
Int.	J	Sup.	Chain.	Mgt	 	 Vol.	15,	No.	3,	June	2026	

23 

Agentic AI in Supply Chain Orchestration: 
Towards a Framework for Autonomous, 

Resilient, and Intelligent Supply Networks 
Piu Ghosh 

Apple Supply Chain & CapEx Management, Cupertino, California, USA 
piughosh.ju@gmail.com 

 

Received: Jun 07, 2026, Revised: Jun 24, 2026, Accepted: Jun 26, 2026, Published Online: Jun 29, 2026 
Reviewers: Anonymous Peer Review 
Citation: Ghosh, P. (2026). Agentic AI in Supply Chain Orchestration: Towards a Framework for Autonomous, 

Resilient, and Intelligent Supply Networks.  International Journal of Supply Chain Management, 15(3), 
23-35, https://doi.org/10.59160/ijscm.v15i3.6410     

 

Abstract— Global supply chains face unprecedented 
complexity and volatility, accelerating demand for adaptive 
management systems beyond human-in-the-loop AI. This 
paper examines agentic AI — AI systems capable of 
autonomous, goal-directed behavior across multi-step tasks 
— as applied to end-to-end supply chain orchestration. 
Unlike conventional AI tools that recommend actions for 
human execution, agentic AI systems independently 
perceive supply chain states, reason about optimal 
interventions, and execute decisions across procurement, 
inventory, logistics, and risk management functions. 
Drawing on emerging literature and practitioner 
experience managing supply chain operations at scale, this 
paper makes four principal contributions. First, it traces 
the evolution from assistive AI to autonomous agents, 
establishing a conceptual foundation for understanding the 
transformative shift underway. Second, it examines the 
architectural components of multi-agent supply chain 
systems, detailing how specialized agents collaborate within 
enterprise infrastructure. Third, it maps key application 
domains where agentic AI is generating measurable 
operational impact. Fourth, it proposes the STAR 
Framework — comprising Structure, Trust, Adaptation, 
and Resilience — as a governance architecture for 
responsible deployment. The paper further introduces an 
Autonomy Decision Matrix that calibrates agent authority 
to risk exposure and decision certainty, and critically 
examines the Deskilling Hypothesis as a counter-theoretical 
challenge to autonomous supply chain management. Three 
illustrative case applications validate the framework's 
practical relevance. Implications for practitioners, 
organizational designers, and researchers are discussed. 
Keywords— Agentic AI, Supply Chain Orchestration, Multi-
Agent Systems, Autonomous Supply Chain, AI Governance, 
Supply Chain Resilience, Intelligent Automation, Large 
Language Models, STAR Framework, Decision Autonomy 
 
 

1. Introduction 
 
The global supply chain landscape has undergone a 
seismic transformation over the past decade. Driven by 
digital technology and geopolitical disruption, 
organizations have been compelled to rethink their 
supply chain architectures from the ground up. The 
COVID-19 pandemic of 2020–2021 served as perhaps 
the most dramatic demonstration of how fragile 
modern, efficiency-optimized supply chains can be 
when confronted with systemic, unanticipated shocks 
[1]. Subsequent disruptions — the Russia-Ukraine 
conflict, semiconductor shortages, port congestion 
crises, and climate change-related extreme weather — 
have continued to expose the limitations of supply 
chain systems built primarily for efficiency rather than 
resilience [2]. 
Against this backdrop, AI tools have been widely 
deployed across demand forecasting, supplier risk 
assessment, route optimization, and inventory 
management [3]. However, the majority of these 
applications have remained fundamentally assistive: 
generating recommendations that human managers 
then act upon. The human remains in the loop, retaining 
decision authority and accountability. 
 
A fundamental shift is now underway. The emergence 
of agentic AI — AI systems capable of autonomous, 
goal-directed behavior across multi-step tasks — is 
creating conditions for a radically different model of 
supply chain management [4]. Powered by advances in 
large language models, reinforcement learning, and 
multi-agent orchestration frameworks, agentic AI 
systems can now independently plan, decide, and 
execute complex supply chain actions: negotiating with 
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suppliers, rebalancing inventory, rerouting shipments, 
and triggering procurement workflows within seconds 
and at a scale no human team could match [5]. 
 
Yet the academic literature on agentic AI in supply 
chain contexts remains remarkably sparse. While 
substantial work exists on AI-assisted decision-making 
and robotic process automation, the specific 
phenomenon of multi-agent autonomous orchestration 
of end-to-end supply chain operations has received 
minimal scholarly attention as of 2025–2026 [7]. This 
represents a significant gap, particularly given how 
rapidly the technology is being adopted. 
 
This paper seeks to begin filling that gap. The 
objectives are fourfold: first, to define agentic AI and 
situate it within the broader evolution of AI in supply 
chain management; second, to examine the 
architectural components that enable agentic AI to 
orchestrate supply chain operations; third, to explore 
key application domains where agentic AI is generating 
measurable impact; and fourth, to propose a conceptual 
framework — the STAR Framework — for responsible 
deployment. Drawing on the author's experience 
managing supply chain operations and capital 
expenditure programs at one of the world's most 
complex hardware supply chains, this paper bridges the 
gap between emerging AI capabilities and the 
operational realities of enterprise supply chain 
management. 
 
2. Literature Review 
 
2.1 The Evolution of AI in Supply Chain 
Management 
 
The integration of AI into supply chain management 
spans several decades. Early applications were 
confined to rule-based expert systems automating 
narrow tasks such as reorder point calculations or basic 
routing decisions [8]. These systems were effective 
within defined parameters but lacked the capacity to 
adapt to novel situations. 
 
The proliferation of machine learning in the 2000s and 
2010s marked the next evolutionary stage. Deep 
learning architectures were applied to demand 
forecasting, anomaly detection, price optimization, and 
predictive maintenance [9]. The advent of big data 
platforms, cloud computing, and the Internet of Things 
further expanded scope by increasing the volume, 
velocity, and variety of available data [11]. Supply 

chain visibility improved as sensors, RFID, GPS 
tracking, and connected devices generated real-time 
signals across transportation, warehousing, and 
manufacturing [12]. 
 
Despite these advances, a critical limitation persisted: 
the human remained essential to the decision-execution 
loop. AI systems could identify patterns and 
recommend actions, but translation into actual supply 
chain interventions required human authorization [13]. 
This human-in-the-loop model provided safeguards but 
introduced latency, cognitive bottlenecks, and 
scalability constraints. 
 
The scale of this limitation becomes apparent when 
considering the decision density of modern supply 
chains. A large consumer electronics manufacturer may 
manage over 10,000 active SKUs across more than 200 
suppliers, more than 50 logistics partners, and multiple 
distribution echelons spanning three or more 
continents. The number of interdependent decisions 
required daily — purchase order timing, inventory 
allocation, carrier selection, demand signal 
interpretation — can easily exceed 100,000, far beyond 
the cognitive capacity of even large human planning 
teams [10]. It is this decision density, combined with 
the speed at which disruptions propagate through 
interconnected supply networks, that creates the 
fundamental case for moving beyond human-in-the-
loop AI toward autonomous agents. 
 
2.2 Defining Agentic AI 
 
The term "agentic AI" refers to AI systems that exhibit 
agency — the capacity to act autonomously on behalf 
of goals without requiring human direction at each step 
[14]. While autonomous agents have roots in classical 
AI research, the modern incarnation has been 
transformed by large language models and 
sophisticated tool-use frameworks enabling AI systems 
to interact with APIs, databases, software systems, and 
other AI agents [5]. 
 
Several characteristics distinguish agentic AI from 
earlier supply chain AI. First, goal-directed autonomy: 
interpreting high-level objectives such as "minimize 
total landed cost while maintaining a service level of 
ninety-nine percent" and independently executing 
required action sequences [15]. Second, multi-step 
reasoning: planning across extended action sequences 
and adapting dynamically. Third, tool-use capability: 
interfacing with ERP platforms, supplier portals, 
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logistics systems, and market data feeds [4]. Fourth, 
multi-agent coordination: networks of specialized AI 
agents collaborating to manage different supply chain 
domains in parallel [16]. 
 
The rapid development of large language models — 
GPT-4, Claude, Gemini — has been particularly 
catalytic, bringing natural language capabilities that 
enable agents to interpret supplier communications, 
draft contract terms, read regulatory documents, and 
interact with human stakeholders [17]. 
 
2.3 Supply Chain Orchestration 
 
Supply chain orchestration refers to the coordinated 
management of all activities, information flows, 
material flows, and financial flows across the end-to-
end supply chain [18]. It goes beyond optimizing 
individual nodes, encompassing dynamic, real-time 
coordination of the entire network in response to both 
planned demand signals and unplanned disruptions. 
Traditional planning approaches — S&OP, MRP, APS 
— were designed for relatively stable environments 
and struggle with contemporary volatility [20]. 
Effective orchestration demands real-time visibility, 
disruption sensing, rapid scenario analysis, and 
coordinated interventions across multiple functions 
simultaneously [21] — precisely the capabilities 
agentic AI is designed to deliver. 
 
The distinction between optimization and orchestration 
is important for understanding the value proposition of 
agentic AI. Traditional AI applications optimize 
individual supply chain functions in isolation: a 
demand forecasting model improves forecast accuracy; 
a routing algorithm reduces transportation costs; a 
supplier scoring model improves sourcing decisions. 
Orchestration, by contrast, requires coordinating across 
these functions in real time, recognizing that a change 
in demand signals should simultaneously trigger 
adjustments in procurement plans, inventory positions, 
logistics schedules, and risk assessments. This cross-
functional coordination at speed is where human-
managed and single-function AI approaches reach their 
limits, and where multi-agent agentic AI systems offer 
a qualitatively different capability [20]. 
 
2.4 Multi-Agent Systems in Supply Chain Contexts 
 
Multi-agent systems (MAS) comprise multiple 
interacting autonomous agents working within a shared 
environment [22]. MAS concepts have been explored 

in the supply chain literature since the late 1990s, with 
early work demonstrating the potential for agent-based 
modeling to simulate supply chain dynamics [23]. 
However, earlier applications were constrained by 
agents that could follow predefined rules but lacked 
general reasoning [24]. Contemporary multi-agent 
systems built on LLM foundations can be assigned 
specialized roles and orchestrated by a higher-level 
coordinating agent that decomposes goals, monitors 
progress, resolves conflicts, and synthesizes outputs 
into coherent interventions [16]. 
 
2.5 Gaps in the Existing Literature 
 
Despite rapid technological advancement, peer-
reviewed literature on agentic AI in supply chain 
contexts remains underdeveloped as of early 2026 [7]. 
Three gaps are particularly notable: the absence of 
conceptual frameworks for deploying agentic AI in 
supply chain contexts; virtually no empirical research 
documenting performance outcomes; and unresolved 
questions about accountability and oversight when AI 
agents make consequential decisions autonomously. 
This paper addresses these gaps. 
 
3. Agentic AI Architecture for Supply Chain 
Orchestration 
 
3.1 The Perception-Reasoning-Action Loop 
 
At the core of any agentic AI system is the perception-
reasoning-action loop [27]. In the perception phase, the 
system continuously ingests data from internal sources 
(ERP, WMS, TMS, supplier portals, IoT networks) and 
external sources (market pricing, geopolitical risk 
feeds, weather data, news streams, port status reports) 
[28]. In the reasoning phase, the system interprets 
perceived data, assesses supply chain state against 
objectives, identifies deviations or emerging risks, and 
generates a plan through multi-step deliberative 
reasoning [15]. This distinguishes agentic AI from 
robotic process automation, which follows rigid scripts 
without adaptive reasoning. In the action phase, the 
system executes its plan by interfacing with external 
systems — issuing purchase orders, rerouting 
shipments, adjusting inventory parameters, or 
escalating risks to human managers [29]. 
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3.2 Multi-Agent System Design 
 
In a fully developed architecture, the perception-
reasoning-action loop is replicated across multiple 
specialized agents. 
 
A Demand Sensing Agent maintains a real-time 
demand picture across SKUs, geographies, and 
channels, autonomously adjusting signals feeding into 
inventory and procurement planning [30]. A 
Procurement Agent monitors supplier performance, 
pricing, and risk indicators, autonomously initiating 
RFP processes and triggering alternative sourcing when 
primary suppliers are at risk [31]. An Inventory 
Orchestration Agent dynamically adjusts safety stock 
levels and repositions inventory across nodes [32]. A 
Logistics Coordination Agent monitors carrier 
performance, weather, and shipment exceptions, 
autonomously rerouting shipments [33]. A Risk 
Intelligence Agent continuously scans for emerging 
supply continuity risks and coordinates contingency 
responses [34]. These specialized agents are 
coordinated by an Orchestrator Agent that maintains 
visibility of overall objectives, resolves inter-agent 
conflicts, and ensures collective behavior remains 
aligned with organizational strategy [16]. 
 
3.3 Integration with Enterprise Infrastructure 
 
Agentic AI systems do not replace existing 
infrastructure but sit above it as an intelligent 
orchestration layer, using APIs and integration 
connectors to read from and write actions back to ERP, 
TMS, WMS, and supplier collaboration portals [35]. 
Through function calling and API integration 
frameworks, agents are given access to specific, 
permissioned interfaces. The design of this integration 
layer — what actions agents may execute 
autonomously versus what requires human approval — 
is one of the most consequential governance decisions 
in deployment [36]. 
 
From a practical implementation perspective, the 
integration architecture must address three critical 
requirements. First, data latency: agentic AI systems 
require near-real-time data feeds to make timely 
decisions, yet many enterprise systems were designed 
for batch-oriented data exchange. Bridging this gap 
often requires event-driven integration architectures 
and streaming data pipelines that sit alongside, rather 
than replace, existing batch processes. Second, action 
authorization: every system interface through which an 

agent can execute actions — submitting a purchase 
order, adjusting an inventory parameter, rerouting a 
shipment — must have clearly defined authorization 
controls specifying maximum transaction values, 
permissible parameter ranges, and conditions requiring 
human approval. Third, rollback capability: because 
autonomous agents can execute actions at speed, the 
integration architecture must support rapid reversal of 
erroneous actions, including automated detection of 
anomalous execution patterns that trigger automatic 
suspension of agent authority pending human review 
[35]. 
 
4. Applications of Agentic AI in Supply Chain 
Orchestration 
 
4.1 Autonomous Procurement and Supplier 
Management 
 
Procurement is among the most information-intensive 
supply chain functions, making it a natural early 
application domain. At the transactional level, 
procurement agents can autonomously manage the 
purchase-to-pay cycle for routine categories — 
generating orders, tracking confirmations, managing 
exceptions, and processing invoices [31]. At the 
strategic level, agentic AI performs continuous market 
intelligence, identifying opportunities to renegotiate 
terms or diversify the supply base. 
 
A particularly high-value application is supplier risk 
management. By continuously monitoring financial 
health indicators, delivery performance, geopolitical 
risk, and news sentiment, a supplier risk agent can 
identify vulnerabilities weeks before they surface 
through conventional monitoring [38]. When 
thresholds are exceeded, the agent autonomously 
initiates contingency sourcing without waiting for 
human analysis. 
 
The economic case for autonomous procurement is 
compelling. Industry estimates suggest that 
procurement professionals spend sixty to seventy 
percent of their time on transactional activities — 
purchase order management, invoice reconciliation, 
delivery tracking, and exception handling — that are 
well-suited for autonomous execution [31]. By 
automating these activities, agentic AI frees 
procurement talent to focus on strategic supplier 
development, category strategy, and innovation 
sourcing, where human judgment and relationship 
management create genuine competitive advantage. 
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Early adopters report that this rebalancing of human 
effort from transactional to strategic work generates 
returns that extend well beyond direct cost savings. 
 
4.2 Dynamic Inventory Management 
 
Inventory management requires balancing stockout risk 
against holding cost across hundreds of SKUs, multiple 
network echelons, and uncertain demand [39]. 
Traditional approaches struggle when demand shifts 
rapidly or supply disruptions alter lead times without 
warning [40]. Agentic AI moves from periodic batch 
planning to continuous real-time orchestration: 
monitoring demand across channels, autonomously 
adjusting reorder points and safety stock, and 
coordinating inventory repositioning across the 
distribution network [32]. 
 
A critical advantage of agentic inventory management 
is the ability to execute what might be termed 
"continuous micro-adjustments" — small, frequent 
inventory positioning changes that collectively 
maintain optimal service levels far more effectively 
than the periodic, large-scale rebalancing typical of 
traditional planning cycles. Where a conventional MRP 
system might recalculate reorder points weekly or 
monthly, an agentic inventory system can adjust 
parameters for individual SKUs at individual locations 
multiple times per day, responding to real-time demand 
signals, supplier lead time changes, and emerging risk 
indicators. This granularity of response is impossible 
for human planners to achieve at scale, yet it generates 
meaningful improvements in both service levels and 
inventory carrying costs [40]. 
 
4.3 Logistics Orchestration 
 
Logistics operations are characterized by high-volume 
real-time decisions, tight time constraints, and complex 
interdependencies [33]. Agentic logistics systems 
continuously reoptimize routing and load plans in 
response to traffic, weather, carrier capacity, and 
shipment exceptions. Unlike static TMS optimization 
runs, agentic systems respond to disruptions within 
seconds, initiating rerouting, carrier substitution, or 
customer communication autonomously [41]. In last-
mile delivery, route plans are continuously updated as 
orders are received and delivery attempts are processed 
[42]. 
 
 
 

4.4 Risk Detection and Autonomous Mitigation 
 
Agentic AI creates the possibility of genuinely self-
defending supply chains — capable of detecting risk 
signals, assessing impact, and initiating mitigation 
faster than any human process [34]. When a significant 
risk is detected — such as supplier financial distress, 
port closure, or a geopolitical event — the risk agent 
triggers a coordinated response: the procurement agent 
initiates emergency sourcing; the inventory agent 
adjusts safety stock; the logistics agent pre-positions 
inventory; and human escalation is triggered 
simultaneously [44]. 
 
The speed advantage of autonomous risk mitigation is 
difficult to overstate. In conventional supply chain risk 
management, the time from risk signal detection to 
coordinated organizational response typically spans 
days or weeks as information flows through reporting 
hierarchies, cross-functional meetings are convened, 
options are analyzed, and decisions are communicated 
back through execution teams. In an agentic AI 
environment, the equivalent cycle can be compressed 
to minutes: the risk intelligence agent detects the signal, 
assesses severity against predefined criteria, and 
simultaneously activates response protocols across 
procurement, inventory, and logistics agents while 
notifying human leadership. This compression of 
response time from days to minutes represents a step-
change in supply chain resilience that is qualitatively 
different from the incremental improvements offered 
by traditional risk management technology [34]. 
 
An important design consideration for autonomous risk 
mitigation is the definition of risk response 
proportionality. Not every risk signal warrants a full 
multi-agent response. The risk intelligence agent must 
be designed to calibrate its response intensity to the 
assessed severity and probability of the detected risk, 
triggering graduated response protocols that range from 
enhanced monitoring for emerging, low-probability 
risks to full contingency activation for confirmed, high-
impact disruptions. Over-responding to low-grade risk 
signals can itself become a source of supply chain 
instability, as unnecessary safety stock increases, 
emergency sourcing activities, and logistics rerouting 
introduce costs and complexity that erode the 
efficiency gains the system is designed to deliver. 
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4.5 Supply Chain Finance 
 
Supply chain finance is an emerging application 
domain. An agentic system continuously monitors 
payment timing opportunities, dynamically offering 
early payment at discount rates where return exceeds 
the organization's hurdle rate, while managing 
collections to optimize cash flow. It can integrate with 
risk monitoring to identify financially stressed 
suppliers for whom early payment secures both supply 
continuity and relationship depth [46]. 
 
5. Challenges and Risks 
 
5.1 Trust, Accountability, and Explainability 
 
The most fundamental challenge is trust. Organizations 
need to understand why autonomous decisions are 
being made in order to identify errors, learn from 
failures, and maintain accountability [47]. While LLM-
based agents can generate natural language 
explanations, the degree to which these accurately 
reflect actual computational processes remains 
uncertain — the "black box" challenge [48]. 
Organizations deploying agentic AI must invest in 
explainability infrastructure: decision logging, 
reasoning trace capture, and human-readable audit 
trails. 
 
5.2 Governance and Human Oversight 
 
Conventional supply chain governance assumes human 
decision-makers at key control points. Agentic AI 
disrupts this by distributing decision authority across 
autonomous agents, creating accountability ambiguity 
[49]. Effective governance requires: clear autonomy 
boundaries; continuous monitoring for out-of-bounds 
performance [51]; defined escalation protocols; and 
explicit accountability ownership for system design, 
operation, and outcomes [47]. 
 
5.3 Human-AI Collaboration and Workforce 
Implications 
 
The most productive model is not wholesale 
replacement but reconfiguration of human roles toward 
tasks beyond AI capability: creative problem-solving in 
novel situations, relationship management requiring 
emotional intelligence, ethical judgment, and strategic 
direction-setting [53]. Talent development must build 
skills for designing, monitoring, and collaborating with 
agentic systems [54]. 

5.4 Data Quality and Security 
 
Agentic systems are only as reliable as the data they 
consume. In conventional AI, poor data quality leads to 
inaccurate recommendations that humans can filter. In 
agentic AI, poor data leads directly to harmful 
autonomous actions executed at speed [55]. Ensuring 
trustworthy data requires investment in master data 
management, data lineage tracking, and anomaly 
detection [56]. Cybersecurity is a distinct concern: 
adversarial data manipulation could cause damaging 
autonomous actions without human detection [57]. 
 
5.5 The Deskilling Hypothesis A Counter-
Theoretical Perspective 
 
Intellectual rigor demands engagement with a 
fundamental counter-argument. The Deskilling 
Hypothesis posits that agentic AI, rather than 
augmenting human capability, will progressively erode 
the expertise organizations need most when 
autonomous systems fail. 
 
As organizations delegate decisions to agentic AI, 
human professionals progressively lose the tacit 
knowledge, operational judgment, and situational 
awareness needed to manage supply chains without AI 
assistance. This creates a self-reinforcing dependency: 
the more capable the AI, the less capable the workforce, 
until AI failure during a crisis leaves the organization 
with neither functional automation nor competent 
human backup [52]. 
 
This concern is not theoretical. Aviation research has 
documented how pilots relying on autopilot 
progressively lose manual proficiency, with potentially 
catastrophic consequences during automation failure 
[T8]. Ref. [T8] further observed that automated 
systems tend to fail at exactly the moments when 
human skill is most critically needed. In supply chains, 
the risk is acute for three reasons: supply chain 
expertise is predominantly tacit, accumulated through 
operational experience rather than manuals [53]; 
situations demanding human expertise are precisely the 
novel events most likely to exceed AI competence; and 
skill atrophy may be insidiously gradual, unrecognized 
until a crisis exposes it. 
 
Ref. [T7] documented how automation creates skill 
polarization, eliminating the middle-skill cognitive 
roles that form talent pipeline backbones. Junior 
professionals who would have built expertise through 
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hands-on procurement, inventory, and logistics 
decisions will instead monitor dashboards, 
accumulating supervisory experience rather than 
operational mastery. 
 
The STAR Framework addresses this through the 
Adaptation pillar's human learning dimension, 
mandating continuous capture of human expertise into 
agent knowledge bases, preservation of decision-
making practice through simulation exercises and 
manual override drills, and maintenance of meaningful 
human roles. Nevertheless, the Deskilling Hypothesis 
serves as an important caution that agentic AI adoption 
is not automatically beneficial for organizational 
capability. 
 
6. The STAR Framework 
 
To guide responsible deployment of agentic AI in 
supply chain operations, this paper proposes the STAR 
Framework, consisting of four interconnected pillars: 
Structure, Trust, Adaptation, and Resilience. Together, 
these provide a governance foundation balancing 
autonomous decision-making with accountability, 
continuous learning, and operational robustness. 
 
6.1 Structure 
 
Structure defines how the agentic AI ecosystem is 
designed, governed, and integrated into enterprise 
operations. Key dimensions include: multi-agent 
architecture and agent specialization; integration with 
ERP, TMS, WMS, and supplier systems; data 
governance and interoperability; agent communication 
protocols; and autonomy boundaries. 
 
A critical component is the Autonomy Decision Matrix, 
which calibrates agent authority to risk exposure and 
decision certainty. As risk increases and certainty 
decreases, decision authority shifts progressively from 
autonomous agents toward human operators. 
 
 
 
 
 
 
 
 
 
 
 

Table 1: Autonomy Decision Matrix 
 

 
 
6.2 Trust 
 
Trust encompasses governance mechanisms that create 
confidence in autonomous systems among all 
stakeholders. Key dimensions include: explainability 
and interpretability of agent decisions; decision logging 
and audit trails; accountability frameworks; 
compliance monitoring; and transparency of agent 
behavior. Trust is built progressively: organizations 
first observe, then verify outcomes, and finally rely on 
agents for consequential action as confidence 
accumulates [47]. 
 
The progressive nature of trust-building cannot be 
overstated. Organizations that attempt to deploy fully 
autonomous supply chain agents without first 
establishing trust through a controlled observation 
period consistently encounter resistance from 
operational teams, supplier partners, and executive 
leadership. The recommended trust-building sequence 
begins with a shadow period where agents generate 
recommendations that are logged but not executed, 
allowing human planners to compare agent 
recommendations against their own decisions. This is 
followed by a supervised autonomy period where 
agents execute low-risk decisions with real-time human 
monitoring. Only after sustained demonstrated 
performance should organizations expand agent 
authority to higher-risk decision categories. This 
progression typically spans six to twelve months for the 
initial deployment domain and can be accelerated for 
subsequent domains as organizational confidence 
matures. 
 
 
 
 



Int.	J	Sup.	Chain.	Mgt	 	 Vol.	15,	No.	3,	June	2026	

30 

6.3 Adaptation 
 
Adaptation refers to the system's capacity for 
continuous improvement as conditions evolve. Key 
dimensions include: performance monitoring and KPI 
tracking; model drift detection and retraining; 
feedback-loop learning from operational outcomes; 
integration of human expertise and domain knowledge; 
and scenario simulation and stress-testing. The 
adaptation cycle follows a continuous loop: Deploy, 
Monitor, Evaluate, Retrain, Redeploy [51]. 
 
6.4 Resilience 
 
Resilience addresses the ability of both the supply chain 
and AI ecosystem to withstand disruptions. Key 
dimensions include: supply chain redundancy and 
contingency planning; fail-safe mechanisms and 
fallback procedures; cybersecurity and adversarial 
robustness; business continuity planning; and crisis 
escalation protocols. The resilience spectrum 
progresses from Absorb through Adapt, Recover, 
Learn, and Transform [44]. 
 
6.5 Expected Outcomes 
 
Table 2: STAR Framework Expected Outcomes 

 
Organizations can therefore expect improvements in 
operational efficiency, decision speed, service 
performance, compliance, and supply chain resilience 
while maintaining appropriate human oversight of 
autonomous operations. The STAR Framework offers 
a practical and scalable approach for governing agentic 
AI in supply chains, enabling organizations to capture 
the full benefits of autonomy while preserving 
accountability, adaptability, and operational 
robustness. 
 
 

7. Framework Validation Illustrative Applications 
While large-scale empirical validation of the STAR 
Framework awaits future research, three illustrative 
applications drawn from practitioner observation 
demonstrate its practical relevance. 
 
7.1 Autonomous Procurement in Consumer 
Electronics 
 
A major consumer electronics manufacturer deployed 
agentic AI procurement agents to manage commodity 
purchasing for components with stable specifications 
and multiple qualified suppliers. The system was 
structured using the Autonomy Decision Matrix: 
routine purchase orders — representing low risk and 
high certainty — were executed autonomously; orders 
exceeding five hundred thousand dollars or involving 
single-source components required human approval. 
 
Within two quarters, the organization reported a 
reduction of twenty-eight percent in procurement cycle 
time, a fifteen percent improvement in supplier on-time 
delivery through real-time monitoring and automatic 
escalation, and a forty percent reduction in procurement 
analyst workload on routine transactions, freeing 
capacity for strategic sourcing activities. Trust was 
maintained through comprehensive decision logging 
and weekly human review of autonomous decisions. 
The Adaptation pillar was operationalized through 
monthly model performance reviews and quarterly 
retraining cycles. 
 
Notably, the deployment surfaced an unexpected 
benefit: the procurement agent's continuous monitoring 
of supplier lead time performance identified a 
systematic pattern of delivery deterioration from three 
suppliers that had not been flagged by the quarterly 
business review process. The agent's real-time 
escalation triggered proactive supplier engagement that 
resolved the underlying capacity constraints before 
they affected production schedules. This pattern — 
autonomous systems surfacing risks that periodic 
human review processes miss — was observed across 
multiple application domains and represents a 
significant but underappreciated value driver of agentic 
AI deployment. 
 
7.2 Dynamic Inventory Repositioning in Retail 
 
A large omnichannel retailer implemented an agentic 
inventory orchestration system across a network of 
more than two hundred stores and twelve distribution 
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centers. The inventory agent continuously monitored 
demand signals by SKU and location, autonomously 
initiating inventory transfers between overstocked and 
understocked nodes. 
 
Key results after three quarters included: a stockout rate 
decrease from four-point-two percent to one-point-
eight percent, a twenty-two percent improvement in 
inventory turns, and a twelve million dollar annual 
reduction in excess inventory holding costs. The 
Resilience pillar was tested during a regional weather 
disruption when the system autonomously pre-
positioned critical inventory ahead of anticipated store 
closures, reducing lost sales by an estimated thirty-five 
percent compared to stores managed under the prior 
manual process. 
 
The inventory repositioning case also highlighted the 
importance of the Adaptation pillar. During the first 
quarter of deployment, the inventory agent initially 
over-reacted to short-term demand spikes, triggering 
excessive inter-store transfers that increased logistics 
costs. The adaptation cycle detected this pattern 
through KPI monitoring, and the agent's decision 
thresholds were recalibrated to distinguish between 
genuine demand shifts and transient fluctuations. By 
the second quarter, transfer frequency had normalized 
and the cost-per-transfer metric improved by eighteen 
percent. This experience underscores that agentic AI 
systems require active performance management, not 
set-and-forget deployment. 
 
7.3 Multi-Agent Risk Response in Semiconductor 
Supply Chain 
 
A global technology company deployed a multi-agent 
risk intelligence system monitoring tier-one and tier-
two semiconductor suppliers. When the risk agent 
detected a supplier's financial distress indicators 
crossing predefined thresholds, it triggered a 
coordinated response: the procurement agent initiated 
qualification of alternative suppliers, the inventory 
agent increased safety stock for affected components, 
and a human escalation was triggered to the VP of 
Supply Chain. 
 
The system identified the risk six weeks before the 
supplier publicly disclosed financial difficulties, 
enabling the organization to secure alternative supply 
before competitors could do so. The estimated cost 
avoidance from preventing production line disruption 
was eighteen million dollars. Importantly, the 

Autonomy Decision Matrix classified this as a "High 
Risk, Low Certainty" scenario, meaning the system 
alerted and recommended actions but required human 
authorization for the strategic sourcing shift — 
demonstrating appropriate governance boundaries in 
practice. 
 
8. Discussion 
 
8.1 Strategic Implications for Practitioners 
 
Organizations that successfully deploy agentic AI 
orchestration will gain competitive advantages in 
disruption response speed, inventory precision, 
procurement cost reduction, and the ability to manage 
complexity at scale [6]. However, the governance, 
trust, and talent challenges documented in this paper 
are significant. Organizations that underestimate them 
risk deploying systems that create new risk categories 
even as they mitigate existing ones [47]. 
 
The STAR Framework provides a structured approach 
to navigating these tradeoffs. Practitioners should begin 
with high-volume, low-risk decision categories — the 
"Act Alone" tier of the Autonomy Decision Matrix — 
build organizational trust through demonstrated 
performance, and progressively expand autonomous 
authority as confidence accumulates. 
 
A common implementation mistake is attempting to 
deploy agentic AI across multiple supply chain 
functions simultaneously. The complexity of managing 
organizational change, building trust, calibrating 
autonomy boundaries, and establishing monitoring 
infrastructure across procurement, inventory, logistics, 
and risk management in parallel typically exceeds 
organizational capacity. The more effective approach, 
validated by the illustrative cases presented in this 
paper, is sequential deployment: establish a fully 
functioning agentic capability in one domain, develop 
organizational learning and governance muscle, and 
then extend to adjacent domains. Each successive 
deployment benefits from the institutional knowledge 
accumulated in prior deployments, accelerating the 
trust-building cycle and reducing implementation risk. 
 
8.2 Implications for Organizational Design 
 
The deployment of agentic AI necessitates a rethinking 
of supply chain organizational structures. Traditional 
hierarchies built around functional specialization — 
procurement, planning, logistics — must evolve toward 
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structures that support human-AI collaboration. New 
roles will emerge: AI system architects who design 
agent behavior and autonomy boundaries; AI 
operations managers who monitor system performance; 
and human-AI liaison roles that manage the interface 
between autonomous systems and external partners — 
suppliers, carriers, and regulators — who may not yet 
be prepared to interact with AI agents directly. 
 
The organizational design implications extend to 
performance management and career development. In 
organizations where agentic AI handles routine 
operational decisions, the definition of supply chain 
professional competence shifts from execution 
proficiency toward system design, exception 
management, and strategic judgment. Performance 
metrics must evolve accordingly: rather than measuring 
a procurement manager on purchase order throughput 
or a planner on forecast accuracy, organizations should 
measure their ability to design effective agent 
guardrails, identify system blind spots, and make high-
quality decisions in the exceptional scenarios that 
agents escalate to human judgment. This requires a 
fundamental rethinking of supply chain talent 
development pipelines and career progression models. 
 
8.3 Military Logistics Parallel 
 
Military logistics has long embodied principles that 
agentic AI now promises for commercial contexts: 
mission-critical decision urgency, operation under 
extreme uncertainty, multi-echelon coordination, and 
simultaneous forward and reverse logistics 
management [58]. Agentic AI may be best understood 
as the technology that makes it feasible for commercial 
supply chains to approach the operational resilience 
military logistics has always demanded, but that 
commercial efficiency-optimization has historically 
traded away. 
 
The military parallel also offers a cautionary lesson 
about the limits of automation. Military doctrine has 
consistently maintained the principle of "command 
intent" — the idea that subordinate units must 
understand the higher-level objective well enough to 
exercise autonomous judgment when communications 
are disrupted or circumstances change unexpectedly 
[58]. This principle maps directly to the design of 
agentic AI supply chain systems: agents must be 
designed not merely to follow predefined rules but to 
understand the higher-level supply chain objectives 
well enough to make reasonable decisions in novel 

situations that their designers did not anticipate. 
Achieving this level of adaptive intelligence remains 
one of the most significant technical challenges in the 
field. 
 
8.4 Future Research Directions 
 
The field is at a genuinely early stage. Several research 
questions merit attention: What autonomy boundary 
configurations produce the best combination of 
performance and risk management? How do 
organizational culture and change management 
influence deployment success? How do external 
partners respond to interacting with AI agents rather 
than human counterparts? How should regulatory 
frameworks for supply chain due diligence, financial 
controls, and data protection adapt to autonomous AI 
decision-making? Longitudinal case study research 
documenting deployments — including failures — 
would provide invaluable learning. 
 
Additionally, the interaction between agentic AI 
systems across organizational boundaries represents a 
particularly fertile area for investigation. As multiple 
organizations within a supply network independently 
deploy autonomous agents, the potential for emergent 
behavior — including unintended cascading effects 
when agents across organizations respond 
simultaneously to shared risk signals — becomes a 
significant concern. Understanding and governing 
these inter-organizational agent dynamics will be 
essential as agentic AI adoption scales beyond 
individual enterprises to supply network ecosystems. 
 
9. Conclusion 
 
This paper has examined agentic AI in supply chain 
orchestration, a development representing one of the 
most significant transformations in supply chain 
management since the advent of enterprise resource 
planning. Agentic AI — characterized by autonomous 
goal-directed behavior, multi-step reasoning, tool-use 
capability, and multi-agent coordination — offers 
transformative potential across the full spectrum of 
supply chain functions. 
 
This paper has made four principal contributions to the 
emerging literature on agentic AI in supply chain 
management. By tracing the evolution from assistive 
AI to fully autonomous agents, it establishes a 
conceptual foundation that situates agentic AI within 
the broader arc of supply chain technology 
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development. By examining the architectural 
components that enable autonomous orchestration — 
the perception-reasoning-action loop, multi-agent 
system design, and enterprise integration requirements 
— it provides practitioners with a technical basis for 
deployment planning. By mapping the key application 
domains where agentic AI is generating measurable 
impact — autonomous procurement, dynamic 
inventory management, logistics orchestration, risk 
mitigation, and supply chain finance — it offers a 
practical roadmap for where organizations should focus 
initial deployment efforts. Finally, by proposing the 
STAR Framework and its associated Autonomy 
Decision Matrix, it provides a governance architecture 
that balances the performance benefits of autonomous 
decision-making with the accountability, transparency, 
and human oversight that responsible deployment 
demands. 
 
Critically, this paper has also engaged with the 
Deskilling Hypothesis, arguing that responsible 
deployment must actively preserve human expertise 
rather than passively allowing it to atrophy. The STAR 
Framework's Adaptation pillar directly addresses this 
concern through mandated human learning integration, 
simulation exercises, and maintenance of meaningful 
human roles in supply chain decision-making. 
 
Ensuring that agentic AI serves to strengthen rather 
than destabilize global supply systems is among the 
most important management challenges of the coming 
decade. This paper offers both a conceptual foundation 
and a practical starting point for meeting that challenge. 
For practitioners, the immediate action is clear: begin 
building organizational capability for agentic AI 
adoption now, even if full-scale deployment is months 
or years away. This means investing in data quality 
infrastructure, developing AI literacy across the supply 
chain workforce, piloting limited-scope autonomous 
agents in low-risk decision domains, and building the 
governance frameworks that will be essential when 
autonomy scales. Organizations that wait for the 
technology to mature before building organizational 
readiness will find themselves at a significant 
competitive disadvantage. The STAR Framework, the 
Autonomy Decision Matrix, and the progressive trust-
building approach described in this paper provide a 
practical roadmap for this journey.  
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