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Abstract 

In contemporary supply chains, performance degradation arises not from 

insufficient predictive capability but from a structural gap between decision 

intelligence and operational execution, termed the “Advisory Trap.” This trap 

extends behavioral operations constructs, such as automation bias and 

algorithm aversion, by emphasizing system-level decision latency within 

organizational hierarchies, fragmented rights, and workflow delays that 

decouple algorithmic recommendations from action. To address this, the study 

introduces the Autonomous Inventory Reflex (AIR), a cybernetically informed 

framework that transforms inventory management from recommendation-

based support to governed autonomous execution. It integrates artificial 

intelligence, reinforcement learning, and adaptive control to enable continuous 

sensing, policy formation, and constrained execution within the operational and 

regulatory boundaries. To address the accountability gap, the AIR implements 

a responsibility attribution model in which failures are traceable across the 

sensing, policy, and execution layers, supported by human-in-the-loop 

supervision and escalation protocols, ensuring that critical decisions remain 

auditable and subject to intervention. The framework was evaluated using 

simulation-based validation and reinforcement learning benchmarks to ensure 

comparability with state-of-the-art methods. This contributes to the behavioral 

operations extension of the Advisory Trap, a governance-aware architecture for 

autonomous inventory, and an accountability framework for autonomous 

supply chain execution. 
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Introduction: The Advisory Trap Challenge and the Necessity of Autonomy 

In contemporary supply chain systems, competitive advantage increasingly depends not only 

on the quality of predictive intelligence but also on the capacity to convert that intelligence 

into coordinated operational action with minimal delay. Research in operations and supply 

chain management has consistently demonstrated that as network complexity expands across 

multiple echelons, organizations encounter persistent trade-offs between analytical 

sophistication and responsiveness. Decision speed is frequently constrained by approval 

structures, cross-functional dependencies, and distributed governance mechanisms that 
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introduce latency between information generation and operational intervention (Ivanov, 2009, 

p. 4007). Simultaneously, behavioral operations research has shown that superior algorithmic 

recommendations do not automatically translate into organizational action. Decision-makers 

often discount, modify, or reject algorithmic outputs despite demonstrable performance 

advantages, a phenomenon widely recognized as algorithm aversion (Dietvorst et al., 2015). 

Collectively, these findings indicate that the value of artificial intelligence is shaped not only 

by predictive accuracy but also by the organizational conditions governing interpretation, 

authorization, and execution. 

Although existing scholarship provides important explanations for AI underutilization, these 

accounts remain incomplete when confronted with execution failures in digitally mature 

supply chains. Behavioral perspectives, such as algorithm aversion and automation bias, 

primarily explain cognitive responses to algorithmic recommendations, including resistance 

to or overreliance on automated outputs (Dietvorst et al., 2015). Structural perspectives 

emphasize technological integration challenges, data quality limitations, interoperability 

constraints, and infrastructure fragmentation, which impede the effective deployment of 

analytics (Alvarenga et al., 2023). However, neither perspective fully explains why execution 

delays persist in organizations with mature data infrastructures that routinely generate high-

quality predictive and prescriptive outputs. In such contexts, recommendations are often 

accepted as valid, yet operational actions remain delayed. This unresolved discrepancy 

motivated the introduction of the Advisory Trap as a distinct analytical construct. 

The Advisory Trap is a systems-level execution failure mode in which high-quality 

algorithmic recommendations fail to translate into timely operational actions because of 

latency embedded in organizational workflows. Unlike algorithm aversion, which reflects 

psychological resistance, or automation bias, which reflects an overreliance on automated 

outputs, the Advisory Trap is fundamentally structural and temporal. This arises from the 

decoupling of intelligence generation and execution, resulting in a persistent lag between 

recommendations and interventions. This lag is reinforced by hierarchical approval chains, 

fragmented decision rights, compliance requirements, and overhead coordination that slow 

organizational responses despite the availability of actionable intelligence. Therefore, the 

central issue is not whether algorithms are trusted but whether organizational systems can act 

at the tempo at which intelligence is produced (Meere, 2026). 

Recent evidence suggests that performance degradation in AI-enabled supply chains is often 

driven more by execution latency than by predictive inaccuracy. Organizations may generate 

accurate forecasts, identify disruptions, and formulate optimal responses, yet still experience 

operational failure because implementation occurs too late to influence system dynamics 

(Abdulraheem et al., 2025). This produces a condition of precision without responsiveness, in 

which analytical capability improves while operational performance stagnates or declines. 

This condition reflects a broader precision–fragility trade-off in digitally mediated supply 

chains, where highly accurate forecasting systems can coexist with reduced adaptive capacity 

during turbulence (Elliott et al., 2020, p. 2704). Related work highlights structural inefficiencies 

in digitally enabled supply chain architectures, where decision bottlenecks prevent the 

realization of analytical value (Dzreke, 2025c). More recent findings indicate that advisory-

centered decision structures systematically reduce responsiveness during disruption events, 

regardless of analytical sophistication (Dzreke & Dzreke, 2025m). Together, these insights 

suggest that the core constraint is no longer prediction quality but execution capacity under 

time pressure. 
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To address this challenge, this study introduces the Autonomous Inventory Reflex 

Engineering (AIRE) framework as a closed-loop cybernetic execution architecture. AIRE 

reconceptualizes inventory management as a continuously adaptive system that integrates 

sensing, decision-making, execution, and learning. Its theoretical foundations are drawn from 

cybernetics, adaptive control theory, and reinforcement learning, all of which emphasize 

continuous feedback and self-correcting behavior in dynamic environments. Rather than 

positioning artificial intelligence as a decision-support tool dependent on human mediation, 

AIRE embeds decision execution within a constrained cyber-physical control loop capable of 

autonomous action within the boundaries of governance (DHAVARATH, 2025). This reduces 

the temporal separation between intelligence and execution, enabling real-time operational 

responses, such as replenishment, redistribution, or policy adjustment, triggered directly by 

validated system states. 

Accordingly, this study makes three interconnected contributions. First, it formalizes the 

Advisory Trap as a structural execution-latency construct, distinct from behavioral or 

technological explanations. Second, it develops a cybernetic framework for autonomous 

inventory execution, grounded in reinforcement learning and adaptive control principles. 

Third, it proposes a governance-oriented architecture that aligns autonomy with 

accountability, resilience, transparency, and strategic oversight in volatile supply chain 

environments (Modgil et al., 2021; Kareem et al., 2024). 

The practical significance of this study extends beyond inventory systems. In environments 

characterized by geopolitical disruption, climate volatility, and compressed decision cycles, 

competitive advantage increasingly depends on the ability to reduce the delay between 

intelligence generation and operational response. In this context, AIRE reframes value creation 

in AI-enabled supply chains: not as improved prediction alone, but as structurally reduced 

latency between sensing and execution (Dzreke & Dzreke, 2025d). 

Literature Review: Transitioning from Mediation to Automation 

The Settled Paradigm: Artificial Intelligence, Intelligent Operations, and Efficiency 

Since the mid-2010s, artificial intelligence has become a foundational construct in supply chain 

research, particularly in demand forecasting, inventory optimization, and production 

planning (Sharma et al., 2022). The dominant empirical consensus suggests a positive 

association between digitalization intensity and firm performance, with AI and machine 

learning increasingly positioned as general-purpose technologies for operational 

improvements (Liu et al., 2022). Within this trajectory, machine learning models have 

demonstrated superior predictive performance relative to classical statistical approaches in 

contexts characterized by nonlinearity, demand volatility, and seasonal complexity, although 

their effectiveness remains sensitive to data quality, contextual fit, and deployment design 

(Muth et al., 2024, p. 2781). Complementary findings indicate that AI-enabled automation, 

particularly when combined with predictive analytics, contributes to reductions in holding 

costs and improvements in service levels through improved stockout prevention (Olaleye et 

al., 2024, p. 3837). Subsequent studies reinforce this logic by showing that embedding analytics 

within planning workflows yields measurable improvements in service performance and 

operational reliability (Raj et al., 2025). 
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However, post-2020 scholarship has introduced a critical qualification: AI value creation is 

increasingly conditional rather than deterministic. Performance gains depend not only on 

algorithmic sophistication but also on organizational readiness, including process integrity, 

integration depth, and the complexity of decision governance structures (Sambakiu et al., 

2025). This shift reframes AI from a purely technical input to a sociotechnical capability 

embedded within organizational design. In parallel, recent work argues that competitive 

advantage does not arise from predictive precision alone but from the orchestration of 

previously fragmented functions, such as procurement, transportation, and inventory control, 

into integrated operational systems (Fatorachian & Kazemi, 2026). In this sense, the locus of 

value creation is migrating from isolated analytics to system-level coordination logics. 

This evolution is further reinforced by research emphasizing that value differentials in digital 

supply chains are increasingly determined by orchestration design and response latency 

rather than forecasting accuracy (Dzreke & Dzreke, 2026a). Within this framework, smart or 

cognitive inventory systems are best understood not as tools but as bundles of organizational 

capabilities that translate analytical outputs into operational actions through feedback-

enabled adjustment mechanisms. The dynamic capabilities literature similarly positions AI as 

an enabler of sensing and reconfiguration capabilities that support continuity under 

disruption (Modgil et al., 2021, p. 1247; Zouari et al., 2020, p. 155). Consequently, performance 

outcomes, such as responsiveness and reliability, emerge from the alignment between 

strategic intent and operational routines rather than from analytics in isolation (Dzreke & 

Dzreke, 2026b). 

Taken together, this literature establishes a distinction between analytics capabilities and 

operational intelligence. While analytics enhances visibility and prediction, operational 

intelligence depends on whether organizations can translate insights into timely actions within 

constraint-bound environments. This gap becomes particularly salient in digitally mature 

firms, where forecasting systems are advanced, yet execution remains fragmented due to 

organizational and governance frictions. Although the settled paradigm explains how AI 

generates informational value, it is less capable of explaining why such value decays at the 

point of operational enactment under real-time volatility (Al-Banna et al., 2023). 

The Limitations of Advisory Models 

The dominant AI advisory paradigm conceptualizes machine learning systems as decision-

support tools that generate recommendations, which are subsequently validated and executed 

by human decision-makers. This human-in-the-loop configuration is widely regarded as a 

safeguard for accountability and safety. However, it introduces structural inefficiencies that 

become more pronounced under time-sensitive and disruptive conditions. The central 

limitation is not analytical accuracy but execution latency, which is embedded in hierarchical 

approval processes, cognitive load constraints, and fragmented decision rights. These frictions 

accumulate into a systemic delay between recommendation and action, producing what this 

study conceptualizes as an Advisory Trap. 

Operationally, such delays have direct consequences for inventory systems. Even short lags 

between detection and execution can result in stockouts, misallocation of inventory, and 

cascading inefficiencies across multi-echelon networks. In business-to-business contexts, these 

disruptions influence perceived reliability through double deviation effects, where both 

failure and delayed correction jointly degrade supplier evaluations (Dzreke & Dzreke, 2025c). 
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Importantly, the persistence of human oversight does not eliminate this problem; instead, it 

often institutionalizes delays as a feature of governance design rather than a correctable 

inefficiency. Simultaneously, human involvement remains essential for accountability, and 

existing advisory structures struggle to reconcile oversight with the temporal demands of 

volatile operational environments (Muniyanayaka et al., 2026). The resulting limitation is 

therefore structural: intelligence production is decoupled from the temporal feasibility of its 

execution. 

Historical Predecessors of Autonomy: Adaptive and Learning Systems 

The conceptual and technical foundations of autonomous inventory systems are based on 

adaptive control theory, operations research, and reinforcement learning. Early advances in 

machine learning enabled the integration of forecasting and optimization within unified 

decision frameworks, gradually shifting inventory management from static rule-based 

systems to data-driven adaptation (Duttyal, 2025). More recent developments in reinforcement 

learning demonstrate that systems can learn inventory policies through continuous interaction 

with stochastic environments, achieving cost reductions exceeding 30 percent under simulated 

conditions (Dhavarath, 2025). These findings indicate a shift from ex-ante optimization to 

continuous policy learning under uncertainty. 

This trajectory reflects a broader epistemic shift from model-centric to system-centric 

perspectives in operations management. In this emerging view, forecasting, decision-making, 

and execution are no longer treated as separable stages but as interdependent components of 

a unified control architecture. Such integration is particularly relevant in environments 

characterized by high variability, where static optimization is insufficient to maintain 

performance stability (Liu, 2025). Extending this logic, operations theory is increasingly 

converging with intelligent control systems that support autonomous procurement, 

replenishment, and allocation decisions. Collectively, these developments form the 

technological and conceptual substrate for AI-enabled autonomous inventory systems, as 

listed in Table 1. 

Definition of AI-Advisory Paradigm and Advisory Trap 

The AI advisory paradigm refers to inventory management architectures in which machine 

learning systems generate predictive recommendations, while execution authority remains 

embedded in human decision workflows. This configuration separates cognitive intelligence 

from operational enactment, creating a structural dependence on managerial approval 

processes. While such systems enhance forecasting accuracy and decision quality 

(BANDARU, 2026), they simultaneously introduce a persistent latency layer shaped by 

hierarchical authorization, interface friction, and competing operational priorities. Within 

high-velocity inventory environments, this separation produces the Advisory Trap, defined 

as a structural condition in which improvements in predictive intelligence fail to translate into 

proportional gains in operational responsiveness due to embedded execution delay. These 

delays arise from decision queuing, workload constraints, and multistage validation processes 

that systematically extend the time between recommendation and action. The resulting 

organizational condition is best characterized as “intelligence-rich but execution-constrained,” 
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where analytical capability is structurally decoupled from the temporal requirements of 

operational effectiveness. 

Table 1. Evolution of inventory management paradigms 

Paradigm Core Principle Key 

Technology 

Human Role Primary Limitation 

Traditional Fixed rules, 

historical data 

ERP, 

spreadsheets 

Commander Inflexible, slow 

response 

AI-Advisory Data-driven 

recommendatio

ns 

(Varakantham, 

2025) 

Machine 

learning, 

predictive 

analytics 

Analyst and 

executor 

Advisory Trap: 

execution latency due 

to approval delays, 

workflow friction, and 

decision queuing 

(Wang & Rachev, 2026) 

Autonomous 

 

Cybernetically 

informed closed-

loop execution 

(Ivanov, 2009, p. 

4005) 

 

Reinforcement 

learning, 

digital twins, 

smart 

contracts 

 

Supervisor 

of 

automation 

(Sheridan, 

2021) 

 

Out-of-the-loop risk; 

governance 

degradation under low-

intervention regimes 

(Berberian et al., 2017, 

p. 305) 

Empirical and Conceptual Progression Toward Autonomy 

Operationalizing autonomous inventory systems requires a staged progression of capabilities 

from Big Data Analytics Capability (BDAC) through AI-enabled decision intelligence to 

autonomous execution. In this architecture, the BDAC serves as a foundational substrate that 

enables data availability, integration, and systemic responsiveness. However, capability 

maturity alone is insufficient unless it translates into executional autonomy within governance 

constraints. Accordingly, system evolution proceeds from infrastructure capability to decision 

intelligence and ultimately to execution autonomy (Dzreke & Dzreke, 2025b). 

Empirical validation of this progression can be supported by process-tracing approaches that 

identify the sources of latency embedded in approval workflows and coordination structures. 

Complementarily, structural equation modeling can be used to estimate the mediation 

pathway linking BDAC, AI capability, and autonomous execution outcomes. This framing 

reorients inventory management theory away from an emphasis on predictive optimization 

toward execution-centric system design, where competitive advantage is determined 

primarily by the temporal efficiency and reliability of action rather than by predictive accuracy 

alone. 

Theoretical Framework: The Autonomous Inventory Reflex (AIR) 

The Autonomous Inventory Reflex (AIR) is proposed as a sociotechnical metasystem that 

reconceptualizes inventory management as a cyber-physical learning architecture in which 

sensing, decision-making, execution, and learning are integrated within a continuously 

adaptive closed-loop control structure governed by explicit operational constraints. Rather 

than treating forecasting, planning, and execution as discrete and sequential stages, AIR 

positions these functions as interdependent processes that co-evolve under uncertainty 
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through recursive, circular feedback. This framing draws on cybernetics, adaptive control 

theory, reinforcement learning, and socio-technical systems theory, all of which converge on 

the principle that system viability depends on continuous feedback regulation rather than 

static optimization. From this perspective, inventory management shifts from periodic 

decision optimization to continuous operational adaptation, in which volatility is not merely 

a disturbance but a structural input that shapes system learning. The core theoretical 

implication is the redefinition of performance in inventory systems: responsiveness under 

time-bound constraints becomes as critical as predictive accuracy. 

AIR is situated within, but not reducible to, three established streams in operations and supply 

chain theories. Predictive analytics research emphasizes improved forecasting and decision 

support quality (Sharma et al., 2022; Raj et al., 2025), digital supply chain integration focuses 

on system connectivity and coordination efficiency (Fatorachian & Kazemi, 2026), and 

resilience research examines robustness under disruption (Modgil et al., 2021). While these 

perspectives collectively advance the understanding of how supply chains process 

information and recover from shocks, they largely preserve the implicit assumption of linear 

causality from prediction to action. AIR challenges this assumption by introducing execution 

temporality as an explicit theoretical construct, arguing that performance degradation in 

digitally enabled systems often arises not from predictive errors but from delays in operational 

enactment. 

Within this theoretical gap, AIR introduces a three-layer architecture of supply chain 

performance: decision intelligence, execution architecture, and governance constraints. 

Decision intelligence corresponds to predictive and prescriptive capabilities; execution 

architecture governs how decisions are operationalized within organizational systems; and 

governance constraints define the permissible boundaries of autonomous actions. The existing 

literature tends to collapse these layers into a unified decision pipeline, thereby obscuring the 

structural frictions that emerge at their interfaces. AIR treats the execution layer as an 

independent determinant of performance outcomes, in which the latency between decision 

formation and implementation becomes a primary source of inefficiency. This reframing shifts 

the analytical focus from decision quality to the velocity of decision enactment under 

constraints. 

A central theoretical contribution of AIR is the formalization of the Advisory Trap as a system-

level constraint on operational responsiveness. Unlike algorithm aversion, which describes the 

rejection of algorithmic outputs following perceived errors (Dietvorst et al., 2014), or 

automation bias, which reflects overreliance on automated recommendations (Parasuraman 

& Riley, 1997), the Advisory Trap arises even when algorithmic recommendations are 

accepted as valid. Its defining feature is not cognitive resistance but a structural delay. In 

inventory systems, this delay is caused by approval hierarchies, fragmented decision rights, 

workflow segmentation, compliance gates, and coordination overhead across functional units. 

The result is a decoupling between informational readiness and operational action, in which 

decisions remain correct but are enacted outside their optimal temporal window. 

Consequently, performance loss arises from execution latency rather than inferential 

inadequacy. 
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Figure 1. The closed-loop architecture of the Autonomous Inventory Reflex (AIR) 

The AIR architecture operates as a recursive closed-loop system comprising four 

interdependent components: Granular Predictive Sensing, Autonomous Inventory 

Management, Autonomous Execution Layer, and Ongoing Learning Cycle. These components 

collectively transform environmental signals into probabilistic state representations, adaptive 

inventory policies, executable actions, and continuous feedback-driven learning. Unlike linear 

pipeline systems, AIR is characterized by cyclical causality, in which the outputs continuously 

reshape future inputs across all layers. System behavior emerges from interaction effects rather 

than component-level optimization, reflecting the cybernetic principles of self-regulation in 

complex adaptive systems. Therefore, performance is a function of the coherence between the 

sensing, adaptation, execution, and learning processes operating simultaneously within a 

unified architecture (Uyen & Hieu, 2026). 

Table 2. Core components of the AIR Framework 

AIR Component Primary Function Core Methods Strategic Contribution 

Granular 

Predictive 

Sensing 

Constructs high-

resolution supply-

demand state 

representations 

Probabilistic 

forecasting, graph 

learning, IoT 

telemetry fusion 

Early disruption detection, 

multi-echelon visibility 

(Voona, 2024) 

Autonomous 

Inventory 

Management 

Translates state 

representations into 

adaptive inventory 

policies 

Reinforcement 

learning, deep 

reinforcement 

learning, state–

action optimization 

Dynamic allocation, 

reduced 

stockout/overstock risk 

(Rudra & Sonjita, 2025) 

Autonomous 

Execution Layer 

Converts policies 

into operational 

actions under 

constraints 

ERP integration, 

smart contracts, pre-

authorized 

workflows 

Reduced execution latency, 

auditable automation 

(Bhuram, 2026) 

Ongoing 

Learning Cycle 

Updates models 

based on 

operational 

feedback 

Online learning, 

reinforcement 

feedback loops 

Continuous adaptation 

and governance alignment 

(Chandawale, 2026) 
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Granular Predictive Sensing 

Granular Predictive Sensing serves as the environmental intelligence layer of the AIR, 

continuously updating a probabilistic representation of supply chain conditions. It integrates 

transactional records, supplier reliability indicators, logistics telemetry, inventory flows, and 

Internet of Things (IoT)-based environmental data into a unified state representation. Through 

probabilistic forecasting, graph learning, and sensor fusion, the system identifies latent 

dependencies, localized disruptions, and cascading risks across multi-echelon networks 

(Calatayud et al., 2018, p. 27; Nawaz et al., 2019, p. 134). This capability is particularly critical 

in high-velocity and perishable environments, where disruptions propagate rapidly. IoT and 

edge computing extend this layer to real-time operational observability, reducing the latency 

between event occurrence and system detection (Akbari, 2023; Ikevuje et al., 2024). Instead of 

generating static forecasts, this layer continuously updates the system state representations 

that serve as the foundation for downstream decision-making processes. 

Autonomous Inventory Management 

Autonomous Inventory Management serves as the decision layer of the AIR, converting 

probabilistic state representations into adaptive inventory policies that govern replenishment, 

allocation, safety stock, and service-level thresholds. It is grounded in reinforcement learning 

and deep reinforcement learning, which model inventory control as sequential decision-

making under uncertainty (Gijsbrechts et al., 2022). Unlike static optimization approaches, 

policy structures evolve continuously through interactions with changing demand, lead times, 

and disruption patterns. This enables the simultaneous adaptation of efficiency and resilience 

objectives rather than trade-offs between them. Empirical evidence shows that reinforcement 

learning approaches outperform classical optimization in decentralized multi-agent 

environments with coordination complexity (Gijsbrechts et al., 2022; Dehaybe et al., 2023). In 

operational terms, disruptions can trigger immediate recalibration of inventory policies across 

nodes, without delays due to centralized replanning. 

Autonomous Execution Layer 

The Autonomous Execution Layer represents the operational turning point for AIR and 

fundamentally differentiates it from AI advisory systems. Rather than stopping at 

recommendation generation, it converts validated policies into executable actions through 

ERP integration, smart contracts, pre-authorized workflows, and exception-triggered 

automation. Autonomy is deliberately bounded, operating within governance constraints that 

impose financial limits, regulatory requirements, risk thresholds, and service-level obligations 

(Ku, 2026). These constraints ensure auditability and institutional control while minimizing 

execution delays. Therefore, operational decisions, such as replenishment, allocation, or 

supplier rerouting, can be executed automatically when predefined conditions are satisfied, 

whereas exceptional cases are escalated for human intervention. The theoretical significance 

of this layer lies in eliminating the structural delay between decision validation and execution, 

directly addressing the mechanism underlying the Advisory Trap (Subramaniam, 2026). 
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Ongoing Learning Cycle 

The Ongoing Learning Cycle serves as AIR’s adaptive improvement mechanism, continuously 

refining both predictive models and decision policies in response to operational feedback. 

Signals such as forecast errors, service-level deviations, inventory imbalances, and recovery 

performance are continuously integrated into model updates. This aligns with meta-learning 

perspectives, in which systems improve through continuous exposure to environmental 

variability (Iryna, 2025). Unlike retrospective evaluation systems, learning is embedded within 

operational loops, enabling real-time adaptation to changing conditions. Over time, this 

produces increasingly robust policy behavior under uncertainty, thereby strengthening both 

efficiency and resilience. 

Interplay Between AIR Components and Governance Mechanisms 

AIR performance emerges from the interaction of sensing, decision-making, execution, 

learning, and governance, rather than from the isolated optimization of individual modules. 

Predictive sensing continuously updates the system state representations, which are translated 

into bounded adaptive policies and enacted through the execution layer. All actions remain 

subject to embedded governance constraints that regulate risk, compliance, and financial 

exposure (Ku, 2026). Governance functions as an internal regulatory structure that conditions 

autonomy rather than externally constraining it, enabling conditional execution freedom. 

The learning cycle operates simultaneously as a meta-governance mechanism, adjusting both 

operational policies and governance parameters in response to performance feedback. This 

produces a recursive system in which governance and learning co-evolve over time 

(Fatorachian & Kazemi, 2026). Human oversight is preserved through a human-in-the-loop 

configuration activated under uncertainty, high-risk conditions, or during out-of-distribution 

events that require contextual judgment (Haitsma & Brink, 2025; Pagliari et al., 2022). This 

preserves institutional legitimacy while maintaining the execution speed under stable 

conditions. 

To mitigate out-of-the-loop risks and managerial deskilling (Raisch & Krakowski, 2021, p. 202), 

structured human roles are embedded into governance cycles through periodic review, 

exception handling, and policy boundary redesign. Accountability is distributed across the 

sensing, policy, execution, and governance layers, enabling the traceable attribution of failures 

such as bullwhip amplification or cascading stockouts (Akkermans & Vos, 2003; Ladva et al., 

2024). Governance further incorporates capacity-aware throttling and variability dampening, 

consistent with emerging OM-for-AI principles (Dai & Swaminathan, 2025). In this 

configuration, autonomy and accountability operate as complementary properties, with 

governance functioning as an enabling condition for scalable execution of autonomy. 

Design Science Research Protocol and Validation Strategy 

This study adopts the Design Science Research (DSR) methodology of Peffers et al. (2007) to 

develop and evaluate the Autonomous Inventory Reflex (AIR) as a sociotechnical artifact. The 

artifact addresses a persistent operational challenge: organizations increasingly possess 

advanced forecasting and optimization capabilities yet often fail to translate predictive 

intelligence into timely execution owing to approval latency, fragmented decision rights, and 

human-mediated bottlenecks (Levy, 2023). Following the six DSR stages—problem 

identification, objective definition, artifact design and development, demonstration, 
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evaluation, and communication—AIR is designed as a closed-loop architecture that converts 

predictive signals into governed autonomous actions within explicit operational constraints. 

Its contribution lies not in introducing a new forecasting model but in specifying an executable 

architecture that integrates sensing, decision-making, execution, and learning into a 

continuous adaptive control system. 

AIR comprises four integrated components: Granular Predictive Sensing, Self-Tuning 

Inventory Rules, Autonomous Execution, and the Continuous Learning Loop. Together, these 

components transform environmental signals into adaptive inventory policies, operational 

actions, and performance feedback. Drawing on cybernetic and systems-theoretic principles, 

this framework emphasizes recursive adaptation rather than static optimization. This 

architecture directly addresses the execution gap that frequently limits the operational value 

of predictive analytics in inventory management. 

Evaluation Strategy and Benchmark-Grounded Validation 

The evaluation follows a benchmark-grounded and simulation-based protocol. The AIR is 

assessed against established benchmarks for reinforcement learning, including MABIM (Yang 

et al., 2023), enabling a comparison with state-of-the-art multi-echelon control policies. Agent-

based modeling captures decentralized interactions among suppliers, warehouses, and 

demand nodes under stochastic conditions, whereas Petri net simulations verify workflow 

integrity, concurrency control, and execution validity. Digital twin environments combine 

historical and synthetic data to evaluate system behavior under normal and disrupted 

operating conditions. 

The evaluation dataset incorporates historical inventory records, benchmark environments, 

and synthetic disruption scenarios, including demand shocks, supplier failures, transportation 

delays, and cascading multi-echelon disturbances. These conditions test whether autonomous 

decision-making remains effective under operational uncertainty. Performance was assessed 

using four indicators: the Autonomy Efficiency Ratio for responsiveness, the System 

Adaptability Index for adaptive capability, the Velocity Quotient for execution speed, and 

error-propagation analysis for system robustness, defined as the amplification of disruptions 

across interconnected inventory nodes over time. Benchmark comparisons against DRL-based 

policies within MABIM ensure that performance improvements are measured against 

established baselines, rather than hypothetical reference systems. 

Accountability and Governance Attribution in Failure Scenarios 

Accountability within AIR is structured through governance architecture aligned with AI 

lifecycle responsibility frameworks, such as the UAAO (Frimpong, 2025) and related protocols 

(Vyhmeister & Castañé, 2024, p. 819). Responsibility is traceable across the sensing, policy, 

execution, and governance layers. Sensing failures are attributed to data quality or signal 

distortion; policy failures to model drift or learning deficiencies; execution failures to 

workflow or smart contract constraints; and governance failures to boundary specification or 

weaknesses in escalation design. This layered attribution enables systematic forensic analysis 

in cases such as bullwhip amplification and cascading stockouts. 
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Human oversight operates through predefined escalation mechanisms rather than continuous 

intervention (Chinnaraju & Loganathan, 2026). Risk thresholds, anomaly detection, and 

significant deviations from benchmarked performance trigger escalation. Therefore, 

managerial responsibility encompasses defining operational constraints, validating policy 

boundaries, and conducting post-event accountability reviews. Consequently, AIR is 

evaluated not only as a high-performing inventory architecture but also as a governable 

autonomous system in which benchmarked performance, simulation-based validation, and 

accountable decision-making jointly support operational robustness and institutional 

legitimacy (Chinnaraju & Loganathan, 2026). 

Results and Example Scenario: Operational AIR and Its Impact 

To illustrate the operational logic of the Autonomous Inventory Reflex (AIR), consider a 

concurrent disruption involving a demand surge in Region A and a supplier-induced 

replenishment disruption in Region B. Under conventional AI-advisory architecture, 

predictive systems identify the disturbance and generate recommendations, but 

implementation remains dependent on managerial review, approval processes, and manual 

execution. Consequently, decision-to-action latency may extend from several hours to more 

than a day, delaying inventory reallocation and reducing the operational value of predictive 

insights (Kache & Seuring, 2017). Such delays reflect a broader challenge in digital 

transformation: advanced analytical capabilities often remain disconnected from execution 

processes due to fragmented organizational structures and technology deployment practices 

(Shahzadi et al., 2024). This disconnect aligns with the “last-mile” execution gap identified in 

supply chain research (Richey et al., 2023). 

AIR addresses the same disruption using an integrated sensing–decision–execution 

architecture. Environmental signals are continuously processed and translated into inventory 

policies by reinforcement learning agents operating within predefined service, cost, and risk 

constraints. Once a policy meets the governance requirements, inventory transfers, 

replenishment actions, and logistics instructions are automatically executed through 

connected operational systems. Reducing execution latency enables inventory repositioning 

while the disruption is still unfolding, rather than after its effects have materialized. Empirical 

evidence from reinforcement learning applications suggests that adaptive inventory control 

can improve responsiveness and reduce inventory-related costs compared to static decision 

rules (DHAVARATH, 2025). AIR extends this capability by embedding the execution directly 

into the decision cycle. 

The distinction between the two architectures lies less in the predictive accuracy and more in 

the execution speed. In volatile environments, operational performance is often constrained 

by delays between decision generation and implementation, rather than by deficiencies in 

analytical models. Therefore, AIR shifts AI’s role from recommendation generation to 

governed operational execution while preserving human oversight through predefined 

escalation rules and intervention thresholds. This design is consistent with emerging 

governance research that emphasizes clear authority structures and override mechanisms for 

autonomous systems (Uyen & Hieu, 2026). Consequently, competitive advantage is derived 

from reducing execution latency and improving organizational responsiveness under 

uncertainty. 



238    DZREKE & DZREKE 

 

 

The AIR also alters the allocation of managerial effort. Routine transactional decisions are 

automated, allowing planners to focus on exception management, scenario analysis, resilience 

planning, and strategic supply chain design. This division of responsibilities reflects evidence 

that the organizational value of AI is maximized when human expertise is concentrated on 

judgment-intensive activities rather than repetitive operational tasks. The resulting 

architecture combines automation with governance, preserving accountability while 

increasing operational agility (Muniyanayaka et al., 2026). Lessons from recent systemic 

disruptions have reinforced the importance of adaptive control systems capable of responding 

rapidly to evolving conditions (Modgil et al., 2021). 

The illustrative scenario suggests that the AIR is particularly valuable when demand and 

supply disruptions occur simultaneously. Through continuous sensing, automated policy 

adjustment, and synchronized execution, inventory can be repositioned within minutes rather 

than hours, thereby reducing exposure to stockouts and service disruptions. Distributed AI 

architectures support this capability by coordinating sensing, decision-making, and execution 

across organizational boundaries in near-real time (Liu, 2025). In contrast, advisory systems 

remain susceptible to a precision–fragility paradox, in which accurate recommendations yield 

limited operational value because of implementation delays. AIR addresses this limitation by 

integrating intelligence generation and execution within a governed, closed-loop architecture. 

The expected performance implications are presented in Table 4. 

 

Figure 2. Comparative timeline: Advisory vs. autonomous response 

Figure 2 illustrates the temporal differences between advisory and autonomous inventory 

architectures. The AIR compresses the decision-to-execution cycle to less than 15 min. In 

contrast, advisory systems remain dependent on sequential approval and execution processes 

that typically require several hours before operational actions occur. 

Table 4. Hypothesized Performance Outcomes 

Metric AI-Advisory 

Baseline 

AIR System Impact 

Decision-to-Action 

Latency 

4–24 hours < 15 minutes Enables response to intra-day 

volatility (Olowonigba, 2025) 
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Inventory Turnover X X + 15–25% Improved capital efficiency 

(DHAVARATH, 2025) 

Service Level 95% 98.5%+ Enhanced resilience and customer 

satisfaction (Culot et al., 2024) 

Planner Intervention 

Rate 

High 

(reactive) 

Low (strategic 

exceptions only) 

Human capital reallocation 

(Ahmed et al., 2026) 

Collectively, Figure 2 and Table 4 position AIR not as a forecasting innovation but as an 

execution architecture that integrates sensing, optimization, learning, and governed actions. 

Its principal contribution lies in reducing the structural separation between intelligence 

generation and operational response, enabling inventory systems to operate at the pace of 

disruption while remaining subject to organizational control and accountability issues. 

Discussion: Theoretical and Practical Implications 

Theoretical Contributions 

This study contributes to inventory management and supply chain theory by reframing 

inventory intelligence as a control problem rather than solely an optimization problem. 

Existing research has primarily emphasized forecasting accuracy, decision support, and 

analytical sophistication. AIR extends this perspective by conceptualizing inventory 

management as a governed closed-loop system in which sensing, decision-making, execution, 

and learning operate as integrated capabilities. The resulting theoretical shift places execution 

responsiveness alongside prediction quality as a determinant of inventory performance. By 

embedding governance constraints directly within autonomous decision-making processes, 

AIR also demonstrates how operational autonomy can be reconciled with accountability and 

organizational control (Muniyanayaka et al., 2026). 

The second contribution concerns the role of intelligent inventory systems in organizational 

performance. Prior studies have generally treated AI-enabled inventory practices as 

mechanisms to improve planning quality and decision support (Ahmed et al., 2026). AIR 

suggests that the primary source of value may reside in reducing the latency between insight 

generation and operational action. From this perspective, inventory performance depends not 

only on analytical accuracy but also on an organization’s ability to convert intelligence into 

timely execution. This argument complements recent work on supply chain resilience, which 

emphasizes adaptation and response capabilities under disruption (Ivanov & Dolgui, 2021). 

Therefore, the framework shifts attention from predictive excellence alone to the integration 

of prediction and execution within a unified operational architecture. 

The third contribution is the introduction of a governance-centered perspective on inventory 

autonomy. Existing automation research frequently treats governance as an external oversight 

mechanism applied after decisions are made. AIR conceptualizes governance as an embedded 

design feature that simultaneously shapes sensing, policy formation, and execution. This 

perspective draws on insights from operations management, control theory, and intelligent 

systems research, suggesting that resilient supply chains increasingly depend on architectures 

that balance autonomy and institutional accountability. Viewed in this manner, resilience 

becomes less a function of inventory buffers and more a property of adaptive operational 

design (Castillo, 2022; Dzreke et al., 2026c). 
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Management Implications 

The managerial implications of AIR are primarily organizational and not technological. Many 

firms have invested heavily in predictive analytics and AI-enabled planning systems; 

however, implementation delays continue to limit their operational impact. The findings 

suggest that organizations may derive greater value from strengthening execution 

architectures than from incremental improvements in forecasting accuracy. In practice, this 

requires attention to decision rights, workflow integration, escalation procedures, and 

governance mechanisms that enable timely action while maintaining accountability. Evidence 

from recent supply chain disruptions indicates that execution delays can substantially reduce 

the value of otherwise accurate analytical recommendations (Modgil et al., 2021). 

AIR also implies a gradual evolution of supply chain roles and responsibilities. As routine 

operational decisions become increasingly automated, human expertise is likely to shift 

toward exception management, governance design, policy supervision, and resilience 

planning. Rather than eliminating managerial involvement, autonomous inventory systems 

redefine their focus on higher-order judgment and oversight activities (Fatorachian & Kazemi, 

2026). Therefore, organizations pursuing autonomous inventory capabilities may benefit from 

phased implementation approaches that begin with limited decision domains before 

expanding autonomy as governance structures, data quality, and organizational trust mature. 

This progression is consistent with emerging recommendations for digitally enabled logistics 

transformation (Richey et al., 2023). 

Future research could formalize this progression using a capability maturity framework that 

describes the transition from advisory analytics to governed, autonomous execution. Such a 

framework can specify measurable performance indicators, including decision-to-action 

latency, service continuity, inventory productivity, and working capital efficiency, thereby 

providing a structured basis for assessing organizational readiness and implementation 

success (Culot et al., 2024; Joel et al., 2024). 

Challenges and Constraints 

Several constraints may limit the implementation and effectiveness of autonomous inventory 

systems in warehouses. Technical barriers include poor data quality, fragmented information 

infrastructures, and limited interoperability across organizational systems. Because closed-

loop architectures rely on continuous information exchange, deficiencies in master data 

management or synchronization can propagate errors throughout the decision-making cycle. 

Consequently, organizational readiness may represent a greater obstacle than algorithmic 

capability in many implementation contexts (Shahzadi et al., 2024). 

Organizational and behavioral factors pose additional challenges. Resistance to automation, 

limited trust in autonomous decision-making processes, and concerns about the loss of 

managerial control may constrain adoption, even when technical performance is 

demonstrably strong. Such concerns are particularly salient in environments characterized by 

high uncertainty, significant operational consequences, or limited transparency regarding 

model behavior. Therefore, successful implementation requires not only technical integration 

but also governance structures that support explainability, accountability, and stakeholder 

confidence. 
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Ethical and regulatory considerations further define the boundaries of inventory autonomy. 

Questions concerning algorithmic bias, responsibility attribution, and operational liability 

remain central to the deployment of autonomous systems (Richey et al., 2023). In highly 

regulated sectors, including defense, critical infrastructure, and high-value asset management, 

fully autonomous execution may be neither feasible nor desirable (Uyen & Hieu, 2026). Under 

such conditions, hybrid governance models that combine automated execution with human 

supervisory authority may provide a more appropriate balance between responsiveness, 

accountability, and risk management. These boundary conditions suggest that the 

effectiveness of AIR is contingent on organizational context, governance maturity, and 

regulatory requirements rather than technological capability alone. 

Conclusion and Prospective Research Agenda 

This study argues that contemporary supply chain risk has become structurally embedded, 

persisting despite significant advances in predictive analytics and forecasting capabilities. The 

central limitation lies not in the quality of analytical outputs but in the sequential, human-

mediated nature of decision execution, where advisory workflows introduce systematic 

delays, even in digitally mature environments. Accordingly, this study reframes supply chain 

performance from an optimization problem centered on prediction accuracy to a control 

problem focused on converting predictive intelligence into timely, governed action (Zhang et 

al., 2023). In this context, the “last-mile” execution gap remains a critical constraint on logistics 

autonomy (Richey et al., 2023). The Autonomous Inventory Reflex (AIR) addresses this 

limitation by embedding sensing, decision-making, execution, and learning within a closed-

loop governance architecture, thereby reducing the separation between insight generation and 

operational response (Fatorachian & Kazemi, 2026). From an operational standpoint, this shift 

repositions inventory management from a predominantly cost-minimization function to a 

volatility-responsive capability embedded within adaptive enterprise systems (Olowonigba, 

2025). 

From a managerial perspective, AIR entails the structural reconfiguration of working capital 

management into a dynamically adjusted system that responds to real-time environmental 

signals. Evidence from autonomous retail and reinforcement learning-based inventory 

systems suggests potential improvements in stock turnover of approximately 15%–25% and 

reductions in holding costs exceeding 30% under suitable conditions (DHAVARATH, 2025). 

However, the primary organizational implication lies in the redistribution of decision 

authority: routine transactional planning becomes increasingly automated, while managerial 

roles shift toward governance design, oversight, and exception management (Ahmed et al., 

2026). Realizing this transition requires addressing three interdependent constraints: 

interoperability of digital infrastructure, integrity of data governance systems, and reliability 

of execution mechanisms across organizational layers (Shahzadi et al., 2024). When these 

conditions are satisfied, supply chains are better positioned to maintain continuity during 

disruptions through coordinated, near-real-time, adaptive responses (Uyen & Hieu, 2026). 

Future research should prioritize the empirical validation of the AIR across multiple 

methodological contexts. Longitudinal case studies are required to assess performance 

stability under real-world operational conditions, whereas controlled industrial experiments 

can isolate the causal effects of autonomous execution architectures. High-fidelity digital twin 

environments and stress-testing simulations are particularly important for evaluating system 

behavior under non-stationary demand shocks and cascading disruptions (Culot et al., 2024). 
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In parallel, reinforcement learning-based simulation environments can help establish the 

comparability of benchmarks across different autonomy architectures, particularly under 

regimes of uncertainty (Ivanov & Dolgui, 2021). Equally important are human factor research 

streams that examine trust calibration, accountability allocation, and override governance in 

human–AI collaborative systems (Muniyanayaka et al., 2026). Finally, future work should 

formalize autonomy maturity metrics that capture the progression from advisory analytics to 

closed-loop execution, including indicators of resilience, responsiveness, and governance 

robustness (Dzreke & Dzreke, 2025a). Collectively, these research trajectories contribute to the 

development of a socio-technical science of autonomous operations grounded in both 

empirical validation and governance-aware system design. 
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