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Abstract

Supply chains are increasingly exposed to compounding disruptions, volatile demand, and
sustainability constraints, which challenge optimization approaches designed for stable
operating conditions. This review synthesizes recent advances in supply chain optimization
with a focus on the integration of artificial intelligence and operations research in decision-
making. The paper examines three major capability layers: prescriptive optimization for
planning and resource allocation, predictive modeling for demand and risk anticipation,
and digitalized execution through simulation and digital twin environments. Across these
layers, the analysis shows that hybrid AI-OR architectures tend to outperform isolated
methods in settings characterized by high demand volatility, multi-echelon complexity,
and disruption exposure, by combining predictive adaptability with constraint-aware
decision quality. The review also highlights a strategic shift from single-objective efficiency
toward multi-objective performance that jointly manages cost, service, resilience, and
environmental impact. From an implementation perspective, the evidence indicates that
measurable industrial gains depend less on algorithm novelty alone and more on system-
level integration, data governance, and cross-functional deployment. Key research gaps
remain in benchmark standardization, explainability, uncertainty-aware optimization, and
long-horizon validation under disruption. The paper concludes that the next generation of
supply chain optimization will be defined by continuously learning, human-supervised
decision ecosystems that remain robust under uncertainty while delivering operational
and sustainability outcomes.

Keywords: supply chain resilience; supply chain optimization; demand forecasting; deep
learning; digital twins

1. Introduction
In today’s intensely globalized and interconnected economy, the design and man-

agement of efficient, resilient supply chains have become cornerstones of competitive
advantage. Supply chain optimization—encompassing the end-to-end coordination of
sourcing, production, inventory, transportation, and distribution—seeks to deliver the
right product, in the right quantity, at the right place and time, while minimizing total
system cost [1]. Closely intertwined with this challenge is demand forecasting: the dis-
cipline of predicting future customer requirements to inform procurement, production,
and logistics decisions. Together, these disciplines form the foundation for balancing sup-
ply and demand, managing risk, and achieving operational excellence in both stable and
turbulent environments.
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Historically, both supply chain optimization and demand forecasting have relied
heavily on operations research and statistical methods—including linear and mixed-integer
programming, simulation, and time-series models such as AutoRegressive Integrated
Moving Average (ARIMA) [2]. As supply networks became more complex and customer
expectations for flexibility increased, traditional approaches revealed critical limitations in
managing high dimensionality, rapid change, and uncertainty at scale. The data revolution
has transformed the landscape, with information now streaming in real time from point-
of-sale systems, sensors, Internet of Things (IoT) devices, and external markets, enabling
analytics-powered decision-making previously impossible at scale [3].

A transformative paradigm shift is underway with the increasing adoption of arti-
ficial intelligence (AI) and, more notably, neural networks and deep learning. AI-driven
methods—from classical machine learning to advanced architectures such as Long Short-
Term Memory (LSTM) networks, transformers, and reinforcement learning—are enhancing
both demand forecast precision and optimization sophistication [4,5]. Deep neural networks
are particularly impactful in capturing complex, nonlinear relationships and extracting
patterns from large, heterogeneous datasets, making them well-suited for high-dimensional
supply chain problems [6]. These developments have transformed supply chains into
adaptive, self-learning ecosystems capable of withstanding market disruptions while re-
maining responsive to dynamic customer demands [7]. A recent comprehensive survey
confirms that AI technologies—including machine learning, natural language processing,
and generative AI—are reshaping logistics, risk management, and demand forecasting
across the full spectrum of supply chain processes [8].

Digital supply chain twins—computational representations that mirror real-time net-
work states—exemplify this integration of AI with advanced optimization. These systems
enable organizations to simulate scenarios, anticipate disruptions, and optimize decisions
in real time across multi-echelon networks [9]. However, such technological advances
remain challenging to implement at scale. Integrating AI-based solutions into legacy IT
architectures, ensuring data quality and security, fostering interpretability and trust in au-
tomated recommendations, and maintaining robust performance under extreme volatility
remain critical hurdles [7,10].

This review paper critically examines three major, interrelated challenges defining
the current landscape of supply chain optimization and demand forecasting:

• Modeling and optimizing highly complex, multi-echelon supply networks. Mod-
ern supply chains span multiple echelons—including suppliers, manufacturers,
warehouses, distributors, and retailers—operating across diverse geographies and
time zones. Capturing and optimizing such multidimensional networks presents a
formidable challenge. The proliferation of product variants, just-in-time practices, and
customized services further complicates optimization, compounded by constraints
related to capacity, lead times, perishability, and cross-border logistics [1]. Achieving
robust solutions requires integrating stochastic modeling, mixed-integer program-
ming, network design, and simulation alongside real-time optimization strategies.
Recent success with reinforcement learning approaches demonstrates notable progress
in automating inventory and logistics decisions at scale [11].

• Achieving robust and adaptive demand forecasting amidst volatility and exter-
nal shocks. Accurate demand forecasting is challenged by volatile consumer pref-
erences, seasonality, promotional activities, and external shocks such as pandemics
or geopolitical crises. Traditional models often fail under rapid environmental
change or when historical patterns lose predictive power. Contemporary approaches
blend statistical techniques, machine learning, and deep learning methods, lever-
aging high-frequency data from IoT sensors, social media signals, and contextual
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market information to adaptively learn evolving demand patterns [12]. Emerging
neural architectures—particularly transformer-based models and recurrent neural
networks—show substantial promise for capturing temporal dependencies at multi-
ple scales, though persistent challenges remain around model selection, explainability,
and overfitting in highly dynamic settings.

• Harnessing AI and deep learning for next-generation, integrated supply chain
management. Digital transformation is reshaping supply chain management, with big
data analytics and AI enabling real-time monitoring, predictive insights, and intelligent
decision automation at unprecedented scale. Successful deployment poses integration
challenges across fragmented IT landscapes, raises interpretability and cybersecurity
concerns, and tests algorithm scalability in mission-critical applications [3]. Building
trust and seamless collaboration between human decision-makers and intelligent
systems is a critical frontier for future research.

This paper adopts a critical narrative review approach, a choice motivated by its
cross-disciplinary scope spanning operations research, machine learning, and digital twin
engineering, communities with limited terminological overlap where a single system-
atic search query would be neither practical nor representative. The review focuses on
2018–2025 publications in peer-reviewed journals, supplemented by foundational refer-
ences that remain actively cited and by technical reports documenting deployment evidence.
Sources were selected for methodological state-of-the-art standing, availability of quantita-
tive industrial evidence, or explicit connection across two or more of the three capability
layers examined. The resulting corpus prioritizes integrative breadth over exhaustive
coverage of any single subfield; domain-specific systematic reviews are cited within each
section for readers seeking deeper coverage.

To ensure terminological precision across the interdisciplinary scope of this review,
we define in Table 1 the core concepts used throughout the paper. These definitions
draw on standard usage in the operations research and supply chain management litera-
tures and are intended to disambiguate terms that are sometimes used interchangeably in
broader discourse.

Table 1. Working Definitions of Core Concepts.

Concept Working Definition as Used in This Review

Robustness
The ability of a plan or policy to maintain acceptable performance

across a predefined set of scenarios without requiring
real-time modification [13,14]

Resilience
The capacity of a supply chain to absorb disruption, adapt its

structure or operations during the disruption, and recover to a
target performance level within an acceptable time horizon [15,16]

Viability
The ability of a supply chain to survive and sustain operations

under prolonged, severe disruptions that exceed the design
assumptions of robustness and resilience mechanisms [17,18]

Adaptivity

The capacity of a decision system to modify its parameters,
policies, or structure in response to observed changes in the

operating environment, typically through feedback or
learning mechanisms [4,11]

Digitalization

The integration of digital technologies, including sensors, cloud
platforms, analytics, and AI, into supply chain planning and

execution processes to enable data-driven, continuous
decision support [7,19]
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Table 1. Cont.

Concept Working Definition as Used in This Review

Integration

The architectural and organizational coupling of planning,
forecasting, and execution functions into a coherent decision

system with shared data, aligned objectives, and
coordinated workflows [10,20]

Intelligence (as
applied to

supply chains)

The embedding of automated sensing, inference, and
decision-recommendation capabilities into operational processes,
typically through AI/ML components that augment or partially

replace manual decision-making [3,11]

By organizing our review around these focal challenges, we synthesize classical and
emerging methods, highlight industrial impact of state-of-the-art solutions, and outline
promising areas for further innovation.

2. Modeling and Optimizing Highly Complex, Multi-Echelon
Supply Networks
2.1. Nature and Significance of Multi-Echelon Supply Chains

Multi-echelon supply chains are structured as interdependent layers of suppliers,
production facilities, distribution centers, and downstream demand nodes, where decisions
in one echelon propagate across the entire network. In such systems, optimization is no
longer a purely local exercise; procurement, production, inventory, and transportation must
be coordinated as a coupled control problem under uncertainty. The practical difficulty lies
in the simultaneous presence of structural complexity (large, geographically distributed
networks) and operational complexity (multi-product portfolios, heterogeneous lead times,
capacity limits, perishability, and contractual constraints) [9,13].

Recent resilience and disruption research has shown that disturbances do not remain
isolated at the point of origin. Instead, disruption effects amplify and propagate through
network topology, policy parameters, and synchronization delays, producing ripple effects
that alter lead-time distributions, backlog trajectories, and service performance well be-
yond the initially affected node [15,16]. This insight has materially changed the objective
function of network planning. Classical cost minimization remains necessary, but is increas-
ingly insufficient unless augmented with explicit resilience constructs such as recovery
speed, viability under prolonged stress, and stability of service levels during compound
disruptions [13,14]. Network modeling perspectives—including complex network analysis
and agent-based approaches—provide formal tools for studying how disruption propa-
gates through supply chain topology and for quantifying structural resilience [21,22], while
updated risk management frameworks now incorporate ESG and IT dimensions alongside
traditional supplier risk categories [23]. In this context, multi-echelon optimization is best
viewed as a dynamic balance among efficiency, robustness, and adaptability rather than as
a static deterministic problem.

To structure the methodological discussion that follows, it is important to recognize
that supply chain decisions operate at distinct horizons, strategic, tactical, and opera-
tional, each with different problem structures, data requirements, and solution tolerability.
Table 2 maps these decision levels to their characteristic optimization problems and the
method families best suited to each. While many real-world planning processes span
multiple levels simultaneously, the methodological strengths and limitations discussed in
Sections 2.2.1–2.2.3 are most clearly understood when referenced against this hierarchy.
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Table 2. Decision-Level Taxonomy for Supply Chain Optimization.

Decision Level Typical Horizon Representative Problems Dominant Methods Key References

Strategic 1–5 years
Facility location, network
design, sourcing structure,

capacity investment

Mixed-integer
programming, stochastic

network design
[1,2,15]

Tactical Weeks–months
Inventory positioning,

production planning, S&OP,
supplier allocation

Stochastic programming,
simulation-optimization,

scenario analysis
[13–15]

Operational Hours–days
Replenishment, order

dispatching, dynamic routing,
adaptive inventory control

Reinforcement learning,
heuristics, real-time
forecasting pipelines

[4–6,11]

A conceptual distinction often blurred in the supply chain optimization literature,
and one that has direct methodological consequences, is the type of uncertainty being ad-
dressed. At least six categories deserve differentiation. (i) Demand noise refers to stationary
stochastic fluctuations around a predictable baseline and is well handled by safety-stock
calculus, stochastic programming, and classical forecasting models [2,24]. (ii) Structural
breaks, abrupt, persistent regime shifts in demand or supply patterns, invalidate station-
arity assumptions and require adaptive or change-detection mechanisms such as regime-
switching models or continuously retrained ML pipelines [5,25]. (iii) Supplier and logistics
disruptions are discrete, low-frequency, high-impact events that call for scenario-based
optimization, network redundancy design, and stress-testing through simulation [13,15,16].
(iv) Model misspecification arises when the functional form or parameter assumptions
of an optimization or forecasting model diverge from the true data-generating process;
it is mitigated by ensemble methods, robust optimization, and validation against out-of-
distribution scenarios. (v) Data latency and quality degradation affect all methods but
are particularly damaging to real-time RL and digital twin approaches, whose perfor-
mance depends on timely and accurate state observation [4,11]. (vi) Distribution shift,
the gradual or sudden divergence between training-time and deployment-time data dis-
tributions, is the primary failure mode of purely data-driven approaches and motivates
transfer learning, domain adaptation, and hybrid architectures that anchor learned models
with structural constraints [5,6]. Recognizing these distinctions is important because the
case for methodological hybridization is not generic: each uncertainty type has a natural
methodological counterpart, and effective system design matches method to uncertainty
rather than deploying complexity uniformly.

2.2. Recent Methodological Developments
2.2.1. Mathematical Programming, Stochastic Modeling, and Decomposition

Mathematical programming methods are most directly applicable at the strategic
and tactical decision levels, where the problem structure is well-defined, constraints are
relatively stable, and the planning horizon justifies the computational investment of ex-
act or near-exact solvers. Mixed-integer formulations are still the dominant paradigm
for facility-location decisions, sourcing allocation, capacity positioning, and flow de-
sign because they provide strong constraint expressiveness and transparent managerial
interpretation [1,2]. However, the scalability limits of deterministic formulations become
apparent in high-dimensional, uncertain environments, where demand and supply volatil-
ity violate stationarity assumptions.

To address this gap, recent work has increasingly embedded uncertainty through
stochastic and resilience-oriented Operations Research (OR) models that explicitly account
for disruption exposure and post-disruption system behavior [13,15]. In practice, this

https://doi.org/10.3390/app16094285

https://doi.org/10.3390/app16094285


Appl. Sci. 2026, 16, 4285 6 of 22

means moving from single-plan optimization toward scenario-conditioned plan families
and stress-tested feasible regions. The primary tradeoff is computational: richer uncer-
tainty representations improve realism but increase solution-space complexity. As a result,
decomposition strategies and hybrid solver workflows are not optional engineering choices
but enabling mechanisms for tractability in real-scale networks [14]. The contemporary
pattern in industry and research is therefore an architecture in which exact/near-exact
optimization provides structural rigor, while additional modeling layers absorb uncertainty
and temporal dynamics.

The practical validity of mathematical programming formulations rests on several
assumptions that become limiting in volatile environments. Deterministic models require
stable parameterization of costs, capacities, and lead times, an assumption that degrades
rapidly under disruption. Stochastic extensions relax this but depend critically on the qual-
ity of scenario construction: if the scenario set underrepresents tail events or misspecifies
correlation structures across supply nodes, the resulting solutions may be robust to the
wrong uncertainties. Decomposition methods, while essential for tractability, introduce
coordination loss between subproblems, and the optimality gap introduced by decompo-
sition is rarely quantified in applied settings. These assumptions do not invalidate the
methods, but they define the envelope within which their solutions remain reliable.

2.2.2. Simulation and Digital-Twin-Centered Analysis

Simulation and digital twin methods operate primarily at the tactical level, where their
value lies in evaluating policy alternatives and stress-testing plans under disruption scenar-
ios before operational commitment, though they increasingly support strategic network
design as well. Discrete-event simulation is particularly valuable when policy behavior
depends on queueing, delays, nonlinear replenishment dynamics, and time-varying distur-
bances that are difficult to encode in closed-form optimization [9,15]. Its major contribution
is explanatory power: it allows planners to observe how local interventions reshape global
trajectories of service levels, inventory, and transportation utilization over time.

Digital twins extend this capability by integrating network representation, operational
parameters, and scenario orchestration into a unified computational environment linked
to real planning processes [7,9,10]. Conceptually, digital twins narrow the gap between
“model for analysis” and “model for operations.” Practically, they enable repeated stress
testing of policies before implementation and facilitate contingency design based on quan-
tified KPI impacts. This has direct implications for multi-echelon optimization: instead of
selecting a plan solely on nominal optimality, firms can select plans on conditional resilience
performance under plausible disruption paths. The resulting workflow is iterative and
evidence-driven: optimize, simulate, compare, and revise.

The value of simulation and digital twin approaches depends on the behavioral realism
of the underlying model. Discrete-event simulation requires explicit specification of process
logic, queue disciplines, replenishment triggers, and delay distributions, parameters that
are often estimated from historical data and may not transfer to novel disruption regimes.
Digital twins further assume continuous synchronization between the virtual and physical
systems; when model fidelity degrades due to unobserved parameter drift or missing
feedback loops, scenario outputs can become misleadingly precise. A related limitation is
that simulation provides diagnostic insight and policy comparison but does not, by itself,
generate optimal solutions, it must be coupled with an optimization or search mechanism
to move from evaluation to prescription.
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2.2.3. Learning-Based Optimization and Hybrid AI-OR Pipelines

Learning-based methods, particularly reinforcement learning and deep sequence
models, are most naturally suited to operational-level decisions where action frequency is
high, feedback is rapid, and environment dynamics are nonstationary. RL is particularly
well-suited to inventory and replenishment control because its temporal-difference learning
mechanism is designed to handle delayed rewards, a structural feature of multi-echelon
systems where ordering actions today manifest as service-level and cost outcomes only after
lead times spanning days to weeks. Value-based methods (e.g., deep Q-networks) learn
state-action value functions that implicitly discount future consequences, making them
effective when the action space is discrete (e.g., order/no-order, reorder-point selection).
Policy-based and actor–critic methods extend this to continuous action spaces (e.g., order
quantities) and are better suited to high-dimensional multi-echelon control where joint
actions across locations must be coordinated simultaneously [4,11]. RL approaches can learn
adaptive inventory and replenishment policies from interaction data and are particularly
attractive for multi-echelon control with stochastic demand and delayed feedback [4,11].
In multi-node, multi-material supply chains such as civil aircraft manufacturing, multi-
agent reinforcement learning with POMDP formulations has demonstrated approximately
45% efficiency improvement over single-agent baselines [26]. In parallel, deep time-series
methods (including transformer architectures) have improved demand signal extraction in
high-dimensional settings, supporting better downstream optimization inputs [5,6].

Nevertheless, pure AI pipelines rarely satisfy industrial requirements on their own.
The main constraints remain model governance, stability under distribution shift, and
explainability for mission-critical decisions [5,11]. Consequently, in multi-echelon settings
with nonstationary demand and frequent disruption exposure, the most promising direction
appears to be hybridization rather than replacement: optimization modules enforce feasi-
bility and hard business constraints; Machine Learning (ML)/Deep Learning (DL) modules
improve prediction and pattern extraction; RL modules adapt policy parameters under
changing conditions. Evidence from recent inventory-control studies further suggests that
coupling learning with stochastic programming can improve operational performance
while preserving decision discipline [4]. This synthesis is increasingly recognized as the
practical endpoint of methodological evolution in complex multi-echelon environments.

Reinforcement learning methods require careful state-space design: if the state repre-
sentation omits decision-relevant variables (e.g., supplier lead-time variability, in-transit
inventory) or includes noisy features, learned policies may converge to locally effective but
globally suboptimal behavior. Training stability is a further practical constraint, RL agents
in multi-echelon settings are sensitive to reward shaping, discount factors, and exploration
strategy, and small design choices can produce qualitatively different policies. Deep se-
quence models for forecasting, in turn, assume that the temporal patterns learned from
training data remain valid during deployment; under structural breaks such as demand
regime shifts or logistics network reconfiguration, model performance can deteriorate
abruptly unless retraining or adaptation mechanisms are in place. These dependencies
underscore why hybrid architectures are attractive: they allow each component to operate
within its assumption envelope while other components compensate for its failure modes.

Table 3 compares the primary strength, primary limitation as well as the typical
planning role of the methodological approaches.

Three cross-cutting trade-offs emerge from this comparative view. First, a persistent
tension exists between feasibility assurance and adaptive responsiveness: methods with
strong constraint enforcement (mixed-integer programming, decomposition) offer decision
discipline but react slowly to environmental change, while learning-based methods adapt
rapidly but lack built-in guarantees that solutions remain operationally feasible. Second,
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calibration burden appears as a recurring limitation across nearly all families, scenario con-
struction in stochastic OR, behavioral parameterization in simulation, state-space design in
RL, and training-data curation in deep learning all require substantial domain expertise and
ongoing maintenance. Third, governance complexity increases monotonically as methods
move from transparent mathematical programs toward opaque learned policies, creating
a practical ceiling on adoption in regulated or mission-critical settings. These recurring
patterns reinforce the argument for hybrid architectures not as a matter of methodological
preference, but as a structural response to the fact that no single family resolves all three
trade-offs simultaneously.

Table 3. Comparative perspective on methodological families for multi-echelon optimization.

Method Family Primary
Decision Level Primary Strength Primary

Limitation
Typical

Planning Role
Key

References

Mixed-integer
and network
optimization

Strategic/Tactical
Strong feasibility

control, transparent
constraints

Computational
burden under

large uncertainty
sets

Structural
design, capacity,

allocation
[1,2]

Stochastic and
resilience-

oriented OR
Tactical

Explicit treatment of
uncertainty and

disruption
propagation

Scenario/model
calibration
complexity

Risk-aware
tactical planning [13,15,16]

Decomposition
and hybrid solve

strategies
Strategic/Tactical Scalability for large

networks

Coordination
loss if

decomposition is
poorly coupled

Large-scale
multi-echelon

solve workflows
[14]

Discrete-event
simulation Tactical

Dynamic system
behavior and policy

diagnostics

No intrinsic
optimality
guarantee

Stress testing
and policy

comparison
[9,15]

Digital twins Tactical/Strategic

Integration of
model, scenarios,
and operational
decision support

Data integration
and governance

burden

Continuous
resilience

monitoring and
what-if planning

[7,9,10]

RL-based policy
optimization Operational

Adaptive control in
stochastic,

sequential contexts

Training stability
and

explainability
constraints

Replenishment
and inventory

policy
adaptation

[4,11]

Deep sequence
forecasting

(transformer-
based)

Operational
Captures nonlinear

long-range temporal
dependencies

Data intensity
and drift

sensitivity

Forecast layer
feeding

optimization
[5,6]

Hybrid AI-OR
architectures Cross-level Balances adaptivity

and feasibility

Higher
implementation

complexity

Closed-loop
planning and

replanning
[4,5]

2.3. Industrial Impact

The industrial impact of these methodological advances is best characterized as a
transition from isolated optimization projects to integrated planning ecosystems. In earlier
implementations, companies often deployed single-point optimizers for network design or
inventory settings and revisited assumptions infrequently. Contemporary deployments
are increasingly continuous and layered: optimization engines generate feasible plans,
simulation environments stress-test plan robustness, and AI modules improve forecast

https://doi.org/10.3390/app16094285

https://doi.org/10.3390/app16094285


Appl. Sci. 2026, 16, 4285 9 of 22

quality or policy responsiveness [7,9,11]. This shift is particularly visible in sectors exposed
to demand volatility and disruption cascades, where planning value depends as much on
recovery behavior as on nominal efficiency.

From a comparative standpoint, three patterns are consistently observed. First, OR-
centric methods remain strongest for governance, feasibility, and auditability of structural
decisions. Second, simulation-centric methods provide superior visibility into disruption
mechanics, tail effects, and Key Performance Indicator (KPI) sensitivity under compound
shocks. Third, AI-centric methods can increase adaptivity and speed, but their net benefit
depends heavily on data quality, monitoring, and explainability controls. Based on the pat-
tern observed across the reviewed studies, we interpret this as convergence toward hybrid
pipelines in which each method family addresses the failure modes of the others [4,5,11,13].
This convergence has strategic implications: available evidence suggests that organizations
operating in disruption-prone, multi-echelon environments benefit from institutionalizing
hybrid planning loops, which can improve service continuity under stress while preserving
cost discipline over longer horizons.

2.3.1. Ready-Made Tools and Deployment Patterns

Commercial planning platforms now reflect this convergence in their product architec-
tures. anyLogistix emphasizes combined optimization and simulation for network design,
inventory planning, and risk analysis, with scenario-oriented workflows suitable for stress
testing [27]. SAP IBP provides an integrated cloud planning environment spanning de-
mand planning, multilevel supply planning, S&OP, and simulation features intended to
coordinate planning horizons in one process backbone [20]. Blue Yonder’s supply chain
planning suite similarly combines optimization and real-time scenario modeling with
AI/ML-assisted planning components [28]. o9 positions its platform around a unified data
model, mixed solver stack (heuristics, LP, MIP), and scenario-driven planning with high
automation intent [29].

In deployment terms, these tools are rarely selected only on algorithmic sophistication.
Practical selection criteria include integration burden with Enterprise Resource Planning
(ERP)/control-tower landscapes, solver openness for enterprise-specific constraints, model
transparency for governance, and the ability to run cross-functional what-if analysis at
planning cadence. A common implementation pattern is phased adoption: firms begin with
a planning module that addresses an urgent bottleneck (typically demand-supply balancing
or inventory), then expand toward scenario orchestration and end-to-end synchronization
as data maturity improves.

2.3.2. Representative Case Study

A representative and quantitatively rich example is the digital-twin simulation study of
food retail supply-chain resilience by Burgos and Ivanov [9]. The modeled network includes
10 product categories, 28 supermarket locations across five countries, 30 suppliers, and three
distribution centers, and it evaluates distinct and combined disruption scenarios reflecting
pandemic-era conditions. The scenario design includes demand surges of +75%, +10%, and
+35% across phases, temporary supplier shutdowns, and transport bottlenecks [9].

The quantitative findings are directly relevant to multi-echelon optimization policy
design. Relative to baseline, mean lead time increased from 0.10 days to 3.112 days in the
combined disruption scenario. Late orders rose from 0 (baseline) to 3949 under demand
shock and to 9067 under combined disruptions, corresponding to roughly 8% of orders in
the latter case. Service performance deteriorated accordingly: ELT service level moved from
1.00 in baseline conditions to 0.87 in the demand-shock scenario and 0.80 in the combined
scenario. Backlog effects were also substantial, with backlog reaching 2.78% of total demand
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in the demand-shock case and 2.67% under combined disruptions [9]. Logistics pressure
became visible through a rise in total shipped vehicles from 39,697 to 49,387.

These results support two core inferences for this review. First, compound disruptions
produce non-additive effects; service deterioration and delay inflation are not linearly
predictable from single-shock analysis. Second, planning resilience requires coordinated
methods: optimization for structural feasibility, simulation for dynamic stress diagnos-
tics, and adaptive control mechanisms for recovery-phase policy tuning [4,7,9,11]. In
our assessment, this case exemplifies why methodological pluralism is not merely an
academic preference but an operational necessity in multi-echelon systems exposed to
compound disruptions.

A note on representativeness is warranted. The Burgos and Ivanov case [9] models
a specific food retail network under pandemic-era disruption scenarios with carefully
calibrated parameters. While the quantitative findings are internally valid within the simu-
lation design, their transferability to other sectors, network topologies, or disruption types
should not be assumed without recalibration. Simulation-based case studies inherently
reflect the modeler’s assumptions about demand distributions, capacity constraints, and
recovery dynamics; results are therefore conditional on these design choices. More broadly,
the absence of standardized multi-echelon benchmarks in the supply chain resilience liter-
ature means that most published case studies, including this one, function as structured
illustrations rather than as generalizable empirical evidence.

3. Achieving Robust and Adaptive Demand Forecasting Amid Volatility
and External Shocks
3.1. Strategic Role and Technical Complexity of Demand Forecasting

Demand forecasting is a core decision input for inventory control, replenishment,
production scheduling, and service-level management. In contemporary supply chains, its
role has expanded from periodic planning support to continuous operational control, espe-
cially in environments characterized by short product life cycles, high promotion intensity,
omnichannel substitution effects, and exogenous shocks. Under such conditions, forecast
quality is defined not only by point accuracy but also by robustness to structural breaks,
responsiveness to regime shifts, and usefulness for downstream decision optimization.

A central challenge is that modern demand processes are increasingly nonstationary.
Historical regularities can be rapidly invalidated by policy interventions, macroeconomic
shocks, supply constraints, or abrupt channel migration. This weakens purely static
model classes and motivates adaptive, probabilistic, and multi-resolution pipelines. Recent
forecasting research and practice therefore emphasize hybrid architectures that combine
statistical baselines, machine learning predictors, and operational calibration layers to
preserve both predictive power and deployability [2,5,6,25]. In this setting, forecasting
must be evaluated as part of a decision system rather than as an isolated modeling task.

Critically, the relationship between forecast quality and supply chain performance is
not direct, it is mediated by the decision rules and system parameters that consume the
forecast. Forecast bias, for instance, does not simply reduce accuracy; positive bias system-
atically inflates safety stocks and working capital, while negative bias increases stockout
frequency and emergency procurement costs. Forecast variance, even when unbiased,
amplifies replenishment instability through the bullwhip mechanism, particularly in multi-
echelon systems with fixed reorder intervals. Calibration, the alignment between predicted
uncertainty and realized outcome distributions, determines whether probabilistic forecasts
translate into appropriate service-level targets or into either chronic over-protection or
under-protection of inventory positions. Horizon sensitivity matters because models that
perform well at short lead times may degrade substantially at the tactical horizons where
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production commitment and supplier allocation decisions are made. These distinctions
imply that evaluating forecast methods solely on point-accuracy metrics such as MAE or
MAPE can be misleading from an operational standpoint: a model with marginally lower
accuracy but better calibration and lower bias may produce superior inventory and service
outcomes when embedded in a replenishment policy. The practical consequence is that
forecast evaluation in supply chain contexts should be decision-consistent, assessed against
the operational cost or service-level impact of the decisions the forecast informs, not against
statistical loss functions in isolation [2,24].

3.2. Recent Methodological Developments
3.2.1. Statistical, Hierarchical, and Probabilistic Forecasting

Statistical forecasting remains foundational, but current developments emphasize
structured combination, hierarchical coherence, and uncertainty-aware outputs. Hierarchi-
cal and aggregation-aware approaches are especially important in supply chains, where
decisions are made simultaneously at Stock Keeping Unit (SKU)-store, category, regional,
and network levels. Evidence from recent supply-chain-focused reviews confirms that
aggregation strategy materially affects forecast quality and should be chosen in relation to
the intended decision layer rather than by convention [30].

Probabilistic framing is equally critical. Inventory and service policies depend on risk
distributions, not only on expected values. Consequently, modern operational pipelines
increasingly require quantile or distributional forecasts that can be mapped to stockout
and overstock costs. This transition aligns with broader forecasting evidence showing that
model ranking under one metric may not transfer to other decision criteria, reinforcing the
need for decision-consistent evaluation frameworks [2,24].

3.2.2. Machine Learning and Deep Learning for Demand Signals

The second major development is the move from local univariate models to global
learning architectures trained across large panels of related series. Deep learning models
such as Temporal Fusion Transformers (TFT) and efficient transformer variants were
developed to handle mixed covariate structures, long-range dependencies, and multi-
horizon outputs in practical forecasting settings [6,25]. Hybrid architectures combining
BiLSTM and NARX networks have also demonstrated strong performance in supply chain
demand forecasting tasks [31]. Their value in supply-chain applications lies in cross-series
generalization, where information from stable demand segments can improve predictions
for sparse or volatile items.

At the same time, interpretability and computational efficiency remain binding con-
straints. Transformer research has therefore evolved toward architectures that reduce mem-
ory complexity and support operational-scale inference while preserving performance [6].
Survey evidence further indicates that transformer-based methods now cover a broad
set of forecasting regimes, but performance depends strongly on data curation, horizon
design, and decomposition strategy [5]. In short, deep models are not universally dom-
inant; they are most effective when embedded in disciplined feature, validation, and
governance workflows.

3.2.3. Competition-Driven and Large-Scale Retail Forecasting Advances

A third methodological stream comes from large-scale benchmarking in retail forecast-
ing. M5 (Makridakis 5, the fifth edition of the Makridakis forecasting competition)-related
studies have accelerated progress in global modeling, ensembling, and hierarchy-aware
evaluation. Importantly, work assessing the representativeness of M5 data suggests only
small discrepancies relative to additional real retailer datasets, supporting cautious transfer-
ability of methodological findings to broader retail contexts [32]. Complementary evidence
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from M5-oriented model-development studies shows that carefully engineered global
ensembles can rank within the top 1% of competition submissions, illustrating the practical
strength of scalable cross-learning pipelines [33].

These developments are relevant for industrial forecasting because they operationalize
three principles: shared learning across many related series, explicit hierarchy handling,
and metric-aware optimization under retail-specific loss functions. The practical implication
is that high-performing demand forecasting is increasingly a systems engineering problem
involving data architecture, model governance, and continuous recalibration.

Table 4 summarizes the core advantage, the principal limitation and the typical de-
ployment context of robust and adaptive demand forecasting approaches.

Table 4. Comparative Perspective on Robust and Adaptive Demand Forecasting Approaches.

Approach Class Core Advantage Principal Limitation Typical Deployment
Context

Key
References

Hierarchical/aggregation-
aware statistical

forecasting

Coherent multi-level
planning support

Requires careful
aggregation design and
reconciliation strategy

Multi-level
supply-chain

planning
[2,30]

Probabilistic forecasting
Direct support for

risk-aware inventory
policies

Calibration and
evaluation complexity

Safety-stock and
service-level
optimization

[2,24]

Global ML forecasting

Cross-series learning
improves

sparse/volatile item
performance

Sensitivity to feature
engineering and drift

Large SKU-location
portfolios [30,33]

Deep sequence models
(TFT/Transformer

family)

Captures nonlinear
dynamics and

long-range
dependencies

Data and infrastructure
intensity;

interpretability
constraints

High-frequency,
high-dimensional

forecasting
[5,6,25]

Competition-informed
ensemble pipelines

Strong empirical
performance at scale

Transfer requires
data/process alignment

Retail demand
platforms with large

panel data
[32,33]

The comparative structure of Table 4 reveals two patterns that cut across forecasting
method families. First, there is a consistent trade-off between predictive power and opera-
tional deployability: deep sequence models and global ML approaches achieve superior
accuracy on complex demand patterns, but impose higher infrastructure, interpretability,
and maintenance requirements than statistical and hierarchical methods. This means that
the optimal method choice depends not only on forecast accuracy but also on the organi-
zation’s data maturity, model governance capacity, and tolerance for retraining overhead.
Second, drift sensitivity appears as a shared vulnerability across all data-driven approaches,
whether statistical, ML, or deep learning, differing only in the speed and severity of degra-
dation. This observation supports the case for ensemble and hybrid pipelines not primarily
for accuracy gains, but as a risk management strategy: methodological diversity reduces the
probability that a single mode of failure simultaneously degrades all forecast components.

3.3. Industrial Impact

Industrial demand forecasting has moved decisively toward integrated, adaptive
pipelines that combine statistical reliability with ML-based signal extraction and opera-
tional decision logic. In retail and consumer-facing sectors, this has improved forecast
responsiveness at fine granularity, enabling better synchronization of replenishment cycles,
lower stockout exposure, and tighter inventory control. The strongest gains are reported
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where pipelines ingest multi-source covariates and continuously re-estimate demand states
rather than relying on static periodic re-forecasting [25,32,33].

From a comparative perspective, method families contribute differently to industrial
value creation. Statistical and hierarchical methods remain strong on stability, auditability,
and coherence across decision levels; deep and global learning models provide superior
adaptivity and cross-series transfer in highly volatile panels; probabilistic outputs create
direct value by translating predictive uncertainty into explicit service-risk tradeoffs. The
evidence reviewed in this section points to a dominant implementation pattern that is hy-
brid: organizations increasingly combine methods rather than selecting a single paradigm,
using each where its failure modes are best controlled [2,25,30,33].

3.3.1. Ready-Made Tools for Adaptive Forecasting

Commercial platforms now expose these capabilities in production-ready form. SAP
IBP provides integrated demand planning, demand sensing, multilevel supply planning,
and what-if simulation in a unified planning process [20]. Blue Yonder’s planning stack
emphasizes AI/ML-driven forecasting, LP-enabled planning, and real-time scenario mod-
eling for connected demand-supply decisions [28]. o9 similarly offers a unified plan-
ning data model with mixed-solver support, touchless automation, and scenario-centric
planning workflows [29].

Amazon Forecast has been widely used as a managed service for time-series and
quantile forecasting across inventory, workforce, and demand use cases, including large-
scale SKU-level settings [34,35]. Across these tools, practical differentiation is less about
headline algorithms and more about integration maturity, hierarchy handling, probabilistic
support, and operationalization speed.

3.3.2. Representative Quantitative Case Study

A representative quantitative deployment is the More Retail demand-forecasting
and automated-ordering program built with Amazon Forecast and integrated into ERP
operations [36]. The case addresses fresh-produce demand at high granularity across a large
network (hundreds of stores and thousands of store-SKU combinations), where forecasting
error directly translates into both spoilage and stockout risk.

Reported outcomes are substantial: forecasting accuracy improved from 24% to 76%,
wastage declined by up to 30% in fresh produce, in-stock rate improved from 80% to
90%, and gross profit increased by 25% [36]. Methodologically, the program combined
segmentation (ABC-XYZ), extensive feature experimentation, quantile-based ordering logic,
and end-to-end automation. The same ecosystem reports additional quantitative gains
in other deployments, including forecast-accuracy improvements and inventory/service
benefits across multiple industries [35].

This case is important for the present review because it demonstrates the operational
mechanism by which robust forecasting creates value: not by improving a benchmark
metric in isolation, but by coupling adaptive forecasts with ordering policy, uncertainty-
aware thresholds, and production-grade execution pipelines. It thus illustrates the broader
thesis of this section that resilient forecasting is an integrated capability spanning model,
data, and decision process design.

It is important to acknowledge the conditions that enabled these results. The More
Retail deployment [36] benefited from a large store network generating high-frequency
transactional data, a clearly defined and high-cost loss function (fresh-produce waste),
organizational commitment to end-to-end automation, and a technically mature integration
with ERP systems. These factors, data richness, process redesign, and implementation
quality, are not universally present across industries or firm sizes. The reported quantitative
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improvements should therefore be understood as achievable under favorable conditions
rather than as expected outcomes of adopting similar algorithms in less mature environ-
ments. Similarly, the broader Amazon Forecast customer evidence [35] typically reflects
early-adopter organizations with above-average data infrastructure and analytics capability,
which limits direct extrapolation to the general population of supply chain operators.

4. Harnessing Digitalization, AI, and Deep Learning for Next-Generation
Integrated Supply Chain Management
4.1. Digital Transformation and Its Supply-Chain Implications

Digital transformation in supply chains has shifted from isolated digitization initia-
tives to system-level redesign of planning and execution architectures. Contemporary
supply chains increasingly operate as cyber–physical, data-intensive networks in which
transactional, sensor, and contextual streams are integrated for near-real-time decision
support. This transition has materially changed the operating logic of supply-chain man-
agement: planning cycles are shorter, control becomes more continuous, and resilience is
treated as a design objective rather than a post-disruption response capability [7,9,19].

A central implication of this shift is that digitalization and intelligence must be co-
designed. Data pipelines without adaptive analytics produce limited operational value,
while AI without trusted data integration and process embedding fails at scale. Recent work
on viability and resilience reinforces that high-performing supply chains require dynamic
reconfiguration capabilities, cross-functional data visibility, and decision mechanisms that
can operate under severe uncertainty [17,18]. Consequently, integrated digital supply
chains are best understood as socio-technical systems in which algorithmic quality, data
governance, and organizational readiness are jointly determinant of performance.

4.2. Recent Methodological Developments
4.2.1. End-to-End Visibility, Digital Twins, and Continuous Monitoring

The first major development is the maturation of end-to-end visibility architectures
based on platform integration, event-driven data flow, and digital representation of opera-
tional states. Digital twins have emerged as a key mechanism in this trajectory, enabling
synchronized analysis of network structure, control policies, and disruption scenarios. In
practical terms, digital twin environments support stress testing, policy comparison, and
contingency design before physical deployment, thereby reducing the lag between sensing
and response [7,9,10,19].

Importantly, visibility is no longer confined to descriptive tracking. It increasingly
supports predictive and prescriptive layers, including anticipated bottleneck detection, lead-
time risk profiling, and dynamic allocation analysis. Recent work further demonstrates
that integrating digital twins with IoT sensing and deep reinforcement learning (e.g.,
DDPG) enables simultaneous optimization of cost, delivery time, and carbon emissions
in agile supply chain settings [37]. This is one reason digitalization is strongly linked to
resilience outcomes in recent empirical literature: visibility improves adaptation quality
when uncertainty is high and response windows are short [38,39].

4.2.2. AI-Driven Planning, Adaptive Optimization, and Autonomous Decision Support

A second development concerns the operationalization of AI across tactical and
execution-level decisions. Reinforcement-learning and deep-learning approaches are being
used to complement traditional optimization in inventory control, supply allocation, and
policy adaptation under stochastic demand and supply conditions [4,11]. Rather than
replacing OR foundations, leading architectures integrate AI components where nonlinear
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signal extraction and fast policy adjustment are most valuable, while preserving feasibility
constraints and controllability through optimization modules.

In parallel, forecasting and planning models increasingly share representations and
pipelines, allowing demand intelligence to propagate more directly into replenishment
and allocation decisions [5,6,25]. The managerial significance is substantial: integrated AI
planning can reduce reaction latency and improve alignment between forecast uncertainty
and operational action. However, literature consistently indicates that deployment success
depends on explainability, robustness monitoring, and failure-mode governance in high-
stakes environments [17,30].

While explainability is frequently cited as a requirement for AI adoption in supply
chain decision-making, the specific technical progress of Explainable AI (XAI) within op-
erations research contexts remains limited. Post hoc attribution methods such as SHAP
(SHapley Additive exPlanations) have been applied to demand forecasting models to
identify which input features, promotions, seasonality, price changes, drive individual
predictions, providing forecast consumers with feature-level transparency. However, SHAP
and similar perturbation-based methods explain predictions, not decisions: they do not
reveal why an optimization model selected a particular replenishment quantity, sourcing al-
location, or safety-stock level given the forecast. Explaining constrained decisions requires a
different class of techniques, including constraint attribution (identifying which constraints
are binding and how relaxing them would change the solution), sensitivity reporting
(quantifying how objective value responds to parameter perturbation), and counterfactual
explanation (showing which minimal input changes would alter the recommended action).
These methods exist in the OR toolkit as duality analysis and parametric programming
but have not been systematically integrated with ML-based planning components into
unified explanation interfaces. A further gap concerns the interpretability of reinforcement
learning policies, where the mapping from state to action is encoded in neural network
weights that resist intuitive summarization. Early approaches using decision-tree distilla-
tion or attention-based policy architectures show promise but have not yet been validated
in production supply chain settings. Until XAI methods are developed that can jointly
explain the predictive and prescriptive layers of hybrid AI-OR systems, explainability will
remain a barrier to adoption in regulated and high-stakes environments.

4.2.3. Interoperability, Data Trust, and Human-Centered Governance

The third development addresses integration barriers across heterogeneous enterprise
landscapes. Legacy ERP/Manufacturing Execution System (MES) cores, cloud-native
planning services, and edge-level automation components often coexist with inconsistent
semantics, update cadence, and ownership rules. Blockchain-based smart contracts offer
a complementary integration mechanism by enhancing traceability, transparency, and ac-
countability across supply chain partners while eliminating single points of failure in trans-
actional record-keeping [40]. As a result, interoperability and trust architecture have become
methodological concerns, not merely IT concerns. Current research and practice emphasize
the need for standardized interfaces, data lineage controls, and governance frameworks
that ensure transparency and accountability of AI-assisted decisions [10,38,41,42].

Human-in-the-loop design is also increasingly treated as a structural requirement for
industrial AI. In integrated supply chains, escalation pathways, exception handling, and
decision explainability are critical to maintain operator trust, regulatory defensibility, and
coordinated execution across organizational boundaries. This aligns with broader resilience
findings: digital capability contributes most when combined with organizational flexibility
and clear governance of model-driven decisions [18,38].
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Table 5 summarizes the principal contribution, the key limitation and the typical de-
ployment of digitalization, AI and deep learning approaches for integrated supply chains.

Table 5. Comparative Analysis of Digitalization, AI, and Deep-Learning Approaches for Integrated
Supply Chains.

Approach Principal
Contribution Key Limitation Typical Deployment

Context Key References

Digital supply twins
Scenario-based

resilience analysis and
policy stress testing

Model-data
synchronization

burden

Network redesign,
disruption planning [7,9,10,19]

Real-time data
visibility platforms

Faster anomaly
detection and control

transparency

Integration complexity
across fragmented

systems

Multi-echelon
monitoring and
control towers

[10,38,39]

AI-assisted demand-
to-replenishment

pipelines

Shorter reaction cycles
and improved tactical

alignment

Data quality and drift
sensitivity

Retail/consumer
planning loops [5,25,36]

RL-based adaptive
inventory/policy

control

Dynamic response
under stochastic

uncertainty

Stability, safety,
explainability

constraints

Multi-echelon
inventory and
replenishment

[4,11]

Hybrid AI-OR
planning

architectures

Feasibility plus
adaptivity in one stack

Higher
implementation

complexity

Tactical planning
under volatility [4,17,42]

Cloud-native
planning suites

Scalable collaboration
and faster deployment

Data governance and
migration risk

Cross-regional
planning and S&OP [20,28,29]

Multi-enterprise
digital collaboration

networks

Better coordination
across suppliers and

channels

Incentive and
interoperability

challenges

Extended enterprise
ecosystems [28,39,43]

Data-analytics-
enabled resilience

capabilities

Stronger adaptability
and recovery
performance

Capability-
development and

change effort

Organizations with
high disruption

exposure
[18,38]

Viability-oriented
supply-chain design

Long-horizon
survivability under
severe disruptions

Measurement and
operationalization

difficulty

Strategic resilience and
transformation

planning
[17,18]

Human-in-the-loop
AI governance

Improves trust,
adoption, and

exception quality

May increase decision
cycle time in some

contexts

Regulated or
high-impact
operations

[10,39,41]

Across Table 5, two structural patterns deserve emphasis. First, the tension between
integration depth and implementation complexity is visible in every row: approaches
that deliver the greatest decision value, digital twins, hybrid AI-OR architectures, multi-
enterprise collaboration networks, are also the most demanding in terms of data governance,
organizational change, and cross-functional coordination. This suggests that the adoption
frontier is defined less by algorithmic availability than by institutional readiness. Second,
explainability and trust constraints recur across AI-assisted planning, RL-based control,
and autonomous decision support, indicating that the human-governance dimension is not
a peripheral concern but a binding constraint on the deployment envelope of advanced
methods. These patterns collectively support the paper’s central thesis that next-generation
supply chain management is fundamentally a systems-integration challenge in which
technological capability must be matched by organizational and governance maturity.

https://doi.org/10.3390/app16094285

https://doi.org/10.3390/app16094285


Appl. Sci. 2026, 16, 4285 17 of 22

4.3. Industrial Impact

The combined adoption of digitalization, AI, and deep learning is already producing
measurable shifts in supply-chain performance, especially in sectors operating under high
volatility and high service-level pressure. Firms report improved responsiveness through
tighter sensing-planning-execution coupling, more frequent replanning, and greater re-
silience to disruption propagation. The practical pattern is clear: value is highest when
digital visibility is operationally connected to adaptive decision logic and embedded into
execution workflows, rather than deployed as stand-alone analytics [9,11,36].

From a comparative perspective, digital twin and simulation environments provide
superior diagnostic depth for structural resilience and contingency design, whereas AI-
driven planning components provide higher short-cycle adaptivity in daily operations.
Cloud planning suites and platform ecosystems improve scalability and collaboration,
but their performance impact depends heavily on data governance maturity and process
redesign quality. Therefore, the reviewed evidence does not support dominance of any
single technology class across all objectives; rather, the strongest reported industrial out-
comes come from layered architectures that combine visibility, optimization, learning,
and governance [7,10,20,28,29].

4.3.1. Ready-Made Tools in Current Practice

Commercial tool landscapes now reflect this layered design. SAP IBP supports inte-
grated demand, supply, inventory, and scenario workflows in a cloud planning context [28].
Blue Yonder provides AI/ML-enabled planning with optimization and scenario capabilities
in a connected suite [28]. o9 emphasizes a unified planning model, solver flexibility, and
automation-oriented decision support [29]. anyLogistix remains a widely used environment
for network design, simulation, and risk analysis, particularly in strategic and tactical what-
if studies [27]. Amazon Forecast has been used as a managed forecasting component in
broader operational architectures and integrated with enterprise ordering systems [34,36].

Across these tools, selection is increasingly driven by interoperability characteris-
tics, governance fit, scenario depth, and operationalization speed, rather than by isolated
algorithmic claims. In other words, tool performance is architecture-dependent: capabili-
ties generate value when integrated with enterprise data flows, process ownership, and
execution controls.

4.3.2. Representative Quantitative Case Study

A representative implementation is the More Retail and Ganit deployment using
Amazon Forecast integrated with Oracle ERP for automated ordering in a large grocery
network [36]. The program targeted fresh-produce demand at store-SKU-day level, where
both under-forecasting (stockouts) and over-forecasting (wastage) carry material financial
penalties. The deployment combined feature-rich ML forecasting, quantile-based ordering
logic, and end-to-end automation.

Reported quantitative outcomes include an increase in forecast accuracy from 24%
to 76%, wastage reduction by up to 30% in fresh produce, in-stock-rate improvement
from 80% to 90%, and gross-profit increase by 25% [36]. The broader Amazon Forecast
customer evidence also reports quantified improvements in related contexts, including
9.9% SKU-management improvement valued at over £110 million (The Very Group), 8%
forecast-accuracy improvement with projected annual savings (Foxconn, New Taipei City,
Taiwan), and measurable inventory/service gains in retail deployments [35].

The case demonstrates the central argument of this section: industrial impact does
not arise from model sophistication alone, but from integrated architecture. Forecasting,
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ordering, ERP connectivity, and governance were implemented as a coherent decision
system, converting digital and AI capability into measurable operational outcomes.

As noted in Section 3.3.2, the quantitative outcomes reported here reflect a deployment
with favorable data conditions, strong organizational commitment, and end-to-end process
integration; these contextual factors are integral to the result and should be considered
when assessing transferability to other settings.

Translating these governance principles into engineering practice requires a set of
concrete technical mechanisms that are increasingly documented in applied AI deployment
literature but remain underspecified in most supply chain optimization studies. Model
monitoring entails continuous tracking of prediction-versus-actual distributions, with
automated alerts triggered when statistical divergence (e.g., via population stability index
or Kolmogorov–Smirnov tests) exceeds predefined thresholds, signaling potential concept
drift. Retraining cadence must be determined not by fixed schedules but by monitored
performance degradation, with pre-validated retraining pipelines that can execute without
production downtime. Drift detection should operate at both the input level (covariate
shift in demand signals, lead-time distributions, or supplier behavior) and the output level
(forecast error trend, policy reward degradation in RL systems). Confidence thresholds
govern when an AI-generated recommendation is auto-executed versus escalated for
human review: a replenishment order within historical bounds and high model confidence
may proceed autonomously, whereas an anomalous demand spike triggering unusual
allocation should invoke a manual override pathway. Fallback procedures define what
happens when the AI component fails entirely, for instance, reverting to a rules-based
safety-stock policy or the last validated plan. Exception management protocols must
specify escalation rules, resolution authority, and time limits to prevent decision queues
from stalling execution. Finally, auditability requires that every AI-assisted decision is
logged with its input state, model version, confidence score, and whether human override
occurred, creating a traceable decision record for both operational review and regulatory
compliance. Without these mechanisms, governance remains aspirational rather than
operational, and the reliability gap between pilot demonstrations and production-grade
deployment persists.

5. Conclusions and Future Research Directions
5.1. Integrative Conclusions

This review shows that the strongest advances in supply chain optimization come
from integration rather than substitution: AI methods improve perception, prediction, and
adaptation, while OR models preserve structure, feasibility, and decision quality under con-
straints. Across the literature, digital twins, learning-based forecasting, and optimization
models each contribute different strengths, but the reviewed evidence indicates that their
value increases substantially when they are connected in a single decision architecture, par-
ticularly in environments with compound disruption risk and multi-objective performance
requirements. In practical terms, organizations benefit most when forecasting outputs are
translated into scenario-aware plans, those plans are stress-tested in simulation, and final
decisions are validated against operational constraints and service-level targets.

A second central conclusion is that resilience and viability cannot be treated as af-
terthoughts to efficiency. Recent disruptions have shown that models optimized only
for nominal conditions often fail when lead times, demand patterns, or logistics capacity
shift abruptly. Based on the converging evidence from the studies reviewed, we observe
an emerging consensus that robust performance requires multi-objective formulations in
which cost, service, carbon impact, and recoverability are jointly managed. This shifts the
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goal from static optimality to adaptive optimality, where decision policies remain effective
across a wider range of operating states.

To align the strength of these conclusions with the underlying evidence, we distin-
guish three tiers of confidence. The first tier, consistently supported across the reviewed
literature, includes the superiority of integrated method architectures over isolated de-
ployment in volatile multi-echelon settings, the mediating role of decision rules between
forecast quality and operational outcomes, and the binding nature of governance and
data quality as deployment constraints. The second tier, promising but context-dependent,
includes the performance advantage of hybrid AI-OR architectures (which diminishes in
stable, low-complexity environments), the adaptive potential of reinforcement learning
for inventory control (where production-grade longitudinal evidence remains limited),
and the operational value of digital twins (which depends on synchronization fidelity that
many organizations have not yet achieved). The third tier, forward-looking rather than
empirically established, includes the vision of continuously learning decision ecosystems,
multi-objective optimization that jointly manages cost, service, resilience, and environmen-
tal impact at scale, and the potential role of foundation models in planning workflows.

5.2. Managerial and Industrial Implications

Drawing on the deployment patterns and case evidence reviewed in Sections 2–4, we
suggest that the primary practical implication is architectural: firms benefit from avoiding
fragmented analytics pipelines where forecasting, planning, and execution tools operate
independently. A layered implementation is more effective, with data governance and
feature engineering at the base, forecasting and risk sensing in the middle, and optimiza-
tion plus execution control at the top. This structure reduces decision latency, improves
traceability, and supports faster replanning when disruptions occur.

Implementation success also depends on organizational capability, not only model so-
phistication. Companies that realize measurable value typically establish shared ownership
between operations, data science, and IT; define model-refresh and fallback procedures;
and track impact through operational KPIs rather than isolated model metrics. In this
context, deployment discipline matters as much as algorithm choice: a moderately complex
but well-governed pipeline can outperform an advanced model that is poorly integrated
into planning and execution workflows.

5.3. Methodological Gaps and Research Priorities

Despite rapid progress, several methodological gaps remain. Many published studies
still evaluate models in narrow experimental settings, which limits generalizability across
sectors and disruption regimes. Future research should prioritize cross-domain bench-
marking with common datasets, transparent evaluation protocols, and stress-test scenarios
that reflect realistic supply uncertainty. This would improve reproducibility and make
performance claims more decision-relevant for practitioners.

Another priority is interpretable and risk-aware decision intelligence. As hybrid
AI-OR systems become more autonomous, decision-makers need clear explanations for
why a recommendation changes, how uncertainty propagates, and which constraints are
binding. Research should therefore emphasize explainability mechanisms, uncertainty
quantification, and human-in-the-loop control policies. In parallel, more attention is needed
for lifecycle issues such as concept drift, model decay, retraining cadence, and governance
of digital twin fidelity over time.

5.4. Final Perspective

The trajectory suggested by the reviewed literature points from isolated optimization
models toward continuously learning decision ecosystems. The next wave of contribution
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will likely come from systems that couple predictive accuracy with operational accountabil-
ity: they will forecast better, optimize under competing objectives, and adapt safely under
disruption while remaining transparent to human decision-makers. In that direction, the
most valuable research is not the one with the most complex standalone algorithm, but the
one that demonstrably improves end-to-end supply chain decisions under real constraints
and real uncertainty.
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The following abbreviations are used in this manuscript:

ABC-XYZ Inventory/demand segmentation classification
AI Artificial Intelligence
AI-OR Artificial Intelligence and Operations Research
ARIMA AutoRegressive Integrated Moving Average
DL Deep Learning
ERP Enterprise Resource Planning
IBP Integrated Business Planning
IoT Internet of Things
IT Information Technology
KPI/KPIs Key Performance Indicator(s)
LP Linear Programming
LSTM Long Short-Term Memory
M5 M5 forecasting competition, commonly referring to the fifth Makridakis competition
MES Manufacturing Execution System
MIP Mixed-Integer Programming
ML Machine Learning
OR Operations Research
RL Reinforcement Learning
SAP Systems, Applications, and Products
S&OP Sales and Operations Planning
SKU Stock Keeping Unit
TFT Temporal Fusion Transformer
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