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This study introduces a novel conceptual framework to understand the transformative impact of Artificial 
Intelligence (AI) on global supply chains. We propose a Three-Chain Four-Intelligence framework that 
systematically analyzes how AI reconfigures supply chain architecture and capabilities through enhanced 
contextual awareness. The Three-Chain perspective examines how AI transforms the logistics chain 
(physical flow), information chain (data flow), and value chain (value creation) from fragmented opera-
tions to synchronized intelligent ecosystems. The Four-Intelligence pathway maps the evolutionary pro-
gression from digital connectivity to operational optimization, collaborative ecosystems, and ultimately
self-evolving intelligent systems. AI serves as an orchestrating force that processes rich contextual infor-
mation spanning product attributes, market dynamics, environmental conditions, and operational reali-
ties. We demonstrated the practical application of the framework through a comprehensive case study of
JD.com, where AI implementation across all dimensions yielded quantifiable improvements. Our analysis 
reveals that the most transformative supply chain advancements emerge at the intersection of multiple 
chains with increasingly sophisticated contextual awareness. The paper concludes by identifying six
emerging research frontiers, such as generative AI integration with decision optimization.

© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. Thi s is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introductio n

Global supply chains are experiencing a fundamental transfor-
mation, shifting from linear, fragmented operations toward Artifi-
cial Intelligence (AI)-powered, intelligent ecosystems. This shift is 
not incremental but represents a new paradigm in which AI acts
as the core catalyst, fundamentally redefining how goods, informa-
tion, and value flow across organizational and geographic bound-
aries through enhanced intelligence.

Traditional supply chains operate with limited contextual 
awareness, using simplistic models that ignore the rich and 
multidimensional nature of operating environments. These sys-
tems, hampered by data silos, reactive processes, and limited
end-to-end visibility, have proven to be insufficient in today’s
volatile and interconnected business landscape [1]. Recent dis-
ruptions, such as the coronavirus disease 2019 (COVID-19) pan-
demic, have demonstrated how rapidly context can shift and
how critical contextual awareness and intelligence are for resi-
lience [2–5]. At the forefront of this revolution are AI-driven 
technologies complemented by advances in Internet of Things
(IoT), blockchain, and cloud computing [6,7], empowering orga-
nizations to sense, interpret, and adapt to an intricate web of 
factors s panning market dynamics, consumer behaviors, envi-
ronmental conditions, and operational realities [8]. The essence 
of AI’s transformative impact lies in its ability to process an 
unprecedented volume and variety of information, moving 
beyond the handful of variables that traditional systems could 
handle to incorporate thousands of factors (from product, con-
sumer, environment, operational, and supply network contexts) 
simultaneously. In demand forecasting, AI systems integrate 
weather patterns, social media sentiment, competitive activity, 
and macroeconomic indicators alongside traditional sales data. 
For inventory optimization, AI systems incorporate product
attributes, local market dynamics, substitution effects, and
transportation conditions to make nuanced stocking decisions.
This rich awareness enables supply chains to anticipate disrup-
tions before they occur, adapt to emerging trends as they
develop, and customize operations to specific situational
requirements.
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To systematically analyze this transformation, we introduce a
Three-Chain Four-Intelligence framework (see Fig. 1), which pro-
vides an integrated lens for understanding both the structural 
dimensions and evolutionary pathways of intelligent supply 
chains. The Three-Chain perspective covers the logistics chain 
(physical flow), the information chain (data flow), and the value 
chain (value creation). In turn, the Four-Intelligence pathway maps
the sequential advancement from digital connectivity to opera-
tional optimization, collaborative ecosystems, and ultimately,
self-evolving intelligent systems. The connections between intelli-
gence levels and chains in Fig. 1 follow a specific pattern reflecting 
their functional relationships: digital intelligence (connection) 
links specifically to the information chain as it establishes founda-
tional data connectivity; operational intelligence (control) con-
nects to all three chains as it optimizes decision-making across 
all dimensions; collaborative intelligence (construction) links to 
the value chain as it orchestrates cross-boundary value creation; 
and system intelligence (cultivation) connects to all three chains 
as it enables comprehensive autonomous adaptation across the 
entire ecosystem. The red circular arrows indicate the contextual 
information exchange that AI orchestrates across chains, whereas 
the gray upward arrows represent contextual inputs from various
industries and domains. AI serves as the connective tissue, orches-
trating synergy across chains and intelligence layers through rich
contextual understanding. AI is a unifying force that bridges struc-
tural gaps and drives the transition from isolated, context-poor
solutions to holistic, context-rich supply chain intelligence. AI sys-
tems not only synchronize logistics operations with real-time data
but also transform multidimensional information into actionable
insights and enable collaborative, value-generating networks that
transcend organizational boundaries.

The remainder of this paper is structured around a Three-Chain 
Four-Intelligence framework, highlighting the interplay between
AI-enabled intelligence and supply chain advancement. Section 2 
systematically unpacks each chain, illustrating how AI unlocks
new efficiencies and integration forms. Section 3 details progres-
sive intelligence pathways, emphasizing the shift from reactive 
to anticipatory operations through increasingly sophisticated situ-
Fig. 1. A Three-Chain Four-I
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ational awareness. The subsequent sections examine an industry
case study (Section 4) and emerging research frontiers (Section 5). 

2. AI-driven reconceptualization of Three-Chain structure

This section examines not only what logistics, information, and 
value chains are, but also how AI-enabled intelligence reconfigures 
their capabilities, boundaries, and interrelationships in ways that 
were previously unattainable. Traditional supply chain theory rec-
ognizes the interconnections between these dimensions, but often 
faces practical limitations in achieving seamless integration due to 
technological constraints, information latency, and organizational 
silos. AI, complemented by advanced digital technologies (e.g.,
IoT, blockchain, digital twins, and edge computing), creates
unprecedented levels of integration by processing rich contextual
information across all dimensions. This technological convergence
enables real-time synchronization and emergent intelligence
across all three chains simultaneously, breaking down the tradi-
tional barriers between planning and execution.

2.1. Logistics chain: From sequential processes to AI-orchestrated
networks

The logistics chain orchestrates the physical flow of materials, 
products, and services throughout supply networks and serves as 
a tangible backbone of operations. While traditional approaches 
focus on optimizing discrete functions (transportation, warehous-
ing, and distribution), AI fundamentally transforms logistics into
dynamic, responsive networks that adapt in real time to complex
multidimensional contextual factors.

2.1.1. AI-enabled transformative capabilities
Three key AI-enabled capabilities are restructuring logistics 

operations through enhanced intelligence.
First, contextually aware predictive orchestration allows AI 

algorithms to anticipate disruptions and demand patterns before 
they emerge, thereby shifting logistics from reactive to proactive
operations. Tmall Supermarket’s multi-agent reinforcement
ntelligence Framework.

move_f0005
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learning system for inventory replenishme nt exemplified this shift
[9], which not only responded to stockouts but also predicted and 
prevented them through continuous learning from historical pat-
terns and diverse variables, including weather, promotions, com-
petitor actions, and localized consumer behavior. Machine
learning algorithms incorporating historical delivery patterns sig-
nificantly outperformed traditional routing models, with driver
behavior understanding proving to be more valuable than simply
increasing the data volume [10,11]. 

Second, context-sensitive network reconfiguration enables 
logistics networks to reconfigure autonomously based on rich 
real-time conditions. DHL’s Network Mode Optimization Tool 
(i.e., ant-colony optimization) improves profits through continuous
adaptation of routing decisions based on integrated factors span-
ning cost dynamics, time constraints, and transportation condi-
tions [12]. Research has shown that machine learning-based 
hybrid approaches can reduce operational costs while maintaining
service consistency across varying conditions regarding fixed and
flexible routing [13,14]. Shared mobility solutions for last-mile 
delivery demonstrate how resource-sharing models can maintain 
service levels with smaller fleets while adapting to specific urban
contexts [15]. 

Third, cross-functional integration through AI-enabled systems 
connects the previously isolated decision domains. Hybrid AI-
operations research models and approaches have created unprece-
dented synchroniza tion across demand prediction, inventory allo-
cation, and fulfillment operations by simultaneously optimizing
logistics networks while maintaining interpretability [16]. These 
AI systems transcend traditional organizational boundaries by 
integrating data and decision processes across functional silos, cre-
ating previously unattainable logistics synchronization. AI enables 
dynamic, learning-based coordinatio n that continuously improves
as it processes more operational data, allowing logistics networks
to respond as unified systems rather than as collections of separate
functions.

2.1.2. Technological foundation and evolution
The power of AI in logistics emerges when these capabilities are 

integrated with optimization and complementary digital technolo-
gies. While advanced optimization and network design approaches
such as the sparse graph approach for middle-mile networks pro-
vide the foundation [17], AI adds an intelligence layer that enables 
dynamic adaptation and learning. This integration creates systems 
in which physical movements, information flows, and decision-
making are synchronized, transforming traditional sequential pro-
cesses into responsive networks.

Beyond AI algorithms, complementary technologies enhancing 
logistics chain evolution include IoT devices, digital twins, autono-
mous vehicles, and advanced analytics [18–21]. These technologies 
provide rich data streams that AI systems require for sensing, rea-
soning, and responding to complex operating environments. Ware-
house automation through robotic systems controlled by AI has
dramatically improved efficiency and accuracy, with advanced
learning algorithms optimizing pick paths and workload distribu-
tion in real-time [22,23]. 

The aforementioned AI-driven transformation represents a fun-
damental departure from the earlier logistics concepts. Traditional 
approaches optimize parts in isolation with minimal awareness of 
broader contexts, whereas AI orchestrates holistic networks where 
decisions incorporate rich understa nding across system-wide
dimensions. The distinction is not one degree but of kind, from
optimized but separate functions to synchronized systems that
continuously adapt to their full operating environment [24]. Suc-
cessful AI implementation in logistics requires cross-functional 
teams, adaptive management systems, enriched data ecosystems,
3

and scenario-rich operational environments, which enable AI to
transform logistics operations [16]. 

2.2. Information chain: From data processin g to cognitive intelligence

The information chain orchestrates the flow, integration, and 
transformation of data into actionable insights throughout supply 
chain operations. While legacy systems are restricted to basic data 
exchange and reporting, AI fundamentally recasts the information
chain as an active cognitive layer, enabling multidimensional
context-aware intelligence for real-time autonomous decision-
making [20,25]. 

2.2.1. AI-enabled capabilities in the information chain
Semantic and data integration. Traditional data integration 

focuses narrowly on harmonizing structured data from disparate 
sources, often achieving limited interoperability and analytics. 
Modern AI enables semantic integration, extracting meaning from 
both structured and unstructured data (e.g., text, images, and sen-
sor logs) and linking these to operational contexts. AI-powered dig-
ital twins synthesize IoT, operational processes, and contextual
data to create virtual replicas of physical supply chains, enabling
causal reasoning, scenario simulation, and what-if analytics
[4,20,26]. This goes beyond visualization to support real-time diag-
nostics and predictive maintenance, as in Suncor Energy’s process 
manufacturing twin that autonomously optimizes plant opera-
tions, generating tens of millions in value [27]. Approaches such 
as ‘‘explanation-aware modeling” leverage AI to create inter-
pretable context-rich representations that stakeholders can under-
stand and trust [28]. Empirical work demonstrates that a 10% 
improvement in information quality can yield a 2.45% increase in
delivery performance [18]. 

Context-aware predictive and prescriptive analytics. AI enables 
systems to interpret, predict, and prescribe actions based on a mul-
titude of signals, creating a closed loop between sensing and 
action. AI models (e.g., deep learning, transfer learning, and rein-
forcement learning) integrate product, market, environmental,
and operational data to predict demand, disruptions, and trends
with much higher accuracy than classical models, especially in
non-stationary environments [29–32]. For instance, transfer learn-
ing and Bayesian modeling reduce forecast errors for new or short-
lifecycle products, thereby addressing a major limitation of tradi-
tional time-series models. Deep learning architectures allow for
direct mapping from raw, multidimensional contexts to opera-
tional decisions (e.g., replenishment and pricing), achieving cost
savings, and procurement automation [33,34]. The integration of 
predictive and prescriptive AI (e.g., predictive-optimization frame-
works) closes the loop from information collection to action
[25,35,36]. 

Autonomous, cognitive, and generative information processing. 
AI has the ability to autonomously reason, learn, and adapt, 
thereby collapsing the traditional boundaries between data col-
lection, analysis, and execution (e.g., multi-agent and advanced 
learning systems). Large language models (LLMs) and multi-
modal generative AI extract and synthesize information from 
unstruct ured sources, enabling scenario generation and decision
support that were previously impossible for automated systems
[28,37,38]. AI-powered smart contracts and tokenization mecha-
nisms  on  blockchain  infrastructure provide immutable, trusted 
data exchange, supporting automated, multi-party decisions
with privacy and auditability [39,40]. These advanced intelli-
gence techniques allow the information chain to adapt to new 
environments by identifying the contextual factors tha t are most
relevant in different situations, thereby amplifying learning
speed and adaptability [31,41].
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2.2.2. Technological foundation and evolution
The transformative capabilities of AI in information chains rep-

resent a fundamental departure from traditional approaches to 
supply chain theory and practice. Historically, information chain 
analysis has relied on model-driven methodologies that assumed 
idealized conditions—full-information scenarios, simplified uncer-
tainty distributions, or abstract game-theoretic structures 
designed primarily to derive theoretical insights. While intellectu-
ally elegant, these approaches created significant implementation 
gaps in practice. They frequently imposed unrealistic assumptions
regarding information availability, computational capabilities, and
environmental stability, which rarely matched operational reali-
ties. This disconnection between theory and practice limits the
real-world applicability of traditional information models, which
often reduces complex contextual factors to tractable mathemati-
cal formulations at the expense of feasibility.

AI-enabled information systems and data-driven approaches 
can overcome these limitations and are built on robust technolog-
ical foundations. IoT and cloud computing infrastructures provide a
digital foundation and flexible computational resources essential
for AI-powered analytics at scale [4,28]. Data infrastructure tech-
nologies, including data lakes, knowledge graphs, and metadata 
management systems, create the interconnected information 
ecosystem necessary for AI to extract contextual meaning without
requiring the simplified assumptions of traditional models.

The most profound impact of this technological evolution is the 
blurred boundary between digital intelligence and physical execu-
tion. AI directly transforms information into decisions, creating an 
active engine that drives anticipatory operations across supply net-
works. Unlike traditional approaches, which collect data primarily
for reporting with minimal integration, the modern information
chain functions simultaneously as both a sensory system and a
decision engine, continuously collecting inputs, processing infor-
mation, and initiating responses.

2.3. Value chain: From linear transactions to AI-enabled ecosystems

The value chain spans the entire supply network from raw 
material procurement to final product delivery, serving as the pri-
mary vehicle for value creation [42]. While traditional approaches 
emphasized cost efficiency within linear, transaction-focused pro-
cesses, AI has fundamentally transformed value chains into
dynamic ecosystems, transcending organizational boundaries
through contextual adaptation and intelligent orchestration.

2.3.1. AI-enabled value chain transformation
First, contextually tailored personalization at scale enables 

organizations to deliver customized value propositions that are 
responsive to specific customers, markets, and situational require-
ments. Smart manufacturing systems leverage modular production 
lines, versatile automation, and AI-driven optimization to continu-
ously refine the manufacturing parameters based on individual
preferences and conditions. This shifts value creation from stan-
dardized products to tailored experiences. Amazon’s intelligent
logistics system, capable of 90-minute delivery, exemplifies how
AI-driven responsiveness creates differentiated value through
adaptation to evolving consumer expectations [43]. Unlike tradi-
tional mass-production systems that prioritize standardization 
over customization, AI enables profitable mass-customization by
dynamically orchestrating production assets based on real-time
contextual signals.

Second, context-aware ecosystem value co-creation transforms 
linear chains into value networks—interconnected systems, where 
value emerges through complex, multi-directional exchanges.
Advanced AI systems such as JD.com’s Customer-to-Manufacturer 
(C2M) platform quantify and optimize values across complex
4

ecosystems based on participant capabilities, market condition s,
and contextual requirements [16]. Haier’s COSMOPlat industrial 
Internet platform connects suppliers, manufacturers, logistics pro-
viders, and end users through a unified digital infrastructure that
enables collaborative innovation and intelligent response [44]. 
These orchestrated ecosystems generate substantially more value 
than traditional transactional approaches, by continuously adapt-
ing to specific conditions and facilitating value co-creation among
diverse participants [45]. 

2.3.2. Technological foundations and orchestration principle
The technological foundation that enables value chain transfor-

mation integrates three critical layers: intelligent automation sys-
tems (the physical layer of reconfigurable robots and logistics 
networks), digital platforms (the connective layer linking ecosys-
tem participants), and AI analytics (the intelligence layer that 
senses patterns and predicts opportunities). This technological 
architecture reveals a fundamental principle: Value creation has 
evolved from sequential processing to contextual orchestration, 
where AI dynamically orchestrates resources and capabilities 
across organizational boundaries. This orchestration principle
transforms how organizations create competitive advantage, shift-
ing focus from isolated process optimization to architectural inno-
vations in value orchestration. As AI capabilities advance, supply
chains are increasingly reconceptualized not as fixed structures
but as dynamic systems that continuously create value through
contextual adaptation. In addition, social and sustainable perspec-
tives in the value chain also deserve exploration [46,47]. 

2.4. Cross-chain AI integration: Unified intelligence across dimensions

Our framework focuses on AI-enabled integration of logistics, 
information, and value chains through shared contextual intelli-
gence. AI orchestrates system-wide synchronization by continu-
ously sensing and responding across all three dimensions, 
creating rich contextual exchanges that blur traditional bound-
aries, while preserving distinct chain functions. The logistics–infor-
mation nexus leverages AI to bridge physical flows and 
information streams through environmental understanding, fusing 
data from IoT devices, digital twins, and operational systems for 
real-time optimization, where physical movements and digital 
insights align perfectly. Information–value integration converts
data into immediate value through context-aware decision-
making, directly linking insights to value-creation activities such
as personalization and dynamic pricing, closing the gap between
data interpretation and value realization. Value–logistics integra-
tion uses AI to connect customer preferences directly with physical
operations, dynamically adapting logistics activities to evolving
customer needs and environmental factors, transforming tradition-
ally sequential processes into concurrent, contextually aware
operations.

While AI significantly transforms supply chain operations, we 
maintain the Three-Chain structure as an organizing principle; 
these three dimensions remain conceptually distinct, even as AI 
increasingly blurs their operational boundaries. First, despite inte-
gration, the three chains manage fundamentally different flows 
with distinct properties: Logistics chains handle physical move-
ments constrained by geography, transportation capacity, and 
inventory limitations; information chains process data with unique
concerns of latency, integrity, security, and interpretability; and
value chains orchestrate economic exchanges with distinct chal-
lenges such as relationship management and incentive alignment.
Second, the Three-Chain structure provides conceptual clarity dur-
ing this transitional period, while acknowledging the revolutionary
integration that AI enables across dimensions. As illustrated in
Table 1, we analyzed how the Three-Chain structure evolves under

http://JD.com
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Table 1 
Evolution of supply chain structural conceptualization under AI.

Traditional 
supply chain 
view

Potential future
evolution

Aspect Three-Chain 
framework with AI

Distinct chains 
with clear 
boundaries and
limited
interaction

Integrated chains 
with preserved 
conceptual 
distinctions but
blurred operational
boundaries

Potentially new 
organizational 
constructs beyond 
chain metaphors
altogether

Structural 
foundation 

Relationship 
between 
chains

Sequential, 
loosely coupled 
connections 
with minimal
feedback

Dynamic, 
bidirectional flows 
with continuous 
context exchange
and
synchronization

Possibly emergent 
structures where 
traditional chain 
distinctions 
become
ceremonial rather
than functional
Autonomous 
intelligence 
networks that may 
transcend
traditional
structural
classifications

Decision 
authority 

Human-centric 
with 
technology 
support within
each chain

AI-augmented 
orchestration 
across chains with
human oversight

Value 
creation 

Concurrent value 
formation through 
cross-chain
contextual
awareness

Potentially new 
value paradigms 
not captured by
current chain-
based
conceptualizations

Linear 
accumulation 
across 
sequential 
chain activities
the influence of AI while maintaining its conceptual value. The 
table demonstrates the progression from traditional distinct chains 
to AI-integrated chains with preserved conceptual distinctions, 
while acknowledging potential future evolutions beyond chain 
metaphors altogether. Nevertheless, as AI capabilities advance
toward fully autonomous systems, future research should explore
whether entirely new structural conceptualizations might better
capture the emergent organization of highly evolved supply chain
ecosystems.

3. Evolutionary progression of the Four-Intelligence path

The Four-Intelligence path traces how AI-enabled supply chains 
evolve through increasingly sophisticated environmental under-
standing. This framework identifies distinct, cumulative intelli-
gence levels that progressively enhance contextual awareness, 
representing not merely technology additions but also qualitative 
transformat ions in how supply chains sense, interpret, and adapt
to their environments. We mapped the progression from founda-
tional connectivity through operational optimization and cross-
boundary collaboration to autonomous systems.

3.1. Digital intelligence connection

Digital Intelligence connections establish the foundational sen-
sory and connective fabric that transforms supply chains from
fragmented, data-scarce environments into integrated,
information-rich ecosystems [48–50]. This first intelligence level 
enables real-time visibility and contextual awareness, which 
underpin higher-order optimization, collaboration, and autono-
mous operations.

Intelligent sensing and data infrastructure. Advanced multi-
modal sensing networks, powered by IoT and AI, continuo usly cap-
ture granular data on location, condition, and utilization across
assets and processes [51]. Unlike traditional approaches that rely 
on periodic incomplete snapshots, these networks deliver persis-
tent, system-wide transparency. For instance, an intelligent ware-
5

housing system integrates advanced robotics and analytics 
approaches with real-time sensing to achieve unprecedented
human–machine collaboration [52]. Similar sensing networks 
enable large-scale prediction of electric vehicle charging patterns 
by capturing variations in battery state, ambient temperature,
and driving distances [53,54]. Systems can reshape stakeholder 
incentives and behaviors by increasing visibility across multi-tier
operations [55]. 

Integrated digital representation and edge-based intelli-
gence. Digital twin platforms synthesize heterogeneous data 
streams into comprehensive virtual replicas of assets, processes,
and entire supply chain networks [4,28,56]. These representations 
enable end-to-end visibility, scenario planning, vulnerability iden-
tification, and continuous improvements through experimentation. 
As in the case of the Suncor Energy process manufacturing imple-
mentation, AI-based real-time optimization learns plant behavior
directly from sensor data without predefined models [27]. In semi-
conductor manufacturing, explainable AI models integrated with 
digital representations have reduced yield loss by 21.7% [57]. These 
capabilities transform planning from static, assumption-driven 
exercises to continuous, context-awa re decision-making that
responds to the full operational environment.

To support these digital representations, edge-based intelli-
gence deploys AI at the network edge to transform raw sensor data 
into actionable insights with minimal latency. Edge computing 
architectures process and filter data locally, reduce bandwidth 
requirements, and enable rapid decentralized decision support 
for time-critical operations. These architectures are particularly 
valuable in environments with connectivity limitations, or where
immediate responses are essential, such as cold chain monitoring
and transportation logistics. The integration of fifth-generation
(5G) networks and satellite communications further expands con-
nectivity options for geographically dispersed operations.
Together, these complementary technologies create a synergistic
foundation for digital intelligence connections.

Implementation requirements and measured outcomes. 
Implementing digital intelligence connection requires three key 
organizational capabilities: Standardized data architectures that 
connect silos, secure IoT infrastructure with redundancy, and inte-
gration systems that link legacy platforms with new digital solu-
tions [48–50]. Companies need clear data governance to address 
quality and security while balancing centralized and distributed 
processing based on specific operational needs. These investments 
deliver measurable results, such as better visibility of assets and
product flows, higher data quality, faster system responses, and
reduced manual monitoring. Organizations typically see improved
asset utilization and quicker anomaly detection [48,50]. 

Dmall Inc.’s retail supply chain solution demonstrates these 
principles in action. Their system integrates digital twins, AI-
powered demand prediction, and IoT-enhanced logistics manage-
ment. These intelligence-driven outcomes include 66% faster con-
tract negotiations, 30% higher warehouse efficiency, a 2-hour
workday reduction, and out-of-stock rates below 3.5% [58]. The 
successful deployment of the solution across 10 countries shows
how digital intelligence directly improves business performance.

3.2. Operational intelligence control: AI-driven decision optimization

Building upon the foundation of digital intelligence connec-
tions, operational intelligence control leverages AI to transform 
rich data into optimized decisions across planning and execution 
processes. This second intelligence level represents the most tech-
nically sophisticated and operationally impactful component of the
framework, where advanced algorithmic approaches directly
translate visibility into tangible performance improvements
[59,60]. Importantly, operational intelligence control bridges the
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Fig. 2. Organizational prerequisites for operational intelligence control.
traditional gaps between planning and execution through shared
understanding and contextual awareness.

Advanced algorithmic approaches for supply chain optimiza-
tion. Recent advances have transformed supply chain optimization 
from fixed-parameter or distribution-based models to data-driven 
decision systems. Machine learning and reinforcement learning
techniques address traditional limitations by automatically deter-
mining optimal parameters from historical data [61,62]. These 
approaches have demonstrated significant improvements in inven-
tory management and resource allocation across diverse settings
[63,64]. For computationally intensive NP-hard problems, such as 
routing and scheduling, deep reinforcement learning algorithms
maintain near-optimal performance while substantially reducing
computational requirements [65–68], enabling practical imple-
mentation of previously intractable optimization problems.

Predictive–prescriptive integration for unified Decision 
Intelligence. AI-driven integration transforms supply chain intelli-
gence by unifying the traditional forecasting and decision-making
processes [61,63]. Non-parametric models, such as regression 
trees, better capture non-linear relationships between variables,
such as price and demand, and avoid model misspecification
[25,69,70], while deep learning, such as long short-term memory 
(LSTM) networks, effectively handle high-dimensional contextual
factors and generate decision solutions effectively [36,71,72].  In
particular, deep learning methods increasingly combine demand 
forecasting with inventory optimization, solving complex supply
chain problems while avoiding the strict distributional assump-
tions of traditional approaches [36,72]. In high-frequency scenar-
ios, such as transportation scheduling, reinforcement learning 
approaches such as Q-learnin g enable real-time adaptive decisions
that respond to demand fluctuations and changing conditions [73]. 
Reinforcement learning applied to transportation scheduling 
shows how adaptive decisions can effectively handle demand fluc-
tuations in real-world settings [73]. Intel’s integrated approach to 
product architecture design and supply chain planning has demon-
strated numerous benefits [74]. Such integration enables organiza-
tions to respond dynamically to operational fluctuations while 
maintaining strategic alignment, transforming traditionally siloed
functions into synchronized decision ecosystems.

End-to-end decision systems. End-to-end decision systems 
represent a fundamental shift in operational intelligence by 
directly mapping from complex inputs to optimized decisions 
without intermediate modeling steps. Unlike traditional
approaches that separate forecasting, parameter estimation, and
optimization, these systems leverage learning algorithms to gener-
ate decisions in a single integrated process [75]. This innovation 
enables the simultaneous consideration of thousands of contextual 
factors while making real-time decisions. Large-scale field testing 
in inventory management has demonstrated that end-to-end
approaches delivered superior performance, with documented
profit improvements [33]. By training directly on historical data 
and generating decision labels rather than distributional assump-
tions, these systems inherently account for uncertainty while
adapting to specific operational contexts [35]. 

Implementation requirements and measured impact. Opera-
tional intelligence control requires integrated data systems that 
connect planning with execution, clear governance for algorithmic
decisions, and balanced performance metrics. As Fig. 2 shows, suc-
cessful implementation depends on teams blending domain 
knowledge with optimization and learning analytics expertise to
create solutions that address business needs while remaining
interpretable.

Meituan’s intelligent dispatch system demonstrates these prin-
ciples in action [76]. Managing 60 million daily orders across more 
than 3000 cities, they implemented three AI innovations: inverse
reinforcement learning for route planning (solving 97% of cases
6

optimally in 10 ms), risk-adaptive optimization, and graph neural 
networks for order assignment. The results include 20.96% faster 
deliverie s, 109% higher rider capacity, 0.5 km shorter travel dis-
tances, and 230 million USD annual savings.

These investments deliver concrete outcomes, such as lower 
forecast errors, reduced operational costs with maintained service 
levels, and more automated routine decisions. This intelligence
level systematically improves operations through proven opti-
mization techniques while supporting higher intelligence levels.

3.3. Collaborative intelligence construction: Orchestrating cross-
boundary networks

Building upon the internal optimization capabilities of opera-
tional intelligence control, collaborative intelligence construction 
extends AI capabilities beyond organizational boundaries to create
coordinated supply chain networks [77]. This third intelligence 
level transforms isolated optimization into ecosystem-wide syn-
chronization, enabling participants to achieve outcomes exceeding
what any single organization could accomplish independently.

AI-powered coordination mechanisms and multi-agent 
planning. Collaborative Intelligence addresses fundamental chal-
lenges that have historically limited supply chain cooperation: 
information distortion, local optimization at system expenses, 
trust-undermining opportunism, and reluctance to make
relationship-specific investments. Supply chain intelligence posi-
tively impacts operational performance through cross-enterprise
coordination that adapts to specific circumstances [78]. Advanced 
coordination mechanisms (e.g., smart contracts) create adaptive 
frameworks that align incentives across diverse participants [79– 
81]. Smart contracts embedded into transaction rules enable auto-
matic execution and process traceability, thereby enhancing col-
laboration efficiency and transparency. These mechanisms create 
the foundation for sophisticated multi-agent planning systems,
where AI-powered agents negotiate and coordinate across organi-
zational boundaries with a deep understanding of each partici-
pant’s contextual environment [38]. Implementations using deep 
learning-based agents have revealed important insights into trust
formation and cooperation dynamics across diverse scenarios
[82]. Together, these capabilities transform planning from periodic, 
meeting-driven processes to continuous, system-enabled activities
that maintain synchronization despite constant changes.

Cognitive interoperability and platform-based collaboration. 
Modern collaborative intelligence relies on two complementary 
capabilities: cognitive interoperability that creates a shared 
semantic understanding across different systems and organiza-
tions, and platform architectures that standardize and scale
multi-party coordination. LLM, working alongside specialized AI
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agent systems, enables cognitive interoperability by translating 
between different technical languages, business contexts, and
operational priorities. JD.com’s LLM-powered planning assistant 
exemplifies this approach by integrating multiple functions and 
partners in one system, leveraging specialized agents with intent
recognition, and structured communication protocols that main-
tain consistent understanding across organizational boundaries
[16]. These cognitive capabilities are amplified through digital 
platforms that provide neutral, scalable environments for multi-
party coordination [81,83–85]. Advanced platforms incorporate 
unified data standards that break enterprise barriers, while facili-
tating standardized data exchange, partner matchmakin g, and
shared analytics services. Patforms coordinate diverse actors while
significantly compressing product development cycles [86].  In
summary, cognitive interoperability and platform architectures 
move beyond basic data sharing to true semantic alignment, in
which complex concepts carry consistent meanings across diverse
partners.

Implementation evidence and tangible outcomes. The Midea 
Group’s ‘‘T+3 Supply Chain Collaboration” model demonstrates col-
laborative intelligence in practice. Midea implemented an inte-
grated framework that synchronizes all supply chain functions 
through shared data flows in a Fortune 500 company with over 
400 subsidiaries across more than 200 countries. Their model coor-
dinates decisions through standardized protocols and visibility 
systems, enabling transparent collaboration. The results included 
order-to-delivery times reduced from 45 to less than 12 days,
40% improved equipment utilization, production capacity tripled
from 300000 to 900000 monthly units, 45% lower defect rates,
and 25% reduced energy consumption. The system now delivers
85% of orders within one day and 98% within two days, demon-
strating how collaborative intelligence creates measurable opera-
tional value [58]. 

Implementations at this intelligence level yield quantifiable 
benefits: reduced bullwhip effect through shared understanding 
across tiers, consistent end-to-end visibility, faster coordinated 
responses to disruptions, and more effective new product intro-
ductions. As collaborative intelligence matures, supply chains pro-
gress from coordination to anticipatory systems that collectively
sense and respond to emerging patterns—creating a foundation
for advancing to system-level autonomous adaptation and self-
optimization.

3.4. System intelligence cultivation: Self-optimizi ng, adaptive
ecosystems

System Intelligence cultivation represents the highest evolution 
of AI-enabled supply chains—creating sustainable, resilient, and 
self-optimizing ecosystems with sophisticated awareness of their 
operating environment. This fourth intelligence level transforms
supply chains from designed systems to evolving organisms that
continuously adapt, while simultaneously pursuing multiple
objectives.

Context-driven autonomous adaptation and self-
optimization. System intelligence enables continuous self-
optimization without requiring human intervention. Unlike tradi-
tional supply chains, which require periodic redesign, these intelli-
gent systems autonomously calibrate operations, dynamically 
reallocate resources, and adaptively adjust decision parameters 
based on contextual understanding. Recent research has demon-
strated how digital technologies and advanced analytics enable
networks to proactively identify disruptions, self-reconfigure, and
autonomously respond to changing conditions—transforming rigid
structures into dynamic systems [87,88]. These self-optimizing 
systems detect emerging patterns through continuous environ-
mental scanning and preemptively reconfigure the impact perfor-
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mance before disruptions. This adaptation capability extends 
beyond reactive responses to include anticipatory adjustments 
based on multidimensional pattern recognition, transforming sup-
ply chains from deterministic rule-execution systems into learning
systems that autonomously evolve their operating logic through
continuous environmental interaction and feedback loops.

Supply chains are accelerating toward ‘‘System 2.0” architec-
tures: intelligent ecosystems capable of continuous self-learning, 
auto-calibration, and evolution. These advanced systems leverage 
reinforcement learning, multi-obj ective optimization, and complex
system modeling to achieve collaborative evolution, self-
reconfiguration, and dynamic goal adjustment without explicit
reprogramming.

Sustainability and resilience integration. At the system intel-
ligence level, AI orchestrates multiple objectives simultaneously, 
incorporating environmental and social outcomes along with tradi-
tional metrics. Rather than treating sustainability as a constraint, 
advanced systems incorporate environm ental and social factors
as core optimization elements, integrating circular economy prin-
ciples into resource allocation algorithms to optimize material
recovery, lifecycle extension, and waste minimization alongside
efficiency.

Resilient system intelligence creates inherently adaptive supply 
networks that reconfigure dynamically in response to disruptions 
through a sophisticated awareness of vulnerabilities and mitiga-
tion options. For example, JD.com’s Intelligent Risk Management 
System detects risks before disruption occurs, ranks their severity, 
and coordinates the entire supply chain to ensure that supplies
meet demand effectively, saving millions while maintaining cus-
tomer satisfaction during the pandemic. Additionally, LLMs
increasingly support risk prediction by synthesizing information
from diverse sources to generate alerts and response plans, thus
making complex strategies more accessible across organizational
boundaries.

Organizational prerequisites and tangible outcomes. Imple-
menting system intelligence requires sophisticated capabilities 
that span technical systems, governance, and organizational cul-
ture. Key prerequisites include balanced governance frameworks, 
multi-objective performance metrics, and an experimental culture
that encourages continuous learning along with advanced simula-
tion capabilities and transparent monitoring systems.

Contemporary Amperex Technology Co., Ltd. (CATL) (Ningde, 
China) exemplifi es system intelligence through integrated battery
lifecycle management [89]. Their Zero-Carbon Battery Global Strat-
egy uses digital platforms spanning the entire battery life cycle, 
with Indonesian low-carbon industrial parks reducing transporta-
tion emissions while improving supply security. Their manufactur-
ing systems, utilizing digital twins and edge computing, reduced 
tool changeover times by 50% and increased capacity completion
from 30% to 71%. Their Yibin facility, the world’s first zero-carbon
battery factory, operates entirely on hydroelectric power, reducing
carbon emissions by 40% compared with industry standards [58]. 
Throughout the value chain, CATL embeds IoT chips in batteries 
to enable closed-loop recycling, demonstrating how system intelli-
gence simultaneously optimizes financial, operational, and envi-
ronmental outcomes.

When successfully implemented, system intelligence delivers 
transformative results: improved resilience across disruptions, 
reduced environmental impacts, anticipatory responses to emerg-
ing trends, and continuous performance improvement without
direct intervention. These systems resolve traditional tradeoffs by
optimizing multiple objectives through a sophisticated under-
standing of their interdependencies.

Remarks. The Four-Intelligence path represents more than a 
technology roadmap; it offers a strategic framework for transfor-
mative organizational capability development. Each intelligence
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level builds upon previous capabilities, while introducing more 
sophisticated contextual awareness. Digital Intelligence estab-
lishes foundational connectivity and visibility, thereby enabling 
basic data integration across operations. Operational intelligence 
leverages this foundation to optimize functional processes through 
predictive capabilities and enhanced decision support. Collabora-
tive Intelligence extends beyond organizational boundaries to cre-
ate synchronized networks with trading partners. System 
Intelligence represents the most advanced stage, where autono-
mous orchestration enables complex multi-objective optimization
across the entire ecosystem. This evolutionary journey transforms
supply chains from linear sequences into adaptive ecosystems that
sense, learn, and evolve through increasingly sophisticated context
awareness. The detailed exploration of these intelligence levels is
presented in Section 4. 
 

4. Case Study: Transforming supply chain at JD.com

Having established the Three-Chain Four-Intelligence frame-
work, we now examine how these concepts manifest in practice. 
While intelligent supply chain transformations occur across the 
manufacturing, retail, logistics, and energy sectors, these imple-
mentations often represent partial applications of the framework,
addressing specific operational challenges [27,57,76,90–93].  To
demonstrate the full potential of our integrated framework, we 
present a comprehensive case study of JD.com, where the system-
atic applicati on of AI-enabled intelligence has transformed opera-
tions across all three chains while simultaneously advancing
through multiple intelligence levels.

JD.com is a leading Chinese e-commerce company headquar-
tered in Beijing that specializes in online retail, technology, and 
logistics. Supply chain management in JD.com has been facing 
tremendous challenges, with exploding customer demands, evolv-
ing fulfillment channels, extremely extended supply networks, and 
sophisticated technologies to be deployed. JD.com operates a vast 
in-house logistics network of approximately 1400 warehouses 
containing various nodes and links, and over 10 million self-
operated stock keeping units (SKUs). Over 90% of JD.com’s retail 
orders are required to be fulfilled within 24 h. The diverse cus-
tomer base, expanding product variety, and higher service expecta-
tions present new challenges for JD.com. Additionally, a lengthy 
supply chain, with numerous intermediaries between manufactur-
ers and consumers, limits direct access to comprehensive con-
sumer insights. This, coupled with the bullwhip effect, leads to 
increased operational costs. Furthermore, as the implementation
progressed, the need for greater model adaptability became
increasingly apparent. Initial optimization approaches assumed
relatively stable operating conditions, but JD.com’s rapid business
growth and evolving service offerings required more responsive
planning capabilities. A fundamental challenge emerged regarding
model explaining ability: The limited interpretability of black-box
machine learning algorithms posed a significant adoption barrier
among operational teams, while hybrid statistical approaches
had poor domain-specific adaptation. To address these challenges,
recent research collaborations between JD.com and the authors’
team (as the Chief Scientist) have transformed supply chain opti-
mization through explainable AI and operations research integra-
tion, resulting in several transformative innovations exemplifying
the Three-Chain Four-Intelligence framework in practice.
4.1. Three chain integration at JD.com

Logistics chain transformation. JD.com has developed 
cutting-edge AI and Operations Research algorithms to optimize
warehouses and logistics operations. This includes the operation
8

of hundreds of intelligent warehouses and dozens of ‘‘Asia No.1” 
intelligent logistics parks. One particular logistics chain transfor-
mation is achieved through JD.com’s Data-Driven Integrated 
Assortment Planning System, which optimizes explainable 
demand forecasts and inventory allocation across its two-level dis-
tribution network (i.e., Front Distribution Center and Regional
Distribution Center) by incorporating a rich context that spans
regional demand patterns, transportation conditions, and fulfill-
ment capabilities. This enabled 95% of orders to be fulfilled within
24 h [16,94] while adapting to the specific requirements of differ-
ent regions and product categories, setting new standards in the 
industry. The system reduced internal transportation costs by 
162 million CNY annually while increasing next-day delivery ser-
vices by 1.44%, demonstrating how AI transforms logistics from
static processes to dynamic, responsive operations.

Information chain integration. Information chain integration is 
exemplified by JD.com’s implementation of an end-to-end inven-
tory replenishment system using deep learning, which directly
outputs replenishment decisions without intermediate steps by
processing millions of SKUs and thousands of factors simultane-
ously [33]. Specifically, the AI-based system can realize self-
learning, enabling JD.com to achieve automatic merchandise 
replenishment based on historical sales performance, without the 
need for a sales forecast. This system processes diverse contexts 
spanning product characteristics, store locations, seasonal pat-
terns, promotion effects, and competitive activities. It demon-
strated substantial improvements over conventional frameworks,
enabling 85% procurement automation and over 41 million USD
in annual cost savings while maintaining 95% product availability
across diverse operational contexts, with inventory turnover
improved from 40.35 days to around 30 days [34]. This innovation 
transforms information systems from separate reporting tools into
an integrated decision engine.

Value chain responsiveness. Value chain responsiveness is exem-
plified by JD.com’s C2M model, which transforms traditional pro-
duct development by directly connecting consumer preferences
with manufacturing [16,34,86]. Unlike traditional approaches with 
18-month launch cycles and only 5% success rates, JD.com’s plat-
form analyzes transaction data across the entire purchase journey, 
creating a closed-loop ecosystem with consumers at the center. 
The platform leveraged JD.com’s market leadership across multiple 
categories to deliver precise insights to manufacturing partners. By 
2022, this platform collaborated with over 3000 brands, reducing
product research time by 75%, shortening launch cycles by 67%,
and generating 2.83 billion USD in sales. JD.com’s C2M initiative
has become a driving force in the digital transformation of China’s
manufacturing industry, with new products representing more
than 40% of JD.com’s total transaction volume.

4.2. Four-Intelligence progression at JD.com

Intelligence evolution. Digital intelligence connections estab-
lished comprehensive connectivity across JD.com’s operations, 
enabling real-time tracking of over 10 million SKUs, millions of 
daily orders, and integration with thousands of suppliers. Building 
on this foundation, operational intelligence control is exemplified
by an end-to-end inventory system that generates optimal deci-
sions directly from contextual understanding without intermedi-
ate steps [33,34]. Advancing this further, collaborative 
intelligence construction through the C2M platform connects con-
sumer preferences directly with manufacturing capabilities, creat-
ing an ecosystem with shared contextual understanding that
reduces product development cycles by 67% [34,86]. Finally, sys-
tem intelligence cultivation is demonstrated by the Intelligent Risk
Management System [2], which provides early warnings for high-
risk regions based on a comprehensive assessment, reducing order



Z.-J.M. Shen and S. Lin Engineering xxx (xxxx) xxx
cancellation rates by 3.85%, and preserving approximately 45.4 
million USD in revenue during 2022 [34]. This progression shows 
how contextual understanding deepens at each intelligence level,
enabling increasingly sophisticated anticipatory and adaptive
capabilities.

Measurable impact and recognition. JD.com’s implementation of 
the Three-Chain Four-Intelligence framework has generated sub-
stantial measurable impact across its nationwide network of over 
10 million SKUs: 85% procurement automation across diverse pro-
duct categories; inventory turnover improved from 40.35 to 
approximately 30 days; 41 million USD annual cost savings from 
inventory optimization; 162 million CNY reduction in transporta-
tion costs; product research time reduced by 75%; 45.4 million 
USD preserved revenue during disruptions; expanded fulfillment
coverage with 18.61 million additional orders fulfilled annually,
generating 35.66 million USD incremental gross merchandise vol-
ume; optimized fulfillment distribution center (FDC) with 148 mil-
lion additional orders annually; and reduced inventory holding
costs (6.35 million USD annually) and transfer costs (23.11 million
USD annually). These outcomes highlight the effectiveness of
JD.com’s AI-driven approach in enhancing fulfillment efficiency,
reducing costs, and improving customer satisfaction.

These innovations have earned prestigious international recog-
nition, including the 2024 Gartner Power of the Profession Supply 
Chain Award for Technology Innovation (the only Asian company 
recipient), the 2023 Franz Edelman Award (the highest honor in
operations research), the 2024 INFORMS Prize (the first Asian com-
pany with a 34-year history), and the 2024 Daniel H. Wagner Prize
for excellence in advanced analytics and operations research.

4.3. Implementation challenges, insights, and framework validation

Despite its quantifiable benefits, JD.com initially encountered 
significant organizational resistance to adopting ‘‘AI+ operations 
research” models and algorithms. The operations team showed 
marked reluctance to implement new tools with a data-driven 
mindset, necessitating extensive persuasion efforts and cross-
departmental communication to build an organizational buy-in. 
Throughout the implementation, constant feedback loops with 
operations personnel led to iterative model modifications that 
often fundamentally complicated the underlying algorithms, 
demonstrating how optimization and AI models must evolve when 
confronting operational realities. The implementation team also
developed standardized data collection procedures, user-friendly
interfaces with manual override capabilities, and expanded models
to incorporate more contextual information. They also created cus-
tom hybrid algorithms with supply chain-specific decompositions
that maintained explaining ability while quantifying business-
specific factors, ultimately bridging the gap between theoretical
optimization and practical application. The comprehensive imple-
mentation also reveals several key insights that validate the Three-
Chain Four Intelligence framework:

First, contextual understanding and integration drive perfor-
mance across the supply chain dimensions. Organizations achiev-
ing breakthrough results consistently integrate a rich 
understanding across all three chains, rather than optimizing in 
isolation with limited awareness. JD.com’s end-to-end inventory 
system demonstrates how connecting rich contextual information 
directly to logistics and value chains generates superior outcomes 
compared with separate optimization, transforming rigid supply
chains into responsive ecosystems that continuously adapt to their
operating environment. Second, progressive intelligence develop-
ment follows a cumulative rather than strictly sequential path
for organizations. While JD.com has systematically advanced
through all four intelligence levels, this evolution represents a
capability maturity model in which different organizational units
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operate at varying intelligence levels simultaneously based on 
specific requirements. This implementation demonstrates how 
each stage creates capabilities for processing and leveraging the
increasingly rich context required for subsequent evolution,
traversing a significant complexity gradient, from basic visibility
to sophisticated autonomous systems.

Third, successful implementation requires balancing the 
theoretical models with practical constraints. JD.com’s experi-
ence reveals that even sophisticated AI models must be 
explainable and adapted to address organizational resistance, 
physical implementation limitations, and operational process 
constraints. This demonstrates how the framework must func-
tion not merely as a te chnical model but also as a practical
guide that accommodates real-world complexity and organiza-
tional dynamics.

Fourth, AI functions as an orchestration mechanism that funda-
mentally transforms the relationship between human beings and 
technology. Across all implementation areas, AI serves not merely 
as a computational tool but also as an integration mechanism 
enabling cohesive, adaptive systems that leverage contextual
understanding across organizational boundaries. This progression
shifted JD.com from technology augmenting human capabilities
to increasingly autonomous operations, with humans providing
strategic direction rather than direct control.

Fifth, enhanced value creation has become increasingly sophis-
ticated and multidimensional. JD.com’s framework implementa-
tion generates quantifiable benefits, spanning operational 
efficiency, financial performance, customer experience, and inno-
vation capability. This validates how advanced intelligence levels
create value through complex multi-objective optimization span-
ning efficiency, responsiveness, sustainability, and resilience,
requiring more nuanced measurement frameworks than tradi-
tional metrics alone.

These findings demonstrate that the Three-Chain Four-
Intelligence framework provides not just a technical route model 
but a practical roadmap for organizations seeking to harness AI-
enabled intelligence for supply chain transformation. This requires
sustained investment across technology, processes, talent, and
organizational culture to achieve contextually aware supply chain
operations.
5. Future trends and research directions

Building upon the Three-Chain Four-Intelligence framework, we 
now explore emerging research frontiers. As highlighted in our 
framework analysis, most transformative advancements have 
emerged at the intersection of multiple chains with increasingly
sophisticated contextual awareness. Each research frontier below
extends this progression while addressing the critical limitations
of contemporary implementations.

5.1. Generative AI integration with decision optimization

Advanced AI models, particularly LLMs and multimodal sys-
tems, are transforming supply chain decision making through their
capabilities for data integration, pattern recognition, and contex-
tual understanding [38]. Integrating these powerful models with 
traditional optimization techniques offers transformative potential 
by leveraging AI’s reasoning capabilities in graph optimization
[95]. The TimeHF large model was shown to achieve significant
improvements in time-series forecasting [37], demonstrating the 
foundational capabilities that support this direction. The post-
LLM era will shift toward knowledge empowerm ent, model collab-
oration, and model co-evolution to address limitations, such as
inefficiency and hallucinations [96].
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This integration represents more than a technical advancement, 
signifying a fundamental shift in supply chain decision-making 
paradigms. While operations research has historically focused on 
mathematical optimization with simplified assumptions and AI 
has excelled in pattern recognition without explicit optimization, 
the convergence of these disciplines creates unprecedented capa-
bilities for context-aware decision-making that maintains mathe-
matical rigor. While traditional supply chain decision making 
relies on separate systems for analysis and execution, generative
AI creates unified frameworks in which context, constraints, and
objectives are simultaneously considered. This integration creates
value across our Three-Chain framework: extracting signals from
unstructured data in information chains, enabling responsive
reconfiguration in logistics chains, and facilitating unprecedented
personalization in value chains.

Future research must address the development of hybrid rea-
soning frameworks that combine neural and symbolic approaches, 
creating adaptive techniques that align with evolving supply chain 
structures, designing interpretable AI-optimization interfaces, and
building uncertainty-aware decision systems for multiple time
horizons. Future breakthroughs will emerge from interdisciplinary
efforts to address the current limitations and drive innovation [97]. 
One breakthrough potentially lies in creating supply chain systems 
that do not merely optimize predefined objectives, but also cause 
optimal objectives themselves: detecting changing priorities from 
stakeholder communications, adapting to shifting market condi-
tions, and balancing competing goals dynamically. In this way, AI
serves not just as a calculator but also as a strategic partner in
decision-making.

5.2. Knowledge-enhanced contextual decision making

The evolution of supply chain decision making requires the 
integration of diverse knowledge sources with advanced analytics
capabilities (Fig. 2), creating systems that effectively leverage both 
structured and unstructured contextual information. One promis-
ing research direction is to merge retrieval-augmented generation 
(RAG) with integrated learning-optimization methodologies to cre-
ate knowledge-enhanced decision systems. RAG is an AI approach 
that enhances decision making by retrieving relevant information 
from a knowledge base before generating responses or decisions. 
Unlike pure generative models, which rely solely on parameters 
learned during training, RAG dynamically accesses external knowl-
edge sources to provide more accurate, up-to-date, and contextu-
ally relevant outputs. Traditional supply chain systems rely on 
relatively static models with limited ability to incorporate new
contextual information, while RAG dynamically retrieves relevant
contextual information at decision time, enabling access to current,
specific knowledge without requiring complete retraining—partic-
ularly valuable in environments where contextual relevance con-
stantly evolves through changing suppliers, consumer
preferences, regulations, and market conditions. The integration
of the learning optimization framework with domain-specific
RAG techniques combines AI capabilities with the mathematical
rigor of operations research and practical wisdom of domain
expertise.

Key research challenges include rigorously modeling RAG-
based contextual decision-making, developing efficient retrieval 
mechanisms for heterogeneous supply chain knowledge, creating 
validation frameworks that maintain information accuracy, 
designing cross-paradigm optimization approaches that balance 
multiple objectives, and establishing metrics that capture both
predictive accuracy and decision quality. Organizations imple-
menting these integrated approaches will achieve superior perfor-
mance by leveraging the full spectrum of available contextual
knowledge—from structured data to unstructured information,
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and from general principles to situation-specific insights—creating 
a fundamental shift in how supply chains understand and respond
to their operating environments.

5.3. End-to-end generative decision ecosystems

The increasing complexity of modern supply chains requires 
new approaches that can process diverse types of information
while coordinating across organizational boundaries. As illustrated
in Fig. 3, traditional decision systems require extensive preprocess-
ing to transform unstructured contextual information into struc-
tured formats before contextual optimization can occur, which 
leads to information loss and suboptimality. Modern generative 
decision ecosystems bypass these artificial boundaries through 
two complementary mechanisms: LLMs directly process unstruc-
tured information without explicit feature engineering, whereas 
specialized AI agents coordinate to enhance decision quality 
through rich contextual understanding. These systems differ from 
traditional approaches in that they eliminate the separate stages 
of data preprocessing, feature engineering, and model training. 
Instead, they create unified frameworks in which AI agents collab-
orate through structured protocols to directly transform unstruc-
tured information into optimized decisions. These agents (which
function as demand forecasters, inventory optimizers, risk asses-
sors, and sustainability monitors) work together through struc-
tured communication protocols that enable collective intelligence
formation. The generative aspects of these ecosystems enable them
to create novel decision strategies, simulate potential scenarios,
and continuously refine their coordination mechanisms based on
operational outcomes. This ecosystem approach directly addresses
the challenges of advancing through our intelligence progression
pathway, while transforming fragmented supply chains into adap-
tive networks that continuously generate optimized decision
strategies across organizational boundaries, creating unprece-
dented levels of responsiveness and resilience.

Despite their transformative potential, these ecosystems are 
facing significant implementation challenges. For instance, ensur-
ing system stability becomes increasingly complex as the number 
of interacting agents increases, which requires robust coordination 
mechanisms that prevent cascading failures. Information halluci-
nations in generative models can propagate through agent net-
works, necessitating rigorous factual grounding and validation
frameworks. In addition, the computational resources required
for real-time generative decision making across complex supply
networks may exceed the practical limitations in many implemen-
tation contexts. One potential solution is to incorporate the afore-
mentioned RAG-based decision framework.

Traditional ‘‘feature engineering +machine learning (ML) + oper-
ations research (OR)” pathways are likely to remain dominant in 
well-defined, data-rich environments with established operational 
patterns and clear optimization objectives. In contrast, end-to-end 
generative approaches excel in environments characterized by 
high complexity, unstructured information, rapidly changing con-
ditions, and situations that require creative response generation
beyond predefined solution spaces. We envision a meta-
orchestration layer that strategically routes decision problems to
the appropriate pathway based on contextual factors, such as prob-
lem characteristics, available information types, decision urgency,
and required explanation ability.

5.4. Autonomous industrial metaverses beyond digital twins

Digital twin technology has evolved beyond basic simulations 
into sophisticated virtual replicas with bidirectional synchroniza-
tion capabilities. The most transformative potential emerges at
the convergence of three key developments: integration of contex-
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Fig. 3. End-to-end generative decision pathways. ML: machine learning; OR: operations research.
tual intelligence through multimodal AI, enabling semantic under-
standing beyond numerical simulation, cross-enterprise digital 
thread integration creating shared virtual environments that span
entire supply chain networks, and human–AI collaborative inter-
faces supporting natural decision processes through
‘‘explanation-aware modeling” [28]. 

While foundational principles for digital twins in supply chains
have been established [4], future cognitive digital ecosystems will 
shift from isolated replicas to orchestration platforms for autono-
mous decision-making. This evolution faces substantial challenges: 
developing scalable synchronization despite sensing limitations, 
creating trustworthy AI that transparently reasons about physical 
processes, and establishing frameworks for value sharing across 
organizational boundaries. Competitive advantage will accrue not
to organizations with the most sophisticated twins but to those
that leverage these ecosystems to create unified visibility and deci-
sion capabilities spanning the physical, information, and value
dimensions of manufacturing operations.

5.5. Sustainability and regenerat ive supply chains

Environmental sustainability has evolved from a peripheral 
consideration to a central design principle for next-generation sup-
ply chains, now advancing toward systems that actively regenerate 
resources rather than merely reduce harm. This transformation 
complements autonomous industrial metaverses and intelligent 
supply chain systems by embedding ecological intelligence as a 
third critical dimension. Future regenerative supply chains will 
integrate three transformative capabilities that parallel develop-
ments in other advanced systems: real-time environmental impact
modeling embedded directly within operational decision systems;
circular material flows orchestrated through digital platforms
tracking resources across multiple life cycles; and dynamic incen-
tive mechanisms aligning economic and ecological objectives
across enterprise boundaries.

These capabilities face significant research challenges: develop-
ing computationally efficient methodologies for continuous envi-
ronmental assessment, creating multi-objective optimization 
frameworks that effectively weigh traditional metrics against sus-
tainability considerations, and establishing quantitative 
approaches to circular economy modeling that account for vari-
abilities in product conditions. Competitive advantage will increas-
ingly flow to organizations that go beyond compliance to create a
net positive environmental impact while maintaining economic
performance, leveraging digital capabilities to transform sustain-
ability from the cost center to the value driver across intercon-
nected supply chains, where ecological and economic objectives
become mutually reinforcing rather than competing priorities.
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5.6. Anticipatory risk intelligence in supply chains

Global economic and geopolitical developments are driving signifi-
cant changes in supply chain geography and risk profiles, creating both 
challenges and opportunities for organizations worldwide. As supply 
chains grow increasingly interconnected, risk management approaches 
must evolve from a reactive response toward anticipatory intelligence, 
requiring sophisticated methodologies for risk identification, quantifi-
cation, and mitigation across organizational boundaries. Future supply 
chain risk systems will integrate three transformative capabilities that 
parallel developments in other advanced domains: comprehensive 
dependency mapping that identifies cascading failure points, real-
time anomaly detection powered by multisource data integration, 
and coordinated response mechanisms tha t maintain system-wide
resilience during disruptions. Generative AI will fundamentally trans-
form these capabilities by automatically creating diverse disruption
scenarios, identifying non-obvious vulnerability patterns, and develop-
ing adaptive response strategies that continuously evolve based on
emerging threats.

Anticipatory risk intelligence represents perhaps the most crit-
ical frontier for supply chain advancement in an increasingly vola-
tile global environment. The conventional approach to supply 
chain risk, characterized by periodic assessments, limited scenario 
planning, and reactive response protocols, is fundamentally inade-
quate for managing the complexity and velocity of modern disrup-
tions. Organizations must transition from probabilistic risk models
based on historical patterns to dynamic risk intelligence systems
(e.g., leveraging the power of LLMs) capable of detecting weak sig-
nals of emerging threats before they materialize as disruptions.

These capabilities face significant research challenges: develop-
ing computationally efficient methodologies for modeling interde-
pendent risks across operational, financial, geopolitical, and 
environmental dimensions; creating multi-objective optimization 
frameworks that effectively balance performance with resilience; 
and establishing quantitative approaches to early warning signal 
detection in heterogeneous data streams. Competitive advantage 
will increasingly flow to organizations that move beyond traditional 
risk management to create anticipatory response capabilities, lever-
aging generative AI to transform disruption management from a 
cost center to a strategic differentiator across interconnected supply
chains, where resilience becomes embedded in operational
decision-making rather than treated as a separate function.

6. Conclusio ns

This study introduced the Three-Chain Four-Intelligence frame-
work as a systematic approach for understanding and implement-
ing AI-enabled intelligence in supply chain ecosystems. By
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examining the transformation of logistics, information, and value 
chains through progressively sophisticated intelligence levels, we 
have demonstrated how contextual awareness fundamentally
redefines supply chain capabilities and architecture.

Our analysis reveals four key insights with significant implications 
for both research and practice. First, contextual understanding across 
all three chains drives superior performance compared with isolated 
optimization with limited awareness. Organizations achieving break-
through results consistently leverage a rich environmental under-
standing to transform rigid supply chains into responsive 
ecosystems that continuously adapt to their operating environments. 
Second, intelligence development follows a cumulative rather than 
strictly sequential path, with different organizational units often 
operating at varying intelligence levels simultaneously based on 
specific requirements. This progression represents a capability matu-
rity model, in which each stage creates foundations for processing 
the increasingly rich context required for subsequent evolution. 
Third, AI functions as an orchestration mechanism that fundamen-
tally transforms the relationship between humans and technology, 
shifting from technology augmenting human capabilities to increas-
ingly autonomous operations, with humans providing strategic direc-
tion rather than direct control. Fourth, enhanced value creation has 
become increasingly sophisticated and multidimensional, spanning 
operational efficiency, financial perform ance, customer experience,
and innovation capability, requiring more nuanced measurement
frameworks than traditional metrics alone. The JD.com case study
validates our framework as a practical roadmap for organizations
seeking to harness AI-enabled intelligence for supply chain transfor-
mations. Their implementation across all three chains and the four
intelligence levels has generated a substantial measurable impact.

Looking forward, we identified six emerging research frontiers 
that represent the next evolutionary stages of supply chain intelli-
gence: generative AI integration with decision optimization, 
knowledge-enhanced contextual decision-making, end-to-end 
generative decision ecosystems, autonomous industrial meta-
verses, sustainability and regenerative supply chains, and anticipa-
tory risk intelligence. These frontiers share a common theme: the
increasing synthesis of rich contextual understanding across phys-
ical, informational, and value dimensions to create supply chain
systems that not merely respond to their environment but antici-
pate changes and autonomously adapt.

The Three-Chain Four-Intelligence framework thus provides both 
a conceptual lens for understanding the current transformation and a 
strategic roadmap for future development, guiding organizations 
through the complex journey f rom traditional reactive supply chains
toward AI-enabled intelligent ecosystems characterized by unprece-
dented levels of awareness, adaptability, and value creation.

CRediT authorship contribution statement

Zuo-Jun Max Shen: Writing – review & editing, Writing – orig-
inal draft, Supervision, Resources, Project administration, Method-
ology, Investigation, Formal analysis, Conceptualizat ion.
Shaochong Lin: Writing – review & editing, Writing – original
draft, Visualization, Validation, Methodology, Investigation, Formal
analysis, Data curation.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationsh ips that could have appeared
to influence the work reported in this paper.

Acknowledgments 

This research is supported by the National Key Research and 
Development Program (2024YFB3311500), the National Natural
12
Science Foundation of China Grant (72401242), the Hong Kong 
Research Grants Council (RGC) General Research Funding
(17504324), and the Hong Kong University (HKU) research project
(WF/HKU/0339-23).

References 

[1] Christopher M. Logistics and supply chain management. 6th ed. London: FT
Publishing International; 2023. 

[2] Shen ZM, Sun Y. Strengthening supply chain resilience during COVID-19: a
case study of JD.com. J Oper Manag 2023;69(3):359–83. 

[3] Lv Z, Qiao L, Mardani A, Lv H. Digital twins on the resilience of supply chain
under COVID-19 pandemic. IEEE Trans Eng Manag 2024;71:10522–33. 

[4] Wang L, Deng T, Max Shen ZJ, Hu H, Qi Y. Digital twin-driven smart supply
chain. Front Eng Manag 2022;9(1):56–70. 

[5] Ivanov D, Dolgui A. A digital supply chain twin for managing the disruption
risks and resilience in the era of industry 4.0. Prod Plann Contr 2021;32
(9):775–88. 

[6] Büyüközkan G, Göçer F. Digital supply chain: literature review and a proposed
framework for future research. Comput Ind 2018;97:157–77. 

[7] Jede A, Teuteberg F. Integrating cloud computing in supply chain processes: a
comprehensive literature review. J Enterp Inf Manag 2015;28(6):872–904. 

[8] Muthusami S, Srinivsan M. Supply chain 4.0: digital transformation,
disruptions and strategies. Rev Bus Technol Res 2018;14(2):32–5. 

[9] Liu J, Lin S, Xin L, Zhang Y. AI vs. human buyers: a study of Alibaba’s inventory
replenishment system. INFORMS. J Appl Anal 2023;53(5):372–87. 

[10] Liu S, He L, Max Shen ZJ. On-time last-mile delivery: order assignment with
travel-time predictors. Manag Sci 2021;67(7):4095–119. 

[11] Salari N, Liu S, Max Shen ZJ. Real-time delivery time forecasting and promising
in online retailing: when will your package arrive? Manuf Serv Oper Manag
2022;24(3):1421–36. 

[12] Dang Y, Singh M, Allen TT. Network mode optimization for the DHL supply
chain. INFORMS J Appl Anal 2021;51(3):179–99. 

[13] Liu C, Zhang J, Lin S, Max Shen ZJ. Service network design with consistent
multiple trips. Transp Res Part E Logist Trans Rev 2023;171:103028. 

[14] Liu C, Lin S, Max Shen ZJ, Zhang J. Stochastic service network design: the value
of fixed routes. Transp Res Part E Logist Trans Rev 2023;174:103118. 

[15] Qi W, Li L, Liu S, Max Shen ZJ. Shared mobility for last-mile delivery: design,
operational prescriptions, and environmental impact. Manuf Serv Oper Manag
2018;20(4):737–51. 

[16] Lee HL, Max Shen ZJ, Qi Y, Chen Z. AI-driven supply chain transformation. In: 
Cohen MC, Dai T, editors. AI in supply chains. Springer series in supply chain
management. Cham: Springer, Cham; 2025. p. 223–44.

[17] Feng Y, Caldentey R, Xin L, Zhong Y, Wang B, Hu H. Designing sparse graphs for
stochastic matching with an application to middle-mile transportation
management. Manag Sci 2024;70(12):8988–9013. 

[18] Zhou H, Benton Jr WC. Supply chain practice and information sharing. J Oper
Manag 2007;25(6):1348–65. 

[19] Snyder LV, Max Shen ZJ. Fundamentals of supply chain theory. Hoboken: John
Wiley & Sons; 2019. 

[20] Sinha A, Bernardes E, Calderon R, Wuest T. Digital supply networks: transform
your supply chain and gain competitive advantage with disruptive technology
and reimagined processes. New York City: McGraw Hill; 2020. 

[21] Rad FF, Oghazi P, Palmi’e M, Chirumalla K, Pashkevich N, Patel PC, et al.
Industry 4.0 and supply chain performance: a systematic literature review of
the benefits, challenges, and critical success factors of 11 core technologies.
Ind Mark Manage 2022;105:268–93. 

[22] Hoffmann T, Prause G. On the regulatory framework for last-mile delivery
robots. Machines 2018;6(3):33. 

[23] Hu H, Zhang Y, Wei J, Zhan Y, Zhang X, Huang S, et al. Alibaba vehicle routing
algorithms enable rapid pick and delivery. INFORMS J Appl Anal 2022;52
(1):27–41. 

[24] He L, Liu S, Max Shen ZJ. Smart urban transport and logistics: a business
analytics perspective. Prod Oper Manag 2022;31(10):3771–87. 

[25] Bertsimas D, Kallus N. From predictive to prescriptive analytics. Manag Sci
2020;66(3):1025–44. 

[26] Biller B, Yi J, Biller S. A practitioner’s guide to digital twin development. In: Shier 
DR, editor. Tutorials in operations research: advancing the frontiers of OR/MS: 
frommethodologies to applications. Catonsville: Institute for Operations R esearch
and the Management Sciences (INFORMS); 2023. p. 198–227.

[27] Kalagnanam J, Phan DT, Murali P, Nguyen LM, Zhou N, Subramanian D, et al.
AI-based real-time site-wide optimization for process manufacturing.
INFORMS J Appl Anal 2022;52(4):363–78. 

[28] Wang L, Deng T, Zheng Z, Max Shen ZJ. Explainable modeling in digital twin. 
In: Proceedings of the 2021 Winter Simulation Conference (WSC); 2021 Dec
12–15; Phoenix, AZ, USA. New York City: IEEE; 2021. p. 1–12.

[29] Lei D, Hu H, Geng D, Zhang J, Qi Y, Liu S, et al. New product life cycle curve
modeling and forecasting with product attribute and promotion: a Bayesian
functional approach. Prod Oper Manag 2023;32(2):655–73. 

[30] Makridakis S, Spiliotis E, Assimakopoulos V. M5 accuracy competition: results,
findings, and conclusions. Int J Forecast 2022;38(4):1346–64. 

[31] Lei D, Qi Y, Liu S, Geng D, Zhang J, Hu H, et al. Pooling and boosting for demand
prediction in retail: a transfer learning approach. Manuf Serv Oper Manag
2024;27(6):1779–94.

http://refhub.elsevier.com/S2095-8099(26)00048-2/h0005
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0005
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0010
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0010
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0015
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0015
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0020
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0020
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0025
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0025
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0025
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0030
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0030
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0035
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0035
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0040
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0040
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0045
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0045
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0050
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0050
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0055
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0055
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0055
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0060
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0060
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0065
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0065
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0070
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0070
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0075
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0075
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0075
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0085
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0085
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0085
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0090
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0090
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0095
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0095
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0100
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0100
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0100
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0105
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0105
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0105
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0105
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0110
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0110
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0115
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0115
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0115
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0120
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0120
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0125
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0125
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0135
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0135
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0135
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0145
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0145
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0145
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0150
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0150
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0155
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0155
http://refhub.elsevier.com/S2095-8099(26)00048-2/h0155


Z.-J.M. Shen and S. Lin Engineering xxx (xxxx) xxx
[32] Finn C, Levine S, Abbeel P. Guided cost learning: deep inverse optimal control
via policy optimization. PMLR 2016;48:49–58. 

[33] Qi M, Shi Y, Qi Y, Ma C, Yuan R, Wu D, et al. A practical end-to-end inventory
management model with deep learning. Manag Sci 2023;69(2):759–73. 

[34] Hu H, Qi Y, Lee HL, Max Shen ZJ, Liu C, Zhu W, et al. Supercharged by advanced
analytics, JD.com attains agility, resilience, and shared value across its supply
chain. INFORMS. J Appl Anal 2024;54(1):54–70. 

[35] Gijsbrechts J, Boute RN, Van Mieghem JA, Zhang DJ. Can deep reinforcement
learning improve inventory management? Performance on lost sales, dual-
sourcing, and multi-echelon problems. Manuf Serv Oper Manag 2022;24
(3):1349–68. 

[36] Oroojlooyjadid A, Snyder LV, Takáč M. Applying deep learning to the
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