markets. This synthesis 

informed the development of the proposed AI-based decision 

intelligence framework described in Section 4. 

3.4 Limitations 

The SLR is limited by the availability and accessibility of 

relevant literature, especially given the emerging nature of AI 

applications in logistics within developing regions. Grey 

literature and non-peer-reviewed sources, which may contain 

practical insights, were excluded to maintain academic rigor. 

Additionally, the dynamic pace of AI technology means 

recent developments post-search cutoff may not be captured. 

 

4. PROPOSED AI-BASED DECISION INTELLIGENCE 

FRAMEWORK 

4.1 Framework Overview 

The proposed AI-Based Decision Intelligence Framework 

aims to enable autonomous logistics planning in emerging 

markets by integrating predictive analytics, reinforcement 

learning, and real-time decision support systems within a 

layered, modular architecture. It addresses key challenges 

identified in the literature review, including infrastructural 

limitations, data scarcity, demand volatility, and the need for 

scalability and adaptability within resource-constrained 

environments. 

 

4.2 Architectural Layers of the Framework 

4.2.1 Data Acquisition Layer 

This layer integrates: 

• IoT sensors for real-time vehicle, inventory, and 

environmental data collection. 

• ERP systems for historical and transactional data. 

• External data feeds, including weather forecasts, 

traffic conditions, and socio-economic indicators 

relevant to demand patterns. 

Data standardization and pre-processing pipelines address 

inconsistencies common in emerging markets, ensuring 

reliable inputs for downstream AI models. 

4.2.2 Data Processing and Integration Layer 

Key functions: 

• Data cleaning and imputation to handle missing or 

incomplete data. 

• Data fusion from heterogeneous sources to create a 

unified dataset. 

• Feature engineering for creating demand predictors 

using macroeconomic and seasonal variables. 

• Real-time streaming analytics for immediate 

insights, critical in volatile environments. 

4.2.3 AI-Driven Predictive Analytics Layer 

This layer utilizes: 

• Time-Series Forecasting (e.g., ARIMA, Prophet, 

LSTM networks) to predict demand and delivery 

lead times. 

• Predictive Maintenance Models to forecast vehicle 

and equipment failures, enhancing reliability. 

• Anomaly Detection to flag unusual patterns in 

inventory movement, fuel usage, or delivery routes. 

4.2.4 Reinforcement Learning-Based Planning Layer 

Reinforcement Learning (RL) agents are used for: 

• Route Optimization, dynamically adapting to real-

time conditions while minimizing fuel consumption 

and travel time. 

• Fleet Management, balancing vehicle assignments, 

capacity utilization, and service-level targets. 

• Inventory Replenishment, optimizing reorder points 

and quantities in response to demand variability. 

RL algorithms (e.g., Deep Q-Networks, Policy Gradient 

Methods) continuously improve by learning from 

environment interactions, making them suitable for complex, 

non-linear logistics environments. 

4.2.5 Decision Support and Visualization Layer 

This layer provides: 

• Interactive dashboards for real-time monitoring of 

operations. 

• Scenario analysis tools to evaluate policy changes or 

disruptions. 

• Recommendation systems that provide actionable 

insights, maintaining human-in-the-loop oversight 

for critical decisions. 
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4.3 Scalability and Adaptability 

To ensure relevance within emerging markets, the 

framework: 

• Supports low-bandwidth data operations and 

offline-first functionalities. 

• Can be deployed on cloud or edge infrastructures to 

optimize resource usage. 

• Allows modular scaling, enabling firms to 

implement specific components based on readiness 

and available resources. 

4.4 Alignment with Sustainability Goals 

The framework aligns with SDG 9 (Industry, Innovation, and 

Infrastructure) and SDG 13 (Climate Action) by: 

• Reducing fuel consumption through optimized 

routing. 

• Minimizing waste via improved inventory planning. 

• Supporting sustainable supply chain practices 

through predictive, data-driven decisions. 

4.5 Benefits of the Framework 

The proposed framework offers: 

• Enhanced demand forecasting accuracy, reducing 

stockouts and excess inventory. 

• Improved operational efficiency via autonomous 

route and fleet optimization. 

• Cost reduction through predictive maintenance and 

fuel savings. 

• Resilience against disruptions through real-time 

adaptability. 

• Actionable insights for logistics managers in 

emerging markets with constrained infrastructures. 

4.6 Framework Validation Pathway 

Future validation will involve: 

• Pilot implementation within emerging market 

logistics networks. 

• Performance evaluation on key metrics (delivery 

lead time, cost, fuel consumption). 

• Stakeholder feedback collection for iterative 

refinement. 

• Comparative analysis with traditional logistics 

planning models to quantify impact. 

This framework positions AI-driven decision intelligence as 

a transformative tool for autonomous logistics planning in 

emerging markets, enabling logistics providers to enhance 

efficiency, resilience, and sustainability while adapting to 

unique regional challenges. 

 

5. DISCUSSION 

5.1 Practical Implications 

The proposed AI-based decision intelligence framework 

offers transformative potential for logistics operations in 

emerging markets by addressing long-standing inefficiencies, 

cost overruns, and operational uncertainties. By integrating 

predictive analytics and reinforcement learning, logistics 

providers can dynamically adapt to fluctuating demand 

patterns, infrastructural disruptions, and supply chain 

uncertainties prevalent in emerging markets. This 

adaptability is critical in contexts characterized by poor 

infrastructure, inconsistent connectivity, and volatile market 

conditions [1]. 

For example, dynamic route optimization reduces fuel 

consumption and transit times despite congested roads or 

inadequate infrastructure, while predictive maintenance 

models reduce downtime and maintenance costs for fleets 

often operating under harsh conditions. Furthermore, 

improved demand forecasting minimizes both stockouts and 

excess inventory, contributing to more resilient supply chains 

in environments with fluctuating demand. 

5.2 Implementation Challenges 

Despite its potential, implementing the framework in 

emerging markets faces several challenges: 

• Data Quality and Availability: Emerging markets 

often suffer from fragmented or inconsistent data, 

which can affect AI model accuracy [101], [102]. 

Establishing data governance frameworks and 

encouraging digital data collection practices will be 

crucial [103], [104]. 

• Infrastructure Constraints: Limited connectivity and 

power reliability may impact real-time data 

acquisition and model deployment. Edge computing 

and offline-first designs may mitigate these issues 

[105], [106]. 

• Digital Literacy and Resistance to Change: 

Successful implementation requires training and 

stakeholder buy-in. Resistance to automated 

systems due to trust issues and skill gaps can slow 

adoption [107], [108]. 

• Regulatory and Policy Barriers: Data privacy laws, 

import regulations for IoT devices, and unclear 

technology usage policies may pose additional 

barriers in specific markets [109], [110]. 

Addressing these challenges will require collaboration among 

logistics firms, technology providers, and policymakers to 

build enabling environments for AI adoption. 

5.3 Alignment with Sustainability Goals 

The framework aligns with global sustainability and 

resilience goals, including the UN SDGs: 

• Reduced Carbon Footprint: Optimized routing 

reduces fuel use and emissions. 

• Waste Minimization: Improved inventory 

management decreases spoilage and obsolescence. 

• Resilient Supply Chains: Predictive insights allow 

logistics providers to better respond to 

environmental and economic disruptions [111], 

[112]. 

This contributes to sustainable logistics systems in emerging 

markets while supporting digital transformation agendas at 

the national and regional levels. 
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5.4 Comparison with Global Best Practices 

In developed markets, AI-driven autonomous logistics 

systems have demonstrated significant efficiency 

improvements [113], [114]. However, these solutions often 

assume robust infrastructures, consistent data availability, 

and advanced regulatory frameworks [115], [116]. The 

proposed framework contextualizes these best practices for 

emerging markets by emphasizing: 

• Scalability and modular deployment. 

• Tolerance to incomplete or low-frequency data. 

• Adaptability to infrastructure constraints and local 

market dynamics. 

This approach ensures that logistics providers in emerging 

economies can progressively adopt advanced technologies 

without requiring full-scale, high-capital digital 

transformations upfront. 

5.5 Future Opportunities 

Future research and practical implementation should explore: 

• Field Piloting: Testing the framework in diverse 

emerging market settings to evaluate operational 

feasibility, stakeholder acceptance, and socio-

economic impacts. 

• Integration with Blockchain: Combining AI 

decision intelligence with blockchain for 

transparency and traceability in logistics operations. 

• Advanced Reinforcement Learning: Experimenting 

with deep RL and hybrid methods tailored to 

logistics complexities in low-data environments. 

• Socio-Economic Impact Studies: Assessing how 

autonomous logistics systems affect employment, 

regional economic growth, and environmental 

sustainability in emerging markets. 

Such initiatives will advance the evidence base for scaling AI-

driven autonomous logistics planning sustainably and 

inclusively. 

The proposed framework thus represents a pathway for 

emerging markets to achieve operational excellence in 

logistics, leveraging AI and decision intelligence while 

addressing infrastructural and contextual challenges. It aligns 

with global trends in digital supply chain transformation 

while maintaining practical adaptability for localized 

application. 

 

6. CONCLUSION 

This paper has proposed an AI-Based Decision Intelligence 

Framework specifically designed for enabling autonomous 

logistics planning in emerging markets. Through a systematic 

literature review, we identified the critical challenges that 

logistics providers in emerging markets face, including 

infrastructural limitations, fragmented and low-quality data, 

volatile demand patterns, and limited digital infrastructure. 

Simultaneously, we observed the growing potential of AI-

driven predictive analytics, reinforcement learning, and real-

time decision support systems to address these challenges 

effectively. The proposed framework incorporates layered 

architectural components covering data acquisition, 

integration, predictive analytics, reinforcement learning-

based planning, and decision support, ensuring scalability and 

adaptability in resource-constrained environments. By 

leveraging these AI-driven components, logistics providers 

can significantly improve route optimization, fleet 

management, predictive maintenance, demand forecasting, 

and last-mile delivery, resulting in lower operational costs, 

reduced fuel consumption, and improved customer service 

levels. 

Furthermore, the framework aligns with global sustainability 

goals, contributing to reduced carbon emissions, minimizing 

waste, and fostering resilient supply chains while advancing 

the digital transformation of logistics systems in emerging 

economies. This aligns logistics planning with broader 

national and international goals of economic development, 

sustainability, and inclusive technological advancement. 

However, the paper also highlights that successful 

implementation requires addressing critical barriers, 

including data governance challenges, infrastructural gaps, 

digital literacy limitations, and regulatory complexities 

within emerging markets. Future research should focus on 

field piloting of the proposed framework, socio-economic 

impact evaluations, and integration with complementary 

technologies like blockchain to enhance transparency and 

trust. 

In conclusion, AI-based decision intelligence frameworks 

represent a transformative opportunity for autonomous 

logistics planning in emerging markets, enabling efficient, 

scalable, and sustainable operations despite contextual 

constraints. By leveraging AI systematically and responsibly, 

emerging economies can leapfrog traditional logistics 

limitations, positioning themselves competitively in the 

evolving global supply chain ecosystem. 
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