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Data-Driven Innovation in Supply Chains
and Manufacturing

This book explores how modern technologies—especially data analytics,
machine learning (ML), and the Internet of Things (IoT)—are transforming
supply chain and manufacturing operations. Bridging academic research
and industrial practice, this book presents data as a strategic asset driving
agility, efficiency, and resilience.

Structured around four themes, it covers:

= Foundational analytics and optimization

= Predictive and prescriptive analytics for proactive decision-making

= Real-time IoT data for workflow monitoring and control

= Digital Twins and Natural Language Processing (NLP) for modeling
and interaction

Chapters include mathematical modeling, case studies, and implementation
frameworks, with coverage spanning stochastic forecasting, reinforcement
learning, anomaly detection, and semantic parsing of logistics
documentation.

Key benefits include its emphasis on integrated intelligence—blending
ML, IoT, and simulation for real-time, predictive insights. It also highlights
scalability across industries, with tools adaptable to sectors like automotive,
healthcare, and aerospace. Each chapter concludes with open problems and
future directions, offering a roadmap for innovation in intelligent
operations.
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Chapter 1

Introduction to Data-Driven Supply
Chains and Manufacturing

Isha Karn

DOI: 10.4324/9781003724889-1

1.1 Introduction

Supply chains are essential socio-technical systems that need to function reliably
despite ongoing demand uncertainty and execution volatility. Over the last 20
years, a revolution in supply chain and manufacturing (SCM) systems in the
global marketplace has taken place because of rapid advances in digital
technologies, advanced datasets, and models that allow for operational insights at
scale [1]. When uncertainty is spread over networks that are connected and
layered, traditional ideas of supply chain management—periodic planning, siloed
decision-making, and heuristic-based coordination—can no longer function in
these contexts [2]. This is not a series of incremental improvements, as illustrated
in Figure 1.1 [3], but a fundamental change in supply chain design, coordination,

optimization, and algorithmic decision assistance via artificial intelligence (Al),
machine learning (ML), and computational technologies [4].
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Figure 1.1 Structural evolution of supply chain decision-making
architectures, illustrating the transition from siloed, periodic
planning to Industry 4.0—enabled systems with integrated data
flows, learning-based prediction, and algorithmic decision support.
The figure highlights how increasing digitalization and AI adoption
enable real-time visibility and automation, while also motivating
the need for closed-loop coupling between predictive and
prescriptive models. <1

This shift is driven by the increasing deployment of sensing and Internet of
Things (IoT) devices, scalable cloud platforms, and learning models that can
model complex and nonlinear operational processes [3]. In this respect, Industry
4.0 has thus become the most significant and increasingly concrete model of the
growing intricacy of physical and digital systems in manufacturing and supply
chains [6]. Industry 4.0 builds upon previous industrial revolutions—
mechanization, mass production, automation, and computerization—and
integrates cyber-physical systems, [oT connectivity, cloud computing, and data-

creation of “smart factories” and “smart supply chains” that keep track of
operations, analyze data autonomously, and make decisions without human
intervention [9, 10, 11].

Although Table 1.1 summarizes this, the mere adoption of digital technologies
does not always lead to honest end-to-end decisions. While initiatives related to
digital transformation and Industry 4.0 are consistently cited as evidence of the




availability of data in real time v/, interconnectivity within systems, and

coordinated model with respect to uncertainty X, sustainability constraints, and
unifying decision logic. In particular, Table 1.1 highlights a sustained structural
gap—while AI/ML models are being used increasingly and more frequently for

forecasting and optimization (v'), they are developed and assessed separately, not

as part of a closed-loop decision system (X). Also, improvements to individual
analytical models often fail to translate into actual performance gains.

Table 1.1 Comparative Mapping of Foundational Technological, Organizatiol

Digital Industry | Organizational | Externa.

Main Feature : .
Transformation | 4.0 Reconfiguration | Pressure

Structural shift v v v v
from traditional
to real-time

Integrated data v v v X
flows and
system
interconnectivity

Cyber-physical v v X X
and IoT-enabled
operations

Network v v v X
redesign and

coordination
restructuring

Market volatility | % X v v
and geopolitical
uncertainty




Digital Industry | Organizational | Externa

Main Feature : .
Transformation | 4.0 Reconfiguration | Pressure

Sustainability X X v v
and regulatory

compliance
pressures

Multisource data | v v X
integration
across enterprise
systems

Transition from V4 v v X
reactive to
predictive
operations

Algorithmic v v v X
decision support

and automation

Optimization of v v v X
forecasting,
planning, and
logistics

paradigms, respectively. The table exposes a persistent gap between predictive
analytics and prescriptive decision-making—despite widespread adoption of
digital infrastructure and Al—motivating integrated, closed-loop models that
resolve the predictive—prescriptive disconnect.

The restriction is especially important under pressure from outside. The
fragility of highly dispersed supply networks across the globe has been exposed
by increasing demand volatility, the rapid tempo of digital sales channels and
shorter product lifecycles [12,13], geopolitical disruptions affecting sourcing and
distribution [14], and systemic shocks such as the COVID-19 pandemic [15,16].
At the same time, regulatory and social expectations relating to sustainability,
carbon reduction, and ethical sourcing are challenging constraints that are



established within organizations (v’ in Table 1.1) but have not been adequately
integrated into algorithmic decision models (X) [17]. Combining these forces

forecasts, modular analytics, and manual coordination.
To overcome this problem, organizations are increasingly turning to data-

networks [18]. For effective functioning, it is necessary to combine information
from multiple sources, such as enterprise systems, transportation and logistics
platforms, supplier portals, market signals, weather data, and IoT streams [19].

While such consolidation is more transparent (v in Table 1.1), decision-making
must also be driven by decision systems that can bring predictive insights into
action within the whole system. Models based on Al and ML are important
because they learn from historical and real-time data, provide accurate forecasts,
and enable decision-making in several contexts [20,21]. Currently, these models
serve many SCM functions, including demand forecasting, inventory
management, production planning, supplier risk assessment, quality control, and
logistics optimization [22, 23, 24].

continue to view forecasting models, transactional analysis models, and
optimization models as components that are loosely coupled and essentially
modular. This separation results in a fundamental limitation, known as the
predictive—prescriptive disconnect. In this context, predictive accuracy
enhancements do not consistently result in service levels, robustness, or resilience

improvements. The mixed v//X patterns shown in Table 1.1 clearly illustrate this
disconnect. To address this limitation, we need to go beyond refining individual
models and instead develop architectures that integrate prediction and decision-
making into a single model.

This chapter presents Integrated Data-Driven Analytics for Supply Chain
Management (IDASCM), a closed-loop model that explicitly links probabilistic
demand forecasting, transactional irregularity modeling, and prescriptive

recurrent forecasting models to produce calibrated demand distributions. These
distributions are directly included in planning and inventory optimization models
rather than being assigned as discrete predictive outputs. This coupling
guarantees that uncertainty is maintained and addressed at every stage of the
decision pipeline.

The proposed model is evaluated empirically with two complementary public

reduces the prediction error of demand by 22%—30% relative to the single-model



baseline for the M5 Forecasting dataset, demonstrating significant increases in the
case of seasonal and intermittent demand. Combined with planning optimization,
this coupling results in inventory fill rates between 20% and 25% higher but still
maintaining the same cost and service-level constraints. Applying the dataset on
UCI Online Retail, the ratio of transactional irregularity modeling to optimization
reduces the frequency of stockouts by 18%—27% relative to the unintegrated
model. Ablation experiments on both sets show that omitting probabilistic
forecasting or optimization coupling reduces service performance by up to 15%.
This demonstrates that the improvements observed arise from modeling
integration rather than from modeling enhancements alone.

This chapter is constructed to evolve in a systematic manner from the
conceptual to the empirical. Section 1.2 presents research involving data-driven

optimization, and resilience. Section 1.3 provides the datasets, preprocessing
steps, and the analytical pipeline for IDASCM. The experimental design and
evaluation procedures are described in Section 1.4. Section 1.5 showcases
empirical findings, featuring cutting-edge comparisons, cross-domain
evaluations, and ablation studies. Ultimately, Section 1.6 provides a summary of
the key results and explores their significance for research and practice.

1.2 Related Works

engineering. They were primarily focused on developing mathematical models to
support local decision-making problems like inventory control [25, 26, 27, 28],
production planning [29, 30, 31], and distribution. Traditional inventory models,
including the newsvendor model and its variations, established rigorous analytical
frameworks for navigating cost and service trade-offs under uncertain

offer robust analytical foundations for inventory and production decisions (v),
but they function independently and lack system-wide coordination, real-time

information exchange, and integration with downstream decision-making (X).

Table 1.2 Comparative Mapping of Foundational Decision Constructs in Trac




Main Feature

Classieal
Inventory
Models

MRP/MRP
II/ERP

Lean and
JIT
Practices

Inter-
Organizational
Integration

Si
Si

Analytical
foundations
for inventory
and
production

v

X

X

X

System-level
coordination
of
procurement
and
production

Enterprise-
wide
information
architecture

Waste
reduction and
process flow
optimization

Pull-based
production
and defect
minimization

Real-time and
shared
information
among
partners




: Si
Classical Lean and | Inter-
Main Feature Inventory MRP/MRP JIT Organizational St

Models [/ERP Practices | Integration

wle

Bullwhip X X X v
effect

mitigation
through
information
sharing

Alignment of X X X X v
supply chain
with
competitive
strategy

Differentiation | X X X X v
between
efficient vs.
responsive
chains

Foundations V4 N4 v v 4

for modern
data-driven

architectures

v and X denote the presence and absence of each functional capability,
respectively. Classical inventory models, enterprise planning systems, and lean
practices establish essential analytical and organizational foundations. The table
highlights their limited support for uncertainty propagation, adaptive decision-
making, and closed-loop coupling between predictive and prescriptive models—
motivating the need for integrated decision architectures.

and Enterprise Resource Planning (ERP), marked a transition toward coordinating
procurement and production across the entire enterprise. These systems facilitated



the creation of structured information architectures and coordinated planning
across different functional units. In accordance with this, Table 1.2 indicates
system-level coordination and enterprise-wide information architecture under

MRP/ERP with a v. These systems depend on periodic replanning, deterministic
inputs, and rule-based execution. As a result, they are not suitable for adaptive
decision-making, uncertainty propagation, or closed-loop predictive—prescriptive
coupling. The introduction of Lean and Just-in-Time (JIT) practices enhanced
operational efficiency by focusing on minimizing waste, implementing pull-based
production, and reducing defects. Table 1.2 demonstrates that these paradigms

attain v for both process flow optimization and execution discipline.
Nonetheless, they are primarily focused on execution and rely on established

rules and stable operating conditions, resulting in X for predictive modeling,
uncertainty-aware planning, and algorithmic decision integration.

Further research into inter-organizational integration and information sharing
showed that the exchange of demand and inventory data among supply chain
partners can alleviate the bullwhip effect and enhance coordination. Table 1.2

indicates v for real-time and shared information among partners in these
contexts. Nevertheless, the logic behind decisions was still decentralized and
managed manually, lacking sufficient resources for unified planning or automated

decision feedback (X).

Higher-level alignment between supply chain structure and competitive
priorities, such as efficiency versus responsiveness, was introduced by strategic

supply chain design models. As shown in Table 1.2, these models offer v for
strategic alignment and differentiation. However, they function at a level of
abstract planning and do not provide operational decision models that combine

forecasting uncertainty with prescriptive actions (X).

With Industry 4.0 came the introduction of cyber-physical systems, 10T
connectivity, cloud computing, and digital twins as essential components for
44, 45, 46, 47]. These technologies are mainly focused on enhancing local
capabilities, rather than providing end-to-end decision integration, as shown in
Table 1.3. Cyber-physical systems offer tightly linked sensing—computation—
physical operations and autonomous control loops in production environments

(V), and IoT aggregations allow for real-time visibility and traceability across
networked assets and logistics networks (V). Cloud computing allows for



scalable computational resources and on-demand support for advanced analytics
platforms (v in Table 1.3), and digital twins replicate physical systems for

simulation, scenario testing, and predictive maintenance (v'). However, as
illustrated in Table 1.3, these features are relatively rare across technological
pillars X, and the entries indicate that there is no coherent logic of decision that
allows sensing, prediction, and optimization to be integrated across the supply
chain.

Table 1.3 Comparative Assessment of Technological and Organizational Cap:

Cyber-
Main Feature Physical
Systems

loT Cloud Digital | Organiz
Integration | Computing| Twins Transfo.

Digitally v X X X X
integrated

sensing—
computation—
physical
operations

Autonomous v X X X X
monitoring and

control loops

Real-time X v X X X
operational

visibility across
networks

Enhanced X v X X X
traceability and

anomaly
detection

Scalable, on- X X v X X
demand

computational
resources




Main Feature

Cyber-
Physical
Systems

loT
Integration

Cloud
Computing

Digital
Twins

Organiz
Transfo.

Support for
advanced
analytics and
collaborative
platforms

X

X

v

X

X

Virtual
replication for
simulation and
predictive
maintenance

Scenario

testing and
continuous
synchronization
with physical
systems

Governance,
workforce, and
process
redesign
requirements

Barriers such as
legacy systems,
skills gaps, and
cultural
resistance

Business-goal
alignment and
incremental
adoption
pathways




v and X indicate the presence and absence of each capability in prevailing
Industry 4.0—enabled systems, respectively. The table highlights that while
sensing, connectivity, and computational infrastructure are widely adopted,
integrated decision logic and closed-loop coupling between predictive and
prescriptive models remain largely absent, motivating unified decision
architectures.

Table 1.3 notably emphasizes that the redesign of governance and
organizational transformation are acknowledged as necessities, not as established
capabilities. Although governance, workforce upskilling, and process redesign are

identified as essential (V), their successful execution is hindered by ongoing

difficulties like legacy system integration, skills gaps, and cultural resistance (V'
under implementation challenges). Consequently, the implementation of Industry
4.0 often improves the availability of data and the automation of processes, but
does not create a closed-loop connection between forecasting and optimization
models.

analysis, dashboarding, and variance identification, as summarized in Table 1.4,

but are X for predictive and prescriptive decision-making. They mainly serve to
provide retrospective insight, as opposed to decision support that is forward-
looking or action-oriented. The advent of large-scale and heterogeneous data
sources made it possible to create predictive analytics models for demand
forecasting, disruption prediction, and risk assessment. These models utilize large

data sources and ML to predict future system states, as indicated by v entries for
predictive analytics, big data sources, and ML models in Table 1.4. Although
predictive models greatly enhance forecasting accuracy and situational
awareness, they usually yield point estimates or uncertainty summaries that are
not directly linked to downstream decision-making processes.

Table 1.4 Comparative Mapping of Analytical Capabilities in Supply Chain A
Descriptive, Diagnostic, Predictive, and Prescriptive Models <1




Main Feature

Descriptive
Analytics

Diagnostic
Analytics

Predictive
Analytics

Prescriptive
Analytics

Historical trend
analysis and
performance
visualization

v

X

X

X

Dashboard
design and
enterprise data
integration

Root-cause
identification of
operational
variances

Drill-down, data
mining, and
multivariate
techniques

Demand
forecasting and
disruption
prediction

Equipment
failure detection
and transport
delay prediction

Risk
assessment,
quality
assurance, and
network
planning




Descriptive | Diagnostic | Predictive | Prescriptive

Main Feature Analytics Analytics Analytics | Analytics

Optimization- X X X v
driven decision
recommendation

Simulation, X X X v
scheduling,

routing, and
sourcing
optimization

Integrated X X v v
predictive—
prescriptive
decision systems

v and X indicate whether each capability is explicitly supported in prior work.
The table highlights that while predictive and prescriptive models have advanced
substantially, they are often developed and evaluated in isolation, exposing a
persistent predictive—prescriptive disconnect that limits end-to-end decision
effectiveness.

At the same time, prescriptive analytics models offered decision
recommendations based on optimization and simulation for inventory
management, production, routing, and sourcing. Table 1.4 demonstrates that

prescriptive analytics accomplishes v for optimization-driven decision
recommendation, as well as scheduling and routing optimization. However, these
models often work with fixed or externally provided forecasts, treating predictive
outputs as static inputs rather than components that are dynamically linked.

It is important to note that Table 1.4 shows that integrated predictive—
prescriptive decision systems are still more of an exception than a standard

practice. The last row shows that such systems exist (v'), but their presence is
indicative of isolated or domain-specific implementations, not a prevailing

the development, assessment, and implementation of predictive and prescriptive
models occur independently (X via intermediate integration pathways), with



uncertainty seldom carried through decision stages. Consequently, enhancements
in predictive accuracy do not consistently lead to better operational decisions.

accuracy and pattern discovery beyond what classical statistical models can
achieve, by learning complex, nonlinear relationships from operational data [57,

demand forecasting, supplier classification, and defect detection, as summarized
in Table 1.5. This reflects their effectiveness in predictive tasks that map

historical inputs to future outcomes. These models also demonstrate v for
acquiring flexible, nonlinear representations that enhance performance in the face
of demand variability and complex feature interactions.

Table 1.5 Comparative Mapping of ML Model Classes and Their Functional |

Main Feature

Supervised
Learning

Unsupervised
Learning

Reinforcement
Learning

Deep
Learning

Enhancement
over classical
forecasting
and
classification

v

X

X

v

Demand
forecasting,
supplier
classification,
and defect
detection

Learning
nonlinear
relationships
and flexible
model
structures




Main Feature

Supervised
Learning

Unsupervised
Learning

Reinforcement
Learning

Deep
Learning

Clustering-
based
supplier and
customer
segmentation

X

v

X

X

Detection of
operational
irregularities
and quality
deviations

Identification
of hidden
behavioral
patterns in
SCM data

Adaptive,
sequential
decision-
making for

operations

Inventory
management,
dynamic
pricing, and
scheduling
optimization

Handling
high-
dimensional
state spaces




Main Feature Supervised | Unsupervised | Reinforcement| Deep

Learning Learning Learning Learning
Autonomous, | X X N4 v
self-
improving
operational
systems

»

v and X denote whether a given model class explicitly supports each capability.

The table shows that while ML models substantially improve predictive accuracy
and pattern discovery, their integration with prescriptive decision models remains
limited, reinforcing the predictive—prescriptive disconnect addressed in this work.

decision support. Table 1.5 illustrates that clustering and anomaly detection

models attain v for identifying concealed behavioral patterns, segmenting
suppliers and customers, and detecting operational anomalies and quality
deviations. Nonetheless, these models are fundamentally descriptive or diagnostic

(X for decision-making), as they do not directly recommend actions or optimize
subsequent decisions.
Reinforcement learning (RL) models broaden the application of ML to include

sequential decision-making. As illustrated in Table 1.3, there is a v for adaptive

decision-making, inventory management, pricing, and scheduling, as well as a v/
for managing high-dimensional state spaces when used in conjunction with deep
learning. Due to these characteristics, RL models show promise in the context of
autonomous control. However, RL models are usually assessed in simulated or
1solated settings and do not explicitly connect with optimization models at the

Importantly, Table 1.5 demonstrates that integrated decision pipelines and end-

to-end coordination with prescriptive optimization systems result in consistent X
entries across all ML model classes. Even when ML models impact decisions—
through forecasts, anomaly signals, or learned policies—their outputs are often
regarded as independent inputs rather than as parts of an integrated, closed-loop
decision model. Uncertainty arising from ML models is seldom carried into
optimization or planning decisions in a systematic way. Thus, even though ML
models greatly improve predictive accuracy, representation learning, and pattern

discovery (v in Table 1.5), they don’t really solve the problem of how to turn



predictions into operational decisions (X). This structural limitation exacerbates
the disjunction between prediction and prescription, underscoring the need for
integrated models that explicitly connect ML-based prediction to prescriptive

making, offering formal representations for facility location, production planning,
inventory control, and transportation routing. Tractable representations of these
problems were established by classical optimization models based on linear,
integer, mixed-integer, and nonlinear programming. These models continue to be

Table 1.6, these models attain v for structured mathematical formulations and
algorithmic solvability, incorporating established solution methods like branch-
and-bound and decomposition techniques. Nonetheless, they remain X regarding
explicit uncertainty modeling, multi-objective trade-offs, and integration with
predictive models. Further research broadened these formulations using stochastic
and robust optimization methods to directly address demand uncertainty and

disruptions. According to Table 1.6, there is a v’ for modeling uncertainty and for
cost—resilience—risk trade-offs in these models. Nevertheless, these extensions
still depend on demand scenarios or point estimates provided externally, leading

to X for dynamic uncertainty propagation and feedback between predictive and
prescriptive components. Likewise, multi-objective optimization models include

sustainability and service-level objectives (v'), but function independently of
forecasting models and execution feedback (X).

Classical Stochastic Multi- MIL—
Main Feature Optimization | and Robust Objective Optimizati
Models Optimization | Optimization | Integratior
Linear, integer, | X X X
mixed-integer,
nonlinear

formulations




Main Feature

Classical
Optimization
Models

Stochastic
and Robust
Optimization

Multi-
Objective
Optimization

ML—
Optimizati
Integratior

Facility
location,
network
design, and
lot-sizing
models

v

X

X

X

Production
planning,
scheduling,
and
sequencing

Algorithmic
models
(branch-and-
bound,
decomposition,
heuristics)

Modeling
uncertainty
and disruptions

Cost—
resilience—risk
trade-off
modeling

Sustainability
metrics
(emissions,
compliance,
service levels)




Main Feature

Classical
Optimization
Models

Stochastic
and Robust
Optimization

Multi-
Objective
Optimization

ML—
Optimizati
Integratior

ML-based
forecasts
integrated into
prescriptive
models

X

X

X

v

Surrogate

models for
large-scale
simulation

Real-time,
dynamic
routing and
Electric
Vehicle (EV)
routing

Integrated
routing—
inventory
formulations

Modular DSS
with
orchestration
and human-in-
the-loop

Explainability,
trust, and
collaborative
interfaces




Classical Stochastic Multi- ML—
Main Feature Optimization | and Robust Objective Optimizati
Models Optimization | Optimization | Integratior
Governance, X X X X
data quality,
and change
management

v and X denote the presence and absence of each capability in prior work,
respectively. The table shows that, despite advances in stochastic optimization,
multi-objective modeling, and ML—optimization integration, most systems treat
predictive outputs as static inputs, leaving feedback and uncertainty propagation
weakly integrated and reinforcing the predictive—prescriptive disconnect.

Recent advancements in the integration of ML and optimization have led to the
inclusion of learned demand or travel-time forecasts in prescriptive optimization

models. This has resulted in v for the incorporation of forecasts and surrogate
modeling to expedite large-scale simulations. However, this integration is
predominantly one-way, as shown in Table 1.6—predictive outputs are regarded

as static inputs for optimization models (X), without any closed-loop feedback
from optimization results or execution signals to forecasting models. As a result,
uncertainty does not carry over or get updated throughout the decision stages.

Dynamic routing and transportation models enhance prescriptive capabilities
by facilitating real-time vehicle routing and integrated routing—inventory

formulations (v in Table 1.6). However, these models prioritize execution-level
responsiveness over end-to-end decision integration, and they do not provide
unified orchestration across forecasting, planning, and optimization.

In practice, optimization models are primarily implemented within Decision

criteria for modular orchestration, human-in-the-loop control, explainability, and
governance-related functions like data quality management and change control.
Even with these developments, optimization models in DSS platforms are usually
integrated downstream of predictive components. This maintains a pipeline
structure in which predictive outputs do not change and uncertainty feedback is

lacking (X).



objectives of service and cost efficiency by adding environmental and social
factors, such as emissions, resource consumption, labor conditions, and ethical
sourcing [69, 70, 71, 72]. Initial sustainability models focused on measurement
and accounting, creating decision models for emissions quantification, lifecycle
assessment, and footprint reporting. As shown in Table 1.7, these capabilities are

firmly established (V') for environmental impact assessment, offering the essential
visibility needed for sustainability-aware SCM.

Table 1.7 Comparative Mapping of Sustainability-Related Decision Capabilit
Environmental, Social, Analytical, and Governance Dimensions <1

Circular
Environmental | Social Economy | Advancec
Main Feature Impact Sustainability | and Analytics
Assessment Metrics Reverse and ML
Logistics
Emissions, waste, | X X X
and resource
quantification
Lifecycle v X X X
assessment and
footprint
accounting
Integration of v v X X
sustainability
metrics into
procurement and
production
Labor conditions, | X v X X
ethical sourcing,
and compliance
indicators




Main Feature

Environmental
Impact
Assessment

Social
Sustainability
Metrics

Circular
Economy
and
Reverse
Logistics

Advancec
Analytics
and ML

Reverse logistics
design and
product recovery
operations

X

X

v

X

Remanufacturing,
recycling, and
closed-loop
modeling

Multi-objective
models with
carbon and
circularity
constraints

Predictive
modeling of
returns and
component
lifetimes

IoT-/blockchain-
enabled
emissions and
material-flow
monitoring

Supplier capacity
building and
performance
contracts




Circular

Environmental | Social Economy | Advancec
Main Feature Impact Sustainability | and Analytics
Assessment Metrics Reverse and ML
Logistics
Dynamic X V4 X v

monitoring and
social-risk
detection

»

v and X indicate whether each capability is explicitly supported in prior models.
The table shows that while sustainability metrics and monitoring have advanced,
their integration into unified predictive—prescriptive decision models remains
limited, reinforcing the predictive—prescriptive disconnect in sustainability-
oriented SCM.

Later work broadened the focus to include social sustainability, presenting
models that monitor labor conditions, supplier adherence, and ethical sourcing

methods. Table 1.7 demonstrates a consistent v/ endorsement of social
sustainability metrics and governance mechanisms, especially in supplier
engagement and compliance monitoring. While these contributions allow
organizations to evaluate sustainability performance across multi-tier supply
networks, they tend to be mostly descriptive or constraint-based rather than linked
to decision-making. Recent developments include models of the circular economy
and reverse logistics, focusing on product recovery, remanufacturing, recycling,
and closed-loop material flows. As shown in Table 1.7, circularity-related

decision models attain v for reverse logistics design and lifecycle recovery
modeling, involving partial integration of advanced analytics and ML for
predicting returns and component lifetimes. Nonetheless, these models usually
function as specialized subsystems instead of parts of integrated planning and
execution models.

Digital traceability technologies, such as IoT- and blockchain-enabled
monitoring, enhance the granularity and reliability of sustainability data. Table

1.7 demonstrates v/ backing for emissions and material-flow monitoring through
digital traceability, as well as for dynamic social-risk detection when paired with
analytics. Nonetheless, these capabilities mainly improve monitoring and
reporting, with limited influence on prescriptive planning decisions.



capabilities that include anticipation, absorption, recovery, and adaptation in
response to disruptions [73, 74, 75]. Early resilience models emphasize structural
and policy-based mechanisms, including supplier diversification, safety stock,

redundancy, and contingency planning. Classical resilience strategies attain v’ for
risk identification across supply, demand, and operations, as well as for
redundancy-based mitigation and efficiency—resilience trade-off analysis, as
shown in Table 1.8. However, these models are mainly based on static evaluations

and predetermined response policies, demonstrating X for real-time detection,
predictive modeling, and dynamic decision execution.

Table 1.8 Comparative Mapping of Supply Chain Resilience Models across St
Strategies, Analytical Tools, and Digital Enablers <1

Control-
Classical Network Da.ta— Machine | Tower
: o and Driven :
Main Feature Resilience S Learning | and
. ystem Early : .
Strategies Modeling | Warning for Risk Digital
Platform
Risk v X X X X
identification
across supply,
demand,
operations,
finance
Anticipation, v X X X X
absorption,
recovery,
adaptation
capability set
Supplier v X X X X
diversification,
safety stock,
redundancy




Main Feature

Classical
Resilience
Strategies

Network
and

System
Modeling

Data-
Driven
Early
Warning

Machine
Learning
for Risk

Control-
Tower
and
Digital
Platform

Contingency
planning and
continuity
protocols

v

X

X

X

X

Efficiency—
resilience
trade-off
analysis

Network-
critical node
identification

Scenario
simulation,
stress testing,
stochastic
assessment

Early
detection via
IoT telemetry
and real-time
signals

Predicting
disruptions
using ML
indicators

Estimating
downstream
operational
impacts




Control-
Classical Network Data- Machine Tower

: . and Driven :
Main Feature Resilience Learning | and

. System Early : .
Strategies : : for Risk Digital
Modeling | Warning Platform

Integrated X X X X v
visibility and
collaborative
response
(control
towers)

Distributed- X X X ¢ X
ledger support

for
information
integrity

Evaluating v v v v v
trade-offs

among
redundancy,
flexibility, and
visibility

v and X denote whether each capability is explicitly addressed in prior work.
The table shows that while resilience models increasingly incorporate data-driven
risk indicators and visibility platforms, they rarely integrate predictive uncertainty
with prescriptive recovery decisions, reinforcing the predictive—prescriptive

Later research incorporated network and system modeling to examine
structural vulnerability and the impact of cascading failures. Network-based
models offer v for pinpointing critical nodes and assessing disruption scenarios
via simulation and stress testing, as illustrated in Table 1.8. These models
enhance structural comprehension of resilience, yet they are mainly offline and
analytical, lacking X for real-time monitoring, learning-based prediction, and
operational decision integration.



Recent developments include the integration of data-driven early-warning
systems that utilize IoT telemetry and real-time signals to identify emerging

disruptions. Table 1.8 shows v for early detection capabilities in this category,

but X for predictive modeling of downstream impacts and prescriptive response
generation. Likewise, ML models have been utilized to assess the probability of

disruptions and their downstream operational impacts, accomplishing v for

prediction-related tasks but remaining X when directly linked to recovery and
mitigation decisions.

Models such as control towers and digital platforms seek to enhance resilience
by providing integrated visibility and collaborative response mechanisms. As

Table 1.8 summarizes, these platforms attain v for shared situational awareness

and coordination, but they are X when it comes to tightly coupling predictive
uncertainty with prescriptive recovery actions. Although blockchain and
distributed-ledger models improve information integrity and trust across multi-

tier networks (v'), they function mainly as enabling infrastructure rather than
decision-integrated resilience models. It is significant that, as shown in Table 1.8,
there is no class of resilience models that supports predictive modeling,
prescriptive decision-making, and real-time execution all at once. The last row

shows  across all categories when assessing trade-offs between redundancy;,
flexibility, and visibility. However, such assessments are usually performed
separately within distinct modeling paradigms rather than through integrated,
closed-loop decision systems. As a result, gains in resilience are divided among
the stages of anticipation, detection, and response.

1.3 Materials and Models

1.3.1 Dataset Description

This chapter uses two datasets that are publicly available and represent planning-
level demand dynamics as well as execution-level transactional variability in
order to assess integrated predictive—prescriptive decision models across different
supply chain contexts. Table 1.9 provides a summary of key statistics for the
dataset and evaluation splits. The M5 Forecasting dataset [76] encompasses daily
retail sales data over a period of about 5.5 years (2011-2016), including more
than 30,000 time series at various aggregation levels. Calendar attributes and
historical price information are linked to each series. The dataset’s extensive time
span and dense sampling facilitate the assessment of probabilistic forecasting



models, considering seasonality, intermittency, and promotional effects.
Following standard benchmarking practices, the data is split into a training
window (about 80%), a validation window (about 10%), and a held-out test
window (about 10%). The order of the data is preserved. The UCI Online Retail
dataset [77] contains around 540,000 transactions recorded at the invoice level
over a year. Each record includes the time of the transaction, the product ID, the
number of items, the cost per unit, the customer’s location, and a cancellation
marker. The dataset has irregular order arrivals, returns, and execution noise that
directly affect inventory availability and fulfillment decisions, which is different
from M5. The dataset is split into three parts based on time: the first 70% of
transactions are used for training, the next 15% for validation, and the last 15%
for testing. This setup is similar to how things would work in real life when
demand patterns change. The datasets aren’t combined intentionally, as they
belong to different decision layers instead of just one operational system. Figure
1.2 shows how the two datasets work together to provide more information.
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Figure 1.2 Complementary decision contexts represented by the
evaluation datasets. The MS Forecasting dataset supports planning-
oriented analysis through long-horizon demand dynamics and
uncertainty modeling, while the UCI Online Retail dataset captures
execution-level variability through transactional irregularities and
return behavior. &

Table 1.9 Dataset Characteristics, Preprocessing Outcomes, and Evaluation
Splits for the M5 Forecasting and UCI Online Retail Datasets <1




Dimension

M5 Forecasting

UCI Online Retail Dataset

Dataset
Decision Planning-level Execution-level transactional
context demand forecasting variability
Temporal 2011-2016 (~5.5 ~1 year
coverage years)
Raw records ~30,000 daily time ~540,000 transactions

series
Data Daily aggregated Invoice-level events
granularity sales
Zero/negative Zero-demand days Negative quantities retained as
values retained returns (~4%)
Records <0.5% (implausible <1% (invalid invoices)
removed artifacts)
Missing Not applicable ~25% missing customer IDs
identifiers (excluded only from customer-

level analyses)

Feature ~40-50 features per ~25-30 features per transaction
dimensionality | series
Temporal Calendar alignment; Timestamp normalization; no
processing no interpolation resampling
Price handling | Forward filled within Transaction-level validation

valid selling windows
(~6%)

Training split ~80% (chronological) | ~70% (time-based)

Validation ~10% (chronological) | ~15% (time-based)

split

Test split ~10% (held-out ~15% (held-out period)
horizon)

Evaluation Forward-chaining Time-based holdout evaluation

protocol forecasting




Dimension M> Forecasting UCI Online Retail Dataset
Dataset

Leakage Strict temporal Strict temporal ordering

control ordering

The table summarizes scale, temporal coverage, retained observations, feature
dimensionality, and split protocols used for empirical evaluation, ensuring
transparency and reproducibility.

1.3.1.1 Dataset Preprocessing

This process will allow for consistency in time, statistical validity, and
compatibility with the operational conditions of deployment. As illustrated in
Table 1.9, all preprocessing steps are deterministic and applied to each dataset on
its own. For the M5 Forecasting dataset, item, store, and hierarchy identifiers are
pre-processed to ensure consistency. There are no missing timestamps in the data;
days with zero demand are also included to maintain the intermittent demand
structure. History of price series is forward filled within valid selling periods and
affects about 6% of daily price observations. Demand values are noninterpolated.
Under 0.5% of observations are interpreted as implausible artifacts, which are
ignored in the outlier screening process, and promotion-driven spikes are
retained. The feature construction yields about 40—50 features per series,
consisting of lagged demand variables, rolling statistics, and calendar encodings.
For example, invoice validation excludes less than 1% of records from the UCI
Online Retail dataset because of nonstandard identifiers or mismatched entries.
Negative quantities of transactions, which make up about 4% of the transactions,
are logged and marked as cancels or returns. These data are excluded from
customer-level analyses but were retained to model aggregate demand and
inventory flow; approximately 25% of transactions lack customer identifiers.
Time normalization allows the extraction of temporal features without
resampling. This is done by building features that contain 25-30 features for each
transaction which represent order size, inter-arrival times, return frequency, and
geographical variability. Rare categorical levels representing less than 0.1% of
observations are combined to reduce sparsity. Evaluation protocols do not alter
the sequence of time. The M5 dataset employs forward-chaining splits consistent
with forecasting benchmarks, while time-based holdouts that reflect execution
drift are employed for the UCI dataset. Both datasets do not incorporate future
information during the training or validation phases, thereby guaranteeing that
empirical outcomes mirror actual operational deployment.



1.3.2 Model Analysis

the predictive—prescriptive gap that was found in Sections 1.1 and 1.2. IDASCM
is set up as a closed-loop decision model, while earlier SCM systems treated
forecasting, irregularity modeling, and optimization as parts that were only
loosely linked or came in order. In this model, uncertainty about predictions is
kept and used to make prescriptive decisions, while feedback from execution
affects future predictions.

1.3.2.1 Model Overview

phases: probabilistic demand forecasting, transactional irregularity modeling, and
prescriptive optimization. These phases are linked by a common uncertainty-
aware representation (see Figure 1.3). Each step is necessary but insufficient on
its own; performance enhancements arise from their integration rather than from
isolated modeling improvements, as supported by subsequent empirical evidence.
The model operates within two complementary decision contexts illustrated in the
datasets: demand dynamics focused on planning (M5 Forecasting) and
transactional variability at the execution level (UCI Online Retail). It is important
to remember that IDASCM does not assume that sensors can be seen or that there
1s cyber-physical feedback. Instead, it focuses on making decisions in the face of
uncertainty by using retail and transactional data, which is in line with the
empirical scope described in Section 1.3.1.
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Statlstlcal, tree-based, and recurrent forecasting models are
combined to produce calibrated demand distributions, preserving
uncertainty for downstream prescriptive decision-making rather
than collapsing predictions into point estimates. <

1.3.2.2 Probabilistic Demand Forecasting Model

The forecasting stage creates calibrated demand distributions instead of point

types of models. statistical time-series models, tree-based learning models, and
recurrent sequence models (see Figure 1.4). The driving force is not the variety of
models, but a strong way to show uncertainty across structural demand patterns
like these:
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predlctlon, decision, and feedback. The model couples probabilistic
demand forecasting and transactional irregularity modeling with
uncertainty-aware prescriptive optimization, while execution
feedback is used to recalibrate models over time, explicitly
resolving the predictive—prescriptive disconnect. <

= Statistical models record stable seasonal and trend components.



= Tree-based models can handle nonlinear effects that come from interactions
between prices and calendars.
= Recurrent models encode temporal dependencies that last longer.

Ensemble aggregation combines the probabilistic outputs from each model family
into one demand distribution. This distribution is the common link between
prediction and decision-making, and it clearly shows how uncertain forecasts are.
Unlike traditional pipelines, uncertainty is not condensed into a singular expected
value before optimization.

1.3.2.3 Transactional Irregularity Modeling

irregularity model based on invoice-level signals from the UCI Online Retail
dataset. This model contains irregular order actions, such as cancellations, return
frequency, demand spikes, and time clustering. Rather than seeing anomalies as
isolated alerts, IDASCM codes them as risk-adjustment signals that change
decision constraints downstream. Significantly, modeling irregularity does not
require explicit indicators of supplier quality or manufacturing sensor data; rather,
it uses transactional structure to determine fulfillment uncertainty from retail
execution contexts.

1.3.2.4 Prescriptive Optimization with Uncertainty Propagation

During the prescriptive phase, forecast probabilities and irregularity signals are
transformed into decision variables that affect inventory positioning and
replenishment planning. Optimization models use complete demand distributions
rather than deterministic forecasts in order to calibrate safety buffers and
replenishment volumes according to uncertainty. Also note that prescriptive
model assessment is associated with prediction accuracy. Their objective
functions and constraints are directly influenced by predictive uncertainty so that
improvements in forecasting quality can translate into service-level outcomes.
This design immediately addresses the failure mode identified in Tables 1.1, 1.4,
and 1.6, where forecasts are inputs as static in an optimization model.

1.3.2.5 Closed-Loop Decision Architecture

closed-loop architecture with four conceptual layers (see Figure 1.3), as follows:



1. The data layer combines past sales and transaction records, makes sure they
are all in the same time zone, and gives them standard formats.

2. The analytical layer makes probabilistic demand forecasts and signals of
transactional irregularities.

3. The prescriptive layer solves optimization models that take uncertainty into
account for decisions about inventory and planning.

4. The monitoring layer keeps an eye on execution results and performance
drift, and when there are differences between expected and actual results, it
triggers model recalibration.

demand and execution conditions instead of relying on fixed model assumptions.

1.4 Experimental Setup

1.4.1 Evaluation Metrics

The purpose of this assessment is to determine whether the use of both predictive
and prescriptive models produces measurable decisions, rather than just gains in
prediction accuracy. Therefore, three tightly connected dimensions of predictive
fidelity, operational service performance, and decision robustness in uncertain
situations are selected as measures. All metrics are calculated according to strict
procedures of temporal assessment as per Section 1.3. Table 1.10 presents an
overview of the evaluation dimensions and their function.

Table 1.10 Evaluation Metrics Aligned with Predictive Accuracy and
Decision-Level Performance &

: . Evaluation
Metric Definition Role
Forecast error | Deviation between predicted and Predictive

realized demands fidelity
Fill rate Fraction of demand immediately Service
fulfilled performance
Stockout Proportion of periods with unmet Decision
frequency demand robustness




Metrics are chosen to assess whether improvements in predictive models
propagate into service outcomes and robustness, rather than remaining isolated
within forecasting accuracy.

1.4.1.1 Predictive Fidelity

Performance in forecasting is measured using error measures suited to the scale
concerned, such as bias and dispersion in demand prediction. Metrics are reported
for several forecast horizons in order to evaluate horizon sensitivity and temporal
degradation. Because information recasting difficulty is highly variable, the
results are divided across demand regimes rather than one score in total. These
measures are the upstream signal, and the quality of these signals directly affects
downstream decisions.

1.4.1.2 Operational Service Performance

For example, inventory fill rate is the percentage of actual demand directly
fulfilled by available inventory, allowing for a test of whether improvements in
prediction lead to better decisions. The fill rate is the direct consequence of the
correlation between forecast uncertainty, replenishment timing and inventory
positioning. Stockout frequency is expressed as the number of periods without
demand that are filled with fill rate to eliminate the over fining of failure modes.

1.4.1.3 Decision Robustness

Robustness is assessed not in hypothetical disruption scenarios but by assessing
the steady state of service performance under demand variability. In particular, fill
rate and stockout frequency are analyzed in high-variance and irregular demand
segments to determine whether uncertainty-conscious decisions degrade
gracefully when execution conditions differ from expectations. This formulation

not include resilience measures that require exogenous shock modeling without
support from the datasets.

1.4.2 Hyperparameter Configuration

All hyperparameters are predetermined, maintained consistently across datasets
and experimental conditions, and are not modified in response to validation or
test sets. This design ensures reproducibility, prevents information leakage, and
distinguishes the effects of model integration from those of parameter
optimization. Table 1.11 gives clear summaries of all the configurations discussed



in this section. The forecasting models use historical data rolling windows of 12—
24 months (see Table 1.11) to find a balance between being able to respond
quickly to changes in demand and being stable in seasonal estimation. The
seasonal structure is modeled directly with weekly (7-day) and yearly (365-day)
cycles that match the cycles of retail demand. To keep the training conditions the
same during the experiments, forecasting models are trained for a fixed duration
of 30 epochs, with early stopping turned off. Tree-based ensemble models can
handle up to 300 trees and a maximum depth of 6. This is enough to model
nonlinear effects while keeping variance in check. Recurrent sequence models
work with 56 historical time steps and a hidden dimension of 64. This lets them
capture medium-range temporal dependencies without adding too many
parameters. These setups remain the same for all forecasting horizons and
demand segments. All learning-based models are trained on a single NVIDIA
GPU to ensure that the conditions for computing are the same for everyone.
Transactional modeling uses fixed aggregation windows of 7, 30, and 90 days to
capture ordering behavior over short-, medium-, and long-term periods (see Table
1.11). To make sure that detection is conservative and to keep false positives to a
minimum, irregularity signals are identified using a threshold based on the 95th
percentile of historical deviation distributions. These thresholds are fixed all over
the world and don’t change based on how well the tests go. Prescriptive models
do not introduce tunable learning parameters. Instead, they receive inputs that
take into account uncertainty from the forecasting stage. The choices for
inventory are based on predicted demand distributions that match service-level
goals of 90%, 95%, and 98% (see Table 1.11). Optimization solvers have a set
feasibility tolerance of 10~* and a maximum runtime of 300 seconds. This
ensures that all experiments have the same amount of computing power. All
configurations follow a set hyperparameter policy, and the training, validation,
and test splits are all in order of time (see Table 1.11). We don’t use any
information from the evaluation period to choose a configuration or model.

Table 1.11 Fixed Hyperparameter Settings Used across
Forecasting, Transactional Modeling, and Prescriptive
Optimization &

Module Configuration Value
Forecasting (M5) Training window 12-24 months

Forecasting (M5) Seasonal periodicity 7,365 days

Forecasting (M5) Tree ensemble depth 6




Module Configuration Value

Forecasting (M5) Number of trees 300
Forecasting (M5) Sequence length 56-time steps
Forecasting (M5) Hidden dimension 64

Transactional (UCI) | Aggregation windows 7, 30, 90 days

Transactional (UCI) | Irregularity threshold 95%

Optimization Service-level targets 90%, 95%, 98%
Optimization Solver tolerance 10°*
Optimization Runtime limit 300 seconds
Validation Hyperparameter policy | Fixed a priori

All values are specified prior to evaluation and held constant across datasets and
experiments.

1.5 Results Analysis

disconnect identified in Sections 1.1-1.2 by translating predictive improvements
into consistent decision-level gains. Results are organized around three questions:

2. Do the same architectural principles generalize across planning and
execution contexts?
3. Do gains arise from model integration rather than isolated components?

1.5.1 Comparison with State of the Art

reflect prevailing practice in data-driven SCM, where forecasting, transactional
analysis, and optimization are developed and evaluated independently.
Figure 1.5 shows how accurate the M5 Forecasting dataset is for short-,

model baselines, such as statistical, tree-based, and recurrent sequence models.
IDASCM consistently has the lowest error values for all forecasting horizons,



meaning that forecast error is 22%—-30% lower than the strongest single-model
baseline. Consistent performance gains across all horizons suggest that
improvements are stable rather than limited to a single horizon. On the other
hand, single-model methods have higher error rates, especially as the forecasting
horizon increases. The findings indicate that the predictive accuracy of
probabilistic ensembles is improved by integrating various forecasting models
when addressing intricate demand patterns such as seasonality and intermittency.
However, forecast accuracy alone does not determine effectiveness at the decision
level; this necessitates further evaluation of planning and service performance
downstream.
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Figure 1.5 Forecasting accuracy on the M5 Forecasting dataset (|
lower is better). <1

Figure 1.6 shows the inventory fill rate under the same cost and service-level
limits to assess whether predictive improvements lead to benefits at the decision

baselines that use optimization with statistical, tree-based, or recurrent forecasts,
which have fill rates between 71.4% and 75.6%. Compared to traditional
pipelines, this improves service performance by 20%-25%. It’s important to



remember that many baseline models are very good at making predictions, but
they rely on fixed-point demand estimates and don’t take into account how
uncertainty spreads. Their lower fill rates show that making accurate predictions
isn’t enough to make good inventory decisions. The results indicate that
transforming predictive gains into improved operational service performance
necessitates the explicit integration of uncertainty-aware forecasts into planning
optimization.
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Figure 1.6 Inventory fill rate under identical cost constraints (1
higher is better). <

Figure 1.7 assesses execution-level performance on the UCI Online Retail
dataset, with stockout frequency serving as the main outcome metric. With a
stockout frequency of 11.6%, ID

Conversely, models that do not incorporate irregularity modeling demonstrate the
highest stockout rate of 18.6%. Meanwhile, models that identify transactional
irregularities but do not integrate them into optimization yield only a slight
improvement, resulting in a stockout rate of 16.9%. Analytics pipelines that are
decoupled and combine optimization with irregularity signals, but do not have
explicit integration, lower stockout frequency to 15.8%. IDASCM’s achievement




of a significantly reduced stockout rate suggests that execution-level performance
1s most effectively enhanced when transactional irregularity signals are directly
linked to prescriptive optimization, rather than being regarded as independent
diagnostic outputs.

Stockout Frequency (%) (4 Lower is Better)

No Irreg. Irreg. Only Decoup. + Opt IDASCM
Model

Go to Extended Description

Figure 1.7 Stockout frequency on UCI Online Retail dataset (|
lower is better). <1

1.5.2 Cross-Domain Analysis

We next assess whether IDASCM’s architectural principles generalize across
planning-oriented and execution-level decision contexts, rather than being tuned
to a single dataset.

To evaluate the model’s robustness under varying demand representations,
Figure 1.8 examines performance across various aggregation levels in the M5
Forecasting dataset. IDASCM consistently achieves lower forecasting error than

the corresponding baseline models at the item, category, and department levels.
Even though absolute error diminishes with demand aggregation, the relative gain
obtained through IDASCM stays consistent, varying between 24% and 26%




across different aggregation levels. This reliability shows that the advantages of
uncertainty-aware integration are not limited to fine-grained demand series but
also apply to more aggregated planning views. The findings imply that IDASCM
scales well across various levels of demand aggregation, yielding comparable
relative enhancements across different planning horizons and decision
granularities.

1.0 - Bl Baseline Error
I IDASCM Error

Forecast Error (1 Lower is Better)

ltem Category Department
Aggregation Level

Go to Extended Description

Figure 1.8 Performance across aggregation levels (M5 Forecasting).
|

Figure 1.9 shows how often stockouts occur in the UCI Online Retail dataset
at different levels of transactional volatility. When volatility is low, decoupled
models and JDASCM perform about the same, with stockout rates of 9.4% and

8.7%, respectively. As volatility rises, differences in performance become more
obvious. IDASCM lowers the stockout frequency to 11.3% when the market is
moderately volatile. When the market is not volatile, the frequency is 14.2%.
When the market is very volatile, the gap becomes even larger. IDASCM has a
stockout frequency of 16.4%, while decoupled models have a frequency of
22.5%. These results indicate that the benefits of integration increase alongside



the escalation of execution uncertainty, promoting more stable service
performance in the context of highly variable demand conditions.

Bl Decoupled Models
I IDASCM

Stockout Frequency (%) (4 Lower is Better)

Low Medium High
Demand Volatility

Go to Extended Description

Figure 1.9 Stockout frequency under different volatility regimes
(UCI dataset). <1

Figure 1.10 shows decision-level performance across the two evaluation
datasets by matching metrics with decision context rather than data source.
IDASCM improves forecasting accuracy on the M5 Forecasting dataset by

lowering the error rate from 1.00 to 0.74 and raising the inventory fill rate from
74.8% t0 92.3%. IDASCM cuts the number of times that items are out of stock on
the UCI Online Retail dataset from 15.8% to 11.6%. The findings indicate
consistent improvements in both planning-oriented and execution-level decision
contexts, irrespective of fluctuations in data granularity, temporal horizon, and
noise characteristics. The observed enhancements indicate that aligning
evaluation metrics with operational objectives, while integrating predictive
uncertainty into prescriptive decision modeling, yields significant decision-level
benefits across diverse domains.



I Baseline
I IDASCM

Metric Value

Fill Rate Forecast Error Stockout Freq.
(M5) (M5) (uci)

Decision Metric
Go to Extended Description

Figure 1.10 Decision-level gains across datasets. <

1.5.3 Ablation Study

Finally, we isolate the contribution of each component to verify that performance
gains arise from model integration, not from individual modeling choices.

Table 1.12 shows the effect of substituting probabilistic demand forecasting
with point forecasts, while maintaining the optimization component as is. The
omission of probabilistic forecasting leads to an increase in forecast error from
0.74 to 0.82, suggesting a slight reduction in predictive accuracy. The effect on
service performance, however, is significantly larger. The inventory fill rate
declines from 92.3% to 81.4%, indicating a deterioration of about 12%. This
discrepancy demonstrates that, even when the average forecasting accuracy is
comparable, the lack of uncertainty representation considerably undermines
downstream decision performance. The findings underscore the significance of
probabilistic forecasting in maintaining uncertainty data crucial for effective
prescriptive decision-making.

Table 1.12 Removing Probabilistic Forecasting <1




Configuration Forecast Error | Fill Rate (%)
Full IDASCM 0.74 92.3

Point forecast only | 0.82 81.4

Table 1.13 assesses the impact of eliminating uncertainty propagation by
providing expected demand values to the optimization model, while maintaining
the same level of forecasting accuracy. The two configurations yield the same
forecast error of 0.74, demonstrating that their predictive performances are
equivalent. Nonetheless, the results of the service vary greatly. The inventory fill
rate drops from 92.3% to 78.6%, reflecting a decline of about 10%—15% when
uncertainty-aware inputs are substituted with deterministic demand estimates.
The results show that optimization models based exclusively on deterministic
inputs cannot fully take advantage of predictive enhancements, highlighting the
essential importance of uncertainty propagation for effective decision-level
performance.

Table 1.13 Removing Uncertainty Propagation in
Optimization J

Configuration Forecast Error | Fill Rate (%)
Full IDASCM 0.74 92.3
Deterministic optimization | 0.74 78.6

Table 1.14 assesses how the elimination of transactional irregularity signals

irregularity is not included, the frequency of stockouts rises from 11.6% to

13.9%. When fully decoupled, the stockout frequency increases to 16.2%. The
results suggest a degradation of an increase of 4.6% points when compared to the
full model. The rise in stockouts indicates that execution-level uncertainty, as
reflected by transactional irregularity signals, has a direct impact on service
performance. Outcomes of decisions are less robust when one depends on implicit
buffering mechanisms and does not explicitly model or incorporate irregular
execution behavior, especially in transactional contexts characterized by
volatility.

Table 1.14 Removing Transactional Irregularity



Modeling (UCI Dataset) <

Configuration Stockout Frequency (%)
Full IDASCM 11.6

No irregularity signals | 13.9
Fully decoupled 16.2

1.6 Conclusion and Future Works

prescriptive disconnect, which occurs when enhancements in forecasting
accuracy do not lead to consistent improvements at the decision-making level. We
developed IDASCM, a closed-loop decision model that integrates probabilistic
demand forecasting, transactional irregularity modeling, and uncertainty-aware
prescriptive optimization, to address this gap. Architectural integration, as
opposed to isolated model enhancements, is shown through empirical evaluation
on two complementary public benchmarks to be the main factor contributing to
operational value. With regard to the M5 Forecasting dataset, IDASCM leads to a
reduction in demand prediction error of 22%—-30% compared to single-model
baselines. Furthermore, when integrated into planning optimization, it produces
inventory fill rates that are 20%—25% higher while adhering to the same cost and
service-level constraints. When used on the UCI Online Retail dataset, combining
optimization and modeling of transactional irregularity cuts stockout frequency
by 18%—27%, especially when execution variability is high. Cross-domain
analysis confirms that these benefits are relevant in both planning and execution
contexts, provided that evaluation protocols align with decision objectives. The
ablation results show that not using probabilistic forecasting, uncertainty
propagation, or transactional irregularity modeling can lower service performance
by up to 15%, even though predictive accuracy remains the same. The results
show that the enhancements in IDASCM stem from end-to-end model integration
rather than from individual forecasting or optimization components being more
robust. Taken together, the findings emphasize that coherent decision
architectures are essential for dependable and robust supply chain performance in
the face of uncertainty.

further data modalities—Ilike logistics telemetry, supplier lead-time signals, or
sensor-generated execution data—it would be possible to create more
sophisticated uncertainty models within the same architecture. Additionally,



further studies are required on the integration of human-in-the-loop decision-
making, the interpretability of uncertainty-aware recommendations, and the long-
term adaptation of models in response to nonstationary demand. It will be
essential to take these directions into account in order to deploy integrated
predictive—prescriptive models in real-world supply chain environments
responsibly and at scale.
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Fundamentals of Supply Chain Analytics
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2.1 Introduction

The supply chains of today are embedded in an environment of high uncertainty
about demand, logistics variability, and strong interconnections beyond
organizational and geographic boundaries. Globalized sourcing and distribution,
shorter product life cycles, omnichannel fulfillment demands, and growing
disruptions have exacerbated supply chain decision-making processes. These
conditions require large volumes of operational data from procurement,
production, warehousing, transportation, and distribution functions. However,
data alone does not guarantee performance. Competitive advantage lies in
ensuring that organizations can effectively and quickly synthesize diverse data
into reliable, timely, and decision-based insights. SCA, in this respect, is
becoming a key tool for structured, evidence-based decision-making across the
supply chain lifecycle [1].

Figure 2.1 illustrates the historical development of decision support in supply
chain management, highlighting that increasing data availability, analytical
sophistication, and organizational capability have further matured analytics-
driven management. Deterministic models, heuristic rules, and managerial
experience were the drivers of early supply chain decision-making. Such
approaches work well in relatively stable environments, but they struggle under
present conditions of fluctuating demand, frequent interruptions, and tightly
coupled networks [2]. This led to a significant increase in the integration of
transactional data into Enterprise Resource Planning (ERP) systems, especially as
transactional data was centralized and processes were standardized. Further
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development of Business Intelligence (BI) tools improved descriptive reporting
and visualization. Nonetheless, these systems are largely retrospective and do not
yet provide the necessary engineering to allow for uncertainty-free reasoning or
coordination of analytical decision- making across a variety of planning horizons
and functional domains.
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Figure 2.1 Evolution of SCA paradigms, illustrating the transition
from heuristic and deterministic decision-making toward
coordinated, analytics-driven decision support. The figure
highlights how increasing data availability, analytical
sophistication, and organizational capability enable the integration
of descriptive, predictive, and prescriptive analytics, while exposing
the limitations of sequential and isolated analytical stages in
traditional and ERP/BI-centric models. &

A growing role in the technical ability of SCA has emerged with recent
developments in cloud computing, Al, machine learning (ML), and sensor- based
data acquisition. Predictive modeling, real-time monitoring, and large-scale
optimization are all feasible at unprecedented scales [3]. Despite this progress,
many organizations struggle to translate analytics investments into long-term
operational or strategic benefits. A fundamental issue is that many existing SCA
applications are characterized by analytical stage isolation, in which forecasting,
planning, and optimization are organized, assessed, and implemented as



sequential or loosely coupled components. These variables are typically
deterministic or point-estimate predictions that prevent uncertainty from
spreading across decision stages. This leads to downstream decisions, particularly
in inventory planning and logistics, that produce inconsistent service performance
and cost estimates under operating conditions outside historical parameters.

A consequence of this constraint is several persistent weaknesses in SCA
research and practice. First, there is a variety of data in the supply chain across
systems, partners, and formats, which creates challenges for visibility between
systems and results in inconsistent interpretations of data [4]. Second, many firms
are limited to descriptive and diagnostic analytics because of data quality,
modeling expertise, or organizational readiness issues. This limitation restricts the
utility of predictive and prescriptive methods. Third, even advanced analytical
models do not always reflect the overall variance across decision-making
processes. This misalignment results in solutions that exploit local conditions
without accounting for system-wide spread of uncertainty and trade-offs. Barriers
of organizational complexity—not only a lack of cross-disciplinary expertise, but
also resistance to data-driven decision-making and a lack of governance
mechanisms based on transparency, accountability, and trust in analytical results
[5] —further compound these problems.

This chapter is motivated by the desire to address analytical stage isolation
with a coherent, empirically grounded view of SCA as a coordinated decision-
support architecture rather than a series of individual analytical techniques. We
call this Layered Decision-Support Supply Chain Analytics (LD-SCA), a concept
that conceptualizes SCA as a multi-modal approach using descriptive, diagnostic,
predictive, and prescriptive analytics. These layers in LD-SCA are designed to
interact with each other and allow uncertainty to be represented, propagated, and
evaluated across decision points. Importantly, the framework sees optimization as
a policy-level evaluation when confronted with uncertainty, rather than merely as
a direct or applied activity. This is done in keeping with the scope and limitations
of public data.

Table 2.1 summarizes the analytical differences that underlie LD-SCA by
comparing traditional supply chain management practices with ERP/BI-based
systems, advanced analytics systems, and analytics-driven business models. In
this table, a value of 1 indicates the existence or explicit endorsement of a
particular capability in a paradigm, and a value of 0 indicates the absence of such
capability. This comparison suggests that while advanced analytics techniques
allow for separate predictive and prescriptive modeling, only supply chain models
within analytics-driven business models explicitly combine such attributes with
organizational readiness, cross-functional data integration, and decision-support
system alignment, which are integral to overcoming analytical stage isolation.



Table 2.1 Comparative Characterization of SCA Paradigms, Contrasting
Traditional Practices, ERP/BI-Based Approaches, Advanced Analytics
Technologies, and Analytics-Driven Models <1

Analytics-
Main Feature Traditional | ERP/BI Ijizclmtf;d Driven
26M Models TechZolo ies 2GM
g Models
Heuristic and | 0 0 0
experience-based
decision-making
Deterministic 1 0 0 0
planning models
Centralized 0 1 1 1
transactional data
management
Static reporting and 0 1 0 0
visualization
End-to-end supply 0 0 1 1
chain visibility
Predictive modeling 0 0 1 1
capability
Prescriptive 0 0 1 1
optimization support
Real-time monitoring | 0 0 1 1
and responsiveness
Cross-functional data | 0 0 0 1
integration
Strategic alignment 0 0 0 1
of analytics
Initiatives
Organizational 0 0 0 1
analytics readiness




Analytics-
Main Feature Traditional | ERP/BI ﬁizmtffj Driven
RCM Models TechZolo ies RCM

g Models
Decision-support 0 0 1 1
system integration
Proactive disruption 0 0 | 1
management
Analytics maturity 0 0 0 1
progression
Evidence-based 0 0 1 1
management
practices

Entries indicate the presence (1) or absence (0) of key analytical, data, and
organizational capabilities, highlighting that only analytics-driven SCA models
explicitly support cross-functional integration, uncertainty-aware decision
support, and coordinated analytics across decision stages.

LD-SCA is empirically assessed using two publicly available datasets
representing complementary supply chain domains: consumer demand behavior
from the Instacart Market Basket Analysis [6] and freight transportation flows
from the U.S. Commodity Flow Survey [7]. These models enable analysis across
many decision contexts and do not require synchronized operational data or direct
access to proprietary enterprise systems. As discussed later, LD-SCA’s
coordinated design translates into marked improvements in predictive stability,
consistency of inventory service, and transportation cost- efficiency assessment
compared to descriptive-only or sequential analytical baselines.

The remainder of this chapter is laid out in the following order. Section 2.2
lists previous research in SCA, with an emphasis on the development of
analytical paradigms and ongoing integration challenges. Section 2.3 includes the
datasets and the proposed LD-SCA framework. Section 2.4 details the
experimental setup and evaluation criteria. Section 2.5 summarizes results for
comparison, cross-domain analysis, and component-wise ablation. Section 2.6
concludes with important information and directions for further research.



2.2 Related Works

2.2.1 Evolution of SCA

SCA has gradually grown in analytical and data capabilities over time rather than
turning to total decision-support systems. Table 2.2 summarizes this development
by showing the presence (1) or absence (0) of essential analytical characteristics
for large SCA paradigms and shows that these capabilities accumulate over time,
even with analytical stage isolation still in place. Early SCA studies incorporated
Operations Research (OR) models that focused on deterministic optimization
problems in inventory control, production planning, and transportation routing.
As shown in Table 2.2, the deterministic analytical foundations of this paradigm
are characterized by inventory and production objectives and assumptions based
on limited databases. While these models made optimization more manageable,
they were based on point estimates and limited decision scopes, restricting the
representation of uncertainty and cross-functional coordination [8]. In the late
1990s, ERP-centric integration began to appear at a large scale, leading to
centralized administration of transactional data and standardization of enterprise
information models. Table 2.2 demonstrates the success of ERP approaches, such
as shared data architectures and improved information sharing among
organizations. They also identified governance and interoperability issues
inherent to large-scale enterprise systems [9]. It is important to note that even
though ERP systems improved data visibility and consistency, analysis was
largely descriptive and retrospective, with forecasting, planning, and execution
still treated as sequential steps.

Table 2.2 Evolution of SCA Paradigms from Classical Optimization Models t(
Data-Driven, ML-Based, and Real-Time Intelligence Approaches <

IoT-
Classical | ERP- Analytics | Big Data | Enable
Main Feature OR Centric Maturity | and ML Real-
Models Integration | Models Analytics | Time
Analyti
Deterministic 1 0 0 0 0
optimization
foundations




Main Feature

Classical
OR
Models

ERP-
Centric
Integration

Analytics
Maturity
Models

Big Data
and ML
Analytics

ToT-
Enable
Real-
Time
Analyti

Inventory and
production-
centric focus

0

Limited data
scope and
structured
assumptions

Integrated
enterprise
information
models

Standardized
data
architectures

Inter-
organizational
information
sharing

Governance
and
interoperability
challenges

Descriptive—
predictive—
prescriptive
categorization

Analytics
maturity
assessment




loT-
Classical | ERP- Analytics | Big Data | Enable
Main Feature OR Centric Maturity | and ML Real-
Models Integration | Models Analytics | Time
Analyti
Performance 0 0 1 0 0
impact
measurement
Nonlinear 0 0 0 1 0
demand
modeling
ML-based 0 0 0 1 0
forecasting
Big data— 0 0 0 1 0
enabled
scalability
Real-time data | 0 0 0 0 1
acquisition
Predictive 0 0 0 0 1
maintenance
capability
Continuous 0 0 0 0 1
adaptive
decision-
making

Entries indicate the presence (1) or absence (0) of key analytical capabilities,
illustrating how successive paradigms expand modeling power and data scope,
yet largely retain sequential and isolated analytical stages without explicit
mechanisms for uncertainty propagation or coordinated decision support.

Beginning in the mid-2000s, researchers began to express a vision of SCA
under analytics maturity models and presented the standard definition of
descriptive, predictive, and prescriptive analytics. The analytics maturity stage



provided formal frameworks for measuring performance and analytics maturity,
as presented in Table 2.2 [10]. Empirical studies then correlated the development
of analytics capabilities with improvements in forecast accuracy, inventory
turnover, and service levels [11]. However, these models assessed analytical
capabilities in isolation and did not provide mechanisms for coordinating
analytical outputs across decision stages.

New paradigms employ big data and ML to address nonlinear demand patterns
and scaling limitations. As illustrated in Table 2.2, this stage also introduces
nonlinear demand modeling, ML forecasting, and scalable big data processing.
Empirical research validates that ML models are superior to conventional
statistical methods in environments characterized by volatile demand [12]. Even
with these improvements, ML-driven analytics are usually found within
forecasting modules and have limited integration into downstream inventory or
logistics decision-making. The latest developments include real-time analytics
powered by Internet of Things (IoT), focusing on immediate data collection,
predictive upkeep, and flexible decision-making. This paradigm allows for
ongoing oversight and responsiveness at the operational level, as demonstrated in
Table 2.2 [13]. Even in real-time analytics environments, decision support tends
to be reactive and localized, with optimization and planning functions not tightly
linked to predictive insights.

2.2.2 Data Integration and Architecture in SCA

Data integration is a common concern in effective SCA and has long been
recognized. In the early stages of supply chain information environments, legacy
models were fractured. Transactional data in these models were held in different
repositories across enterprise systems, logistics platforms, and supplier interfaces.
As Table 2.3 shows, these architectures had organizational data silos and isolated
transactional repositories, with no integrated analytical views or cross-
organizational sharing of data [14]. In these circumstances, analytics was so
primarily localized and descriptive that it was unable to coordinate decision-
making. To combat fragmentation, centralized data warehouses were proposed.
They permit the aggregation of transactional data into a single analytical view and
provide standardized historical reporting [15]. As shown in Table 2.3, these
architectures were more user-friendly and lowered data silos. However, they still
struggled with real-time data collection, rigid schema design, and scaling. As
supply chains grew, centralized warehouses found it difficult to manage various
formats of data and rapidly changing analytical needs; thus, static and
retrospective analytics were prioritized.



Table 2.3 Evolution of Data Integration and Architectural Paradigms in SCA
Fragmented Legacy Models, Centralized and Cloud-Based Architectures, Go
Master Data Approaches, and Decentralized Integration Paradigms

Fragmented | Centralized glouj— Governed D
Main Feature Legacy Data Daie Master Data In
Models Warehouses ara Architectures | P
Lakes
Organizational | 1 0 0 0 0
data silos
Isolated 1 0 0 0 0
transactional
repositories
Consolidated 0 1 1 1 1
analytical data
view
Standardized 0 | 0 0 0
historical
reporting
Limited real- 0 1 0 0 0
time data
ingestion
Scalable multi- | 0 0 1 0 0
format data
storage
Support for 0 0 1 0 0
unstructured
data
Master data 0 0 0 1 0
consistency
enforcement
Uniform entity | 0 0 0 1 0
definitions




Fragmented | Centralized glouZ— Governed D
Main Feature Legacy Data Daie Master Data In
Models Warehouses ara Architectures | P
Lakes
Governance- 0 0 0 1 1
driven data
quality control
Centralized 0 0 0 1 0
single source
of truth
Decentralized 0 0 0 0 1
data ownership
Domain- 0 0 0 0 1
oriented data
architecture
API and 0 0 0 0 1
microservices
interoperability
Event-driven 0 0 0 0 1
analytics
enablement
Cross- 0 0 0 0 1
organizational
data sharing

»
Entries indicate the presence (1) or absence (0) of key architectural capabilities,
highlighting that while modern architectures improve scalability, interoperability,
and real-time data access, architectural integration alone does not guarantee
coordinated, uncertainty-aware analytics across decision stages.

Cloud-based data lakes have had the major architectural changes of the past by
allowing scalable storage of structured, semi-structured, and unstructured data
[16]. As shown in Table 2.3, data lakes also provide the ability to store and
aggregate unstructured data from multiple formats, increasing the technical reach



of SCA. However, such systems do not necessarily ensure consistency in master
data, governance, or uniform definitions of entities. As a result, data availability
has increased, but problems with analytical reliability and comparability across
decision contexts remain [17]. Recent work on governed master data architectures
has recognized the value of centralized control over entity definitions, data
quality enforcement, and governance to address these issues [18]. In Table 2.3,
these architectures ensure consistency of master data, uniform definitions of
entities, and governance-based quality control. However, they often rely on an
isolated “single source of truth,” which is challenging to maintain in multi-partner
and distributed supply chains. Empirical studies have noted challenges related to
organizational alignment, ownership rifts, and adaptability in highly dynamic
environments [19].

Recent research has focused on decentralized approaches to integration, such
as data fabric or data mesh architectures, where domain-based ownership of data,
API-based interoperability, and event-driven analytics are at the forefront [20].
These paradigms allow for decentralized ownership, interoperability of
microservices, real-time analytics, and data sharing across organizations, as
illustrated in Table 2.3. This represents a departure from traditional centralization
and an acceptance of architectural flexibility and scalability. Although these
improvements are noteworthy, Table 2.3 highlights a key limitation: architectural
capability does not imply analytical coordination. But current integration
paradigms provide greater access to data and greater responsiveness in real time,
and are not sufficient to ensure the correct analytical alignment of forecasting,
planning, and optimization models, or to provide a smooth propagation of
uncertainty across decision layer. Hence, analytical stage isolation is not resolved
by architectural evolution alone. This creates a need for decision-support
frameworks like LD-SCA that explicitly coordinate analytical reasoning across
layers, rather than depending only on improvements in data integration.

2.2.3 Analytics Maturity Models in SCA

These analytics maturity models have been developed to explain the reasons for
the large differences in organizations’ ability to derive value from analytics
investments. Early maturity models understood that analytics became a gradual
progression from descriptive reporting to predictive and prescriptive capability.
As shown in Table 2.4, these early models were centered mostly on technology,
including the availability of data, reporting infrastructure, and analytical tools, but
they did not consider organizational processes or decision-making integration
[21]. Thus, descriptive analytics is prevalent in early models as well as low-
maturity models. Improvements to maturity models later incorporated



organizational and process-oriented aspects, including governance, commitment
from leadership, analytical skills development, and formal inclusion of analytics
in decision-making [22]. As shown in Table 2.4, these broader organizational
maturity models explicitly identify predictive and prescriptive capabilities and
recognize that analytics maturity is dependent upon the coordinated advancement
of people, processes and platforms rather than on technology alone. However,
even in these models, decision-making integration is largely understood as a
functional organizational feature rather than as an interpretation of the interaction
of analytical outputs with other forecasting, planning, and optimization processes.
Most organizations continue to rely heavily on descriptive analytics and historical
reporting, despite substantial investments in analytics infrastructure, and
empirical studies consistently show that the majority do so in a low-maturity
dominant mode of practice [23]. As reflected in Table 2.4, this gap shows that
while low-maturity practice is heavily based on data and reporting infrastructure,
it has no prescriptive or predictive power and does not meaningfully integrate
decisions. Studies of maturity across industries, organizational levels, and
geographic distribution show that high data consumption sectors and digital-age
companies are more likely to evolve toward greater maturity [24]. While these
more complex models of maturity acknowledge that incentives, competitive
pressure, and institutional circumstances are important to the adoption of
analytics, most of them focus on maturity at the organizational level.

Table 2.4 Comparative Characterization of SCA Maturity Models, Contrastii
Technology-Centric Stage Frameworks with Dynamic, Organization-Driven (
Perspectives <1

Early Extended Low-
: Tlechnical | Organizational | Maturity C?ntext— :

Main Feature . . : Differentiated
Maturity Maturity Dominant Maturity
Models Models Practice

Descriptive 1 0 1 0

analytics

emphasis

Predictive 0 1 0 1

analytics

capability




Early Extended Low-
Technical | Organizational | Maturity Context-
Main Feature . : : Differentiated
Maturity Maturity Dominant Maturi
Models Models Practice b
Prescriptive 0 1 0 1
analytics
capability
Technology- 1 0 1 0
centric
evaluation
Data 1 1 1 1
availability
focus
Reporting 1 0 1 0
infrastructure
dependence
Organizational | 0 1 0 0
process
integration
Governance 0 1 0 0
and leadership
commitment
Analytics skill | 0 1 0 1
development
Decision- 0 1 0 0
making
integration
Industry- 0 0 0 1
specific
maturity
variation
Organization 0 0 0 1

size effects




Early Extended Low-
Technical | Organizational | Maturity Context-
Main Feature . : : Differentiated
Maturity Maturity Dominant Maturi
Models Models Practice v
Geographic 0 0 0 1
maturity
variation
Nonlinear 0 0 0 0
maturity
progression
Continuous 0 0 0 0
learning
orientation
Cultural 0 1 0 0
influence on
maturity

Entries indicate the presence (1) or absence (0) of key technical, organizational,
and decision-integration features, highlighting that higher maturity is associated
not only with advanced analytics techniques but also with governance, cultural
alignment, and the integration of analytics into coordinated decision-making
processes.

Recent studies have put forward dynamic maturity models that consider
analytics capability as a nonlinear, evolving system shaped by ongoing learning,
cultural influences, and the interplay between analytical insights and decision
outcomes. Table 2.4 demonstrates that only these dynamic models reliably show
predictive and prescriptive capability, integration of organizational processes,
commitment to governance, development of analytical skills, and explicit
inclusion of decision-making. Even dynamic maturity models, however, largely
do not provide specifications for how analytical outputs from different stages—
like demand forecasting, inventory planning, and logistics optimization—should
be coordinated when faced with uncertainty.

2.2.4 Demand Forecasting and Planning in SCA



Because it directly affects service performance, production planning, and
inventory decisions, demand forecasting has been a major focus of SCA for a
long time. Early studies in this area were heavily dominated by time-series and
statistical models, including moving averages, exponential smoothing, and
autoregressive formulations. The robustness of these models to demand volatility
and structural change is particularly evident in Table 2.5, which has a good time-
series foundation and is highly interpretable [25]. Their effectiveness is subject to
context, and they are typically used as standalone forecasting tools. Given these
limitations, subsequent studies proposed hybrid and ensemble forecasting models
that incorporate several statistical techniques to provide robustness to varying
demand patterns. Table 2.5 indicates that ensemble methods maintain a time-
series basis with increased robustness against demand volatility through
combined modeling. However, such techniques are primarily forecasting-focused
—they preserve prediction stability but do not alter the core use of forecasts in
downstream planning or decision-making. Recent studies have analyzed
forecasting models using ML that are free from time-series restrictions and that
allow for nonlinear relationship modeling and automatic feature learning [26]. As
Table 2.5 shows, ML-based methods are stronger against volatility and better at
identifying demand drivers, but also have interpretability challenges and model
governance complexity. Importantly, even as forecasts are predictive, ML-based
forecasts are often evaluated separately and offered as point estimates, further
complicating the gap between forecasting and planning. A second concern is the
use of exogenous and external data, such as macroeconomic variables, weather,
and promotional dates, to build demand forecasts [27]. As shown in Table 2.5,
these methods provide a greater informational basis for forecasting and are more
robust in unstable conditions. Using outside data does not solve analytical stage
1solation because uncertainty is rarely pushed through to inventory or logistics
decision models. Finally, collaborative demand planning allows manufacturers,
distributors, and retailers to share information and extend forecasting beyond the
capacity of their individual firms. These methods are designed to coordinate
multiple actors and reduce the bullwhip effect, as shown in Table 2.5.
Nevertheless, empirical evidence demonstrates that there are significant
challenges to implementation that are linked to incentives and organizational
factors [28]. In addition, collaborative forecasting places greater emphasis on
coordinating demand signals than on analytical integration with prescriptive
decision-making.

Table 2.5 Comparative Characterization of Demand Forecasting and Plannin
SCA, Highlighting the Transition from Isolated, Statistically Driven Models t



Enriched, and Collaborative Approaches &

Traditional Machine External
: . Hybrid/Ensemble | Learning— Data-
Main Feature Statistical
Models Based Enhance
Models .
Forecasting | Forecast
Time-series 1 1 0 0
modeling
foundation
High 1 0 0 0
interpretability
Robustness to 0 1 1 |
demand
volatility
Context- 1 1 1 1
dependent
performance
Hybrid model 0 1 0 0
integration
Nonlinear 0 0 1 1
relationship
modeling
Automatic 0 0 1 0
feature
learning
Use of 0 0 0 1
exogenous data
sources
Demand driver 0 0 1 1
1dentification
Interpretability | 0 0 1 0
challenges




Traditional Machine External
: . Hybrid/Ensemble | Learning— Data-
Main Feature Statistical
Models Based Enhance
Models .
Forecasting | Forecast
Model 0 0 1 0
governance
complexity
Multi-actor 0 0 0 0
forecast
coordination
Information 0 0 0 0
sharing across
partners
Bullwhip effect | 0 0 0 0
mitigation
Organizational 0 0 0 0
implementation
barriers

Entries indicate the presence (1) or absence (0) of key modeling, data, and
coordination capabilities, illustrating how robustness to demand volatility and
uncertainty increases with integration, while organizational and governance
challenges persist in collaborative forecasting settings.

2.2.5 Inventory Optimization in SCA

SCA has long focused on inventory optimization since it directly impacts cost
efficiency, service performance, and working capital use. Early work focused on
stock models based on classic inventory—EOQ, reorder point, and base-stock
policies [29]. As discussed in Table 2.6, such models are deterministic, assume
stable demand and constant lead times, and generally target single-echelon
systems. These assumptions are analyzable, but limited in the context of variable
demand and uncertain supply. To overcome these limitations, later analyses
extended classical models to include stochastic demand, variable lead times,
service-level constraints, and multi-echelon inventory [30]. These stochastic and



multi-echelon formulations made models more realistic and allowed for limited
uncertainty management, as shown in Table 2.6. The models were higher in
accuracy, and thus the computations became substantially more complex. This
ultimately led to the development of approximation methods and heuristic
decision rules that are more tractable and closer to optimal solutions than precise
optimization. Over the last few decades, ML and data-driven inventory
optimization techniques have become increasingly used in inventory analysis.
This marks the switch from inferred decision rules to a reversible control
approach based on data or simulation [31]. These approaches enable data-driven
policy learning and adaptive inventory control and are appropriate for dynamic
and nonstationary demand conditions, as reported in Table 2.6. This work, in
particular, emphasizes the need for greater integration of forecasts and
inventories, as it recognizes that forecast uncertainty directly affects safety stock
levels and replenishment choices. Nonetheless, a significant number of inventory
policies based on ML continue to rely on point forecasts or implicitly learned
signals, rather than making explicit efforts to propagate predictive uncertainty
throughout the various decision stages. The increasing adoption of omnichannel
fulfillment models has extended the use of inventory optimization further.
Research on this type of product focuses on real-time inventory visibility,
allocation, and rebalancing between physical stores, distribution centers, and
direct-to-consumer channels [32]. As shown in the last column of Table 2.6,
omnichannel and real-time optimization models provide features such as visibility
and dynamic allocation that enable fulfillment strategies based on analytics.
However, these models usually operate on a combination of demand, inventory,
and fulfillment decisions; there is no coherent analytical tool to assess policies
with uncertainty in mind.

Table 2.6 Evolution of Inventory Optimization Paradigms in SCA, Contrastir
Deterministic Models, Stochastic and Multi-Echelon Formulations, Approxin
Based Methods, ML-Driven Policies, and Omnichannel, Real-Time Optimiza
Approaches £

Stochastic :
. . Machine C
Classical | and Approximation Learnine— | a
Main Feature Inventory | Mullti- and Heuristic Based & T‘
Models Echelon Models .. '
Policies C
Models




Stochastic

Machine

Classical | and Approximation Learnine— | a
Main Feature Inventory | Multi- and Heuristic Based & T‘
Models Echelon Models Policies é
Models
Deterministic 1 0 0 0 0
analytical
foundations
Stable demand | 1 0 0 0 0
assumptions
Single- 1 0 0 0 0
echelon focus
Stochastic 0 1 0 1 1
demand
modeling
Variable lead 0 1 0 0 1
time
consideration
Service-level 0 | 0 0 |
constraint
modeling
Multi-echelon | 0 | 0 0 |
inventory
structures
Computational | 0 0 1 0 0
tractability
emphasis
Near-optimal 0 0 1 0 0
solution
generation
Heuristic 0 0 1 0 0

decision rules




: Stochastic o Machine C
Classical | and Approximation Learnine— | a
Main Feature Inventory | Multi- and Heuristic Based & T‘
Models Echelon Models Policies é
Models
Data-driven 0 0 0 1 0
policy
learning
Adaptive 0 0 0 1 1
inventory
control
Forecast— 0 | 0 1 |
inventory
integration
Uncertainty 0 1 0 1 |
propagation
handling
Real-time 0 0 0 0 1
inventory
visibility
Omnichannel 0 0 0 0 1
allocation and
rebalancing
Analytics- 0 0 0 0 1
driven
fulfillment
enablement

Entries indicate the presence (1) or absence (0) of key modeling and decision-
support capabilities, highlighting the progressive shift from static, assumption-
driven inventory control toward adaptive, uncertainty-aware policies, while
underscoring persistent gaps in coordinated forecast—inventory integration.

2.2.6 Supplier Analytics and Risk Management in SCA



The primary sources of research on supplier analytics focused on traditional
assessment practices. Suppliers were evaluated using multi-criteria decision
analysis systems that combined cost, quality, and delivery performance [33].
These were based on static scorecards, with largely unreliable assessment cycles
and limited data available, as shown in Table 2.7. Supplier performance was
typically viewed periodically instead of continuously, which did not allow for
rapid identification of emerging risks or performance decline. This level of
analysis is further limited by a lack of data and inconsistency across suppliers
within highly distributed supply chains.

Table 2.7 Evolution of SCA Paradigms, Contrasting Static Evaluation, Predic
Risk Modeling, Network-Based Analysis, and Collaborative Analytics <1

: Traditional | Globalized | Predictive Network- Colla.
Main : : : Based
Supplier Supplier Risk . Suppl
Feature . o : Risk
Evaluation | Monitoring | Analytics : Analy
Analysis
Multi-criteria | 1 1 0 0 1
supplier
assessment
Static 1 0 0 0 0
scorecard-
based
evaluation
Limited 1 0 0 0 0
evaluation
frequency
Data scarcity | 1 1 0 0 0
constraints
Cross- 0 1 0 0 0
supplier data
inconsistency
Real-time 0 0 1 1 1
performance
monitoring




Main
Feature

Traditional
Supplier
Evaluation

Globalized
Supplier
Monitoring

Predictive
Risk
Analytics

Network-
Based
Risk
Analysis

Colla.

Suppl
Analy

Supplier risk
1dentification

0

1

1

1

Early
warning
signal
detection

Integration
of external
risk data

Multi-tier
supply
network
visibility

Dependency
and
concentration
risk analysis

Disruption
propagation
modeling

Supplier
capability
gap analysis

Joint risk
mitigation
Initiatives

Buyer—
supplier data
sharing




: Traditional | Globalized | Predictive Network- Colla.
Main : : : Based
Supplier Supplier Risk : Suppl
Feature . o : Risk
Evaluation | Monitoring | Analytics : Analy
Analysis
Relationship- | 0 0 0 0 1
oriented
performance
improvement

Entries indicate the presence (1) or absence (0) of key analytical and
organizational capabilities, highlighting the transition from periodic, scorecard-
driven assessment toward uncertainty-aware, network-informed, and
coordination-oriented supplier risk management.

Growing attention to global supplier monitoring emerged with the
internationalization of supply chains and the increasing need for better visibility
of multiple suppliers across a variety of locations [34]. This stage heightened
awareness of supplier inconsistencies and data comparability concerns, though
the analytical practices were primarily descriptive. As seen in column 2 of Table
2.7, assessment processes were still reactive, and there were generally no real-
time performance monitoring or predictive risk identification capabilities. Recent
studies have introduced predictive supplier risk analysis, suggesting a shift from
evaluation to risk analysis. These methods combine internal operational data with
information from external sources such as financial data, credit ratings, and news
sentiment in order to identify early warning signs of supplier risk [35]. As seen in
Table 2.7, predictive risk analysis provides real-time performance monitoring and
supplier risk prediction, but these approaches tend to focus on individual
suppliers separately. These models are successful in establishing local risk
signals, but lack support for systemic dependencies or the spread of risk
throughout the supply network. Network-based risk analysis, as a means to
overcome this limitation, has become an important avenue of research. These
models are able to represent multi-tier supply networks and provide greater detail
over first-tier suppliers, as well as analyses of dependency structures,
concentration risk, and disruption propagation [36]. Table 2.7 describes a set of
approaches that include multi-tier visibility and propagation modeling. Yet, they
are often too abstract and poorly integrated into decision-making or collaboration
with suppliers. More recent research has incorporated supplier analytics into
collaboration with suppliers, using risk analysis to inform supplier development



and shared mitigation strategies [37]. Among the key themes presented in this
paradigm are the need for data sharing between buyers and suppliers, and
examining deficiencies in capacity and performance through building
relationships. As shown in the last column of Table 2.7, collaboration on risk
assessments can be used to provide a risk assessment approach that takes the
focus away from observation and into action. However, despite some progress,
supplier analytics is still treated as an analytical function separate from demand
forecasting, inventory planning, and logistics decision-making. This means that
supplier-related uncertainty is not always displaced into the downstream
processes of planning and optimization. This continued separation further isolates
the analytical stage, reducing the usefulness of supplier analytics within broader
supply chain decision-support systems. This gap is directly addressed by the
proposed LD-SCA.

2.2.7 Transportation and Logistics Analytics in SCA

Traditionally, transportation and logistics analytics in SCA have focused on low-
cost routing and scheduling challenges, specifically the Vehicle Routing Problem
(VRP) and its variations [38]. Table 2.8 shows that initial classical routing models
utilized deterministic optimization goals with fixed vehicle capacities and
simplified operating assumptions. These models had theoretically sound
foundations but were too simple and reliant on static inputs, making them less
suitable in situations where demand variability, congestion, and operational
disruptions are significant. Later extensions made these models more
complicated, adding time windows, multiple depots, diverse fleets, and driver
regulation constraints. Heuristic and metaheuristic approaches were developed to
address the resulting computational constraints, increasing the importance of
scalability and solution quality over precise optimality. As illustrated in Table 2.8,
these methods were more tractable in large-scale situations but remained
dependent on deterministic representations of cost and demand. This reliance
maintained a sequential separation between routing optimization and upstream
planning decisions. Recent research has also focused on the ability to conduct
real-time transportation data analysis using GPS, traffic information, and
telematics data to adjust routes and make changes as needed [39]. As shown in
Table 2.8, these methods allow for real-time data use and adaptive routing
choices, but they mainly function at the execution level. The selection of freight
mode, evaluation of carrier performance, and auction-based sourcing of
transportation have also been investigated using both historical and real-time
data. However, these analytics are usually assessed separately. Cost and service
metrics are evaluated based on fixed or point-estimate assumptions instead of



probabilistic representations. At the same time, warehouse and distribution
analytics have developed into a complementary but mostly distinct research
stream. Research has concentrated on optimizing warehouse layouts, strategies
for order picking, scheduling of labor, and coordination between humans and
automation [40]. These models, as illustrated in Table 2.8, focus on internal
operational efficiency and scalability. However, they are seldom combined with
transportation decision models or upstream demand uncertainty.

Table 2.8 Evolution of Transportation and Logistics Analytics Paradigms, Co
Classical Routing Formulations, Extended and Heuristic Optimization Apprc
Time Transportation Analytics, and Warehouse-Oriented Decision Models &

Classical | Extended Heuristic and | Real-Time
Main Feature Routing Routing Metaheuristic | Transportatic
Models Formulations | Optimization Analytics
Cost- 1 1 1 1
minimizing
routing
objective
Vehicle 1 1 1 0
capacity
constraints
Oversimplified | 1 0 0 0
modeling
assumptions
Time window 0 1 1 1
constraints
Multi-depot 0 1 1 0
network
modeling
Heterogeneous | 0 1 1 0
fleet
consideration




Classical | Extended Heuristic and | Real-Time
Main Feature Routing Routing Metaheuristic | Transportatic
Models Formulations | Optimization | Analytics
Driver 0 1 1 0
regulation
constraints
Computational | 0 0 | 1
scalability
emphasis
Real-time data | 0O 0 0 1
utilization
Dynamic route | 0 0 0 1
adjustment
Freight mode 0 0 0 1
selection
analytics
Carrier 0 0 0 1
performance
evaluation
Auction-based | 0 0 0 1
transportation
sourcing
Warehouse 0 0 0 0
layout
optimization
Order picking 0 0 0 0
strategy
optimization
Labor 0 0 0 0
scheduling

analytics




Classical | Extended Heuristic and | Real-Time
Main Feature Routing Routing Metaheuristic Transportatic
Models Formulations | Optimization Analytics
Automation— 0 0 0 0
human
coordination
Integrated 0 0 0 1
logistics
optimization

Entries indicate the presence (1) or absence (0) of key modeling, data, and

decision-support capabilities, highlighting the progression from cost-minimizing,
deterministic optimization toward real-time, data-driven logistics decisions, while
exposing persistent gaps in uncertainty-aware, end-to-end analytical coordination.

2.2.8 Visualization and Decision Support in SCA

In addition to modeling improvements, visualization and decision-support
research within SCA has primarily aimed at converting complex analytical
outputs into actionable insights for management. Initial methods relied on static
reporting visuals, such as predefined charts and maps, that mainly offered a
retrospective presentation of information (see Table 2.9). While these models
enabled basic performance monitoring, they proved little useful for user-directed
exploration, anomaly detection, or decision-making, thereby supporting the
passive and descriptive use of analytics [41]. Interactive visual analytics enabled
exploration, with data interaction made possible through the use of the user,
anomaly detection, and greater cognitive integration between user and data (see
Table 2.9). In effect, these systems enabled decision-makers to analyze patterns
and anomalies more effectively by merging interaction methods with visual
encodings. However, interactions were largely separate from analytical
computation, limiting the ability to directly examine decision consequences or to
diffuse uncertainty. Later work focused on dashboard-based decision-support
systems, especially for operational and managerial control. Such systems
included role-based information design, real-time performance tracking, and
control-tower applications (see Table 2.9). Dashboards also improved the sense of
context and increased action sensitivity in logistics and operations areas [42].



However, they were mostly monitoring interfaces with little assistance in the
analysis of the scenario, optimization, or prescriptive recommendations. Recent
papers have developed integrated analytics decision models that resemble
visualization with optimization, simulation, and prescriptive analytics (refer to
Table 2.9). These models provide scenario and what-if analyses, establish a
clearer connection between analysis and visualization, and can provide
recommendations in uncertain contexts. In addition, the present study leads to an
increase in focus on model transparency and decision traceability, particularly in
complex ML-based models. However, these systems are often intended for use by
only one organization and have limitations in terms of coordination across several
organizations. Recent research introduces collaborative decision platforms as a
means of visualizing and facilitating decision-making. These models also
highlight the importance of shared knowledge of the situation, cross-
organizational coordination of decisions, and proactive decision-making (see
Table 2.9). These platforms enable collaborative scenario assessment and
collective sense-making among multiple supply chain participants, addressing
coordination problems inherent in distributed supply systems. Even with these
developments, visualization often serves as a second-class presentation layer
rather than a major part of an integrated analytical structure that explicitly
connects descriptive insights, predictive uncertainty, and prescriptive evaluation.

Table 2.9 Comparative Characterization of Visualization and Decision-Suppo
Paradigms in SCA, Illustrating the Progression from Static Reporting Interfa
Interactive, Integrated, and Collaborative Decision-Support Systems &

Static Interactive Dashboard- Integrqted C
: . : Based Analytics
Main Feature Reporting |  Visual .. C. D
Visuals Analytics Decision Decision p
Support Models
Static 1 0 0 0 0
information
presentation
Chart-and map- 1 1 1 1 1
based
visualization
User-driven data | 0 1 1 1 1
exploration




Static Interactive Dashboard- Integrqted C
: : : Based Analytics
Main Feature Reporting |  Visual . . D
Visuals Analytics Decision Decision p
Support Models
Anomaly 0 | 1 1 1
detection
support
Cognitive load 0 1 1 1 1
consideration
Integration with | 0 1 0 1 1
analytical
computation
Role-based 0 0 1 1 1
information
design
Real-time 0 0 1 1 1
performance
monitoring
Control-tower 0 0 1 1 0
applicability
Scenario and 0 0 0 1 1
what-if analysis
Optimization 0 0 0 1 0
and simulation
coupling
Prescriptive 0 0 0 1 0
recommendation
support
Model 0 0 0 1 0
transparency

mechanisms




Static Interactive Dashboard- Integrqted C
: : : Based Analytics
Main Feature Reporting |  Visual . . D
Visuals Analytics Decision Decision p
Support Models
Cross- 0 0 0 0 1
organizational
decision
coordination
Shared 0 0 0 0 1
situational
awareness
Active decision 0 | 1 1 1
facilitation

Entries indicate the presence (1) or absence (0) of key visualization, interaction,
and decision-support capabilities, highlighting that only integrated and
collaborative paradigms support scenario evaluation, uncertainty-aware analysis,
and coordinated decision-making across analytical stages.

2.3 Materials and Models

2.3.1 Dataset Description

In this chapter, two publicly available datasets that capture complementary
decision contexts in contemporary SCA—consumer demand behavior and freight
transportation dynamics—are utilized. This enables the evaluation of the
proposed LD-SCA framework across heterogeneous analytical domains without
relying on proprietary operational data. The initial dataset is the Instacart Market
Basket Analysis dataset [6]. It comprises around 3.2 million orders from
approximately 200,000 users, involving about 50,000 products arranged into
roughly 130 aisles and 20 departments. Each record features user IDs, order-
sequence numbers, product IDs, reorder indicators, and hierarchical product
categories. Orders are sequentially indexed at the user level, facilitating relative
order—-based demand modeling amidst diverse and intermittent consumption
patterns. For the empirical assessment, order sequences at the user level were
divided into training (70%), validation (10%), and testing (20%) segments based



on order index, ensuring strict chronological separation to prevent information
leakage between forecasting and policy-evaluation stages. To investigate
robustness across different levels of granularity, demand analysis was performed
at the product, aisle, and department-level aggregations.

The second dataset is the U.S. Commodity Flow Survey (CFS) [7], created by
the U.S. Census Bureau and the Bureau of Transportation Statistics. It includes
around 7 million shipment-level observations, sample-weighted to national totals.
Each record contains the shipment’s origin and destination regions, commodity
classifications, value and weight, transport distance, and mode of transportation.
Due to the cross-sectional character of CFS data, shipments were divided into
stratified evaluation folds based on commodity class and transport mode, utilizing

80% of observations for model estimation and reserving 20% for out-of-sample
assessment of cost variability and stability metrics. This division maintains
distributional characteristics across folds and allows for robust cross-scenario
evaluation. Table 2.10 offers a consolidated summary of dataset sizes, column
definitions, aggregation levels, and split strategies.

Table 2.10 Summary of Dataset Sizes, Filtering Thresholds, Aggregation
Levels, and Train/Validation/Test Splits Used in Empirical Evaluation <

Property

Instacart Market Basket
Analysis

Commodity Flow
Survey (CFS)

Raw records

~3.4 M orders

~7.3 M shipments

Records after
preprocessing

~2.9-3.0 M orders

~6.8—7.0 M shipments

Retained data volume

85%-90%

94%-96%

Unique entities

~200 K users/~50 K
products

~40 commodity classes

threshold

orders per product

Hierarchical levels Product/aisle Commodity/mode
(~130)/department (~20)
Minimum frequency >5 orders per user; >50 N/A

Time representation

Relative-order index

Cross-sectional

Temporal continuity

User-level sequences

None assumed




Prover Instacart Market Basket | Commodity Flow
perty Analysis Survey (CFS)
Aggregation levels Product, aisle, Commodity, distance

removal

department bin
Distance bins N/A Short/medium/long
haul
Numerical None Scale-preserving
transformations normalization
Invalid record N/A 4%—6% (missing

value/weight/distance)

Outlier handling

Within-category
filtering

Within-commodity
filtering

Derived variables

Reorder rate, sequence
demand

Cost per unit distance

Training split 70% (by order index) 80% (stratified)
Validation split 10% (by order index) —
Test/hold-out split 20% (by order index) 20% (stratified)
Zero-demand 35%—45% (category vs. —

reduction product)

Variance reduction
after preprocessing

20%—25% (cost-per-
distance)

All values correspond to post-preprocessing statistics and define the exact data
configurations used for forecasting, policy evaluation, and out-of-sample
assessment within the LD-SCA framework.

2.3.1.1 Dataset Preprocessing

The dataset preprocessing aimed to guarantee numerical stability, analytical
consistency, and reproducibility, while maintaining the structural characteristics
necessary for uncertainty-aware modeling in LD-SCA. To mitigate extreme
sparsity in the Instacart dataset, users with under five orders and products that
appeared in under 50 orders were eliminated, retaining about 85%—90% of the




total order volume across categories. Using relative-order indices instead of
absolute timestamps, demand signals were created and aggregated at consistent
order-sequence and day-of-week proxy levels. This approach reduced zero-
demand intervals by about 35%—45% at the category level in comparison to
product-level series. The forecasting windows varied from 10 to 30 relative-order
steps based on product frequency, without the use of artificial calendar alignment.
For the CFS dataset, records lacking valid entries for shipment distance, weight,
or value were removed (accounting for roughly 4%—-6% of all records).
Additionally, continuous variables with heavy-tailed distributions were
transformed using scale-preserving normalization to maintain numerical stability.
To facilitate cross-scenario comparisons, shipment distances were categorized
into uniform ranges, and commodity and transport mode codes were aligned with
official CFS classifications. Preprocessing led to a reduction of about 20%—25%
in the variance of cost-per-unit-distance metrics, which allowed for a stable
assessment of transportation cost variability. In both datasets, missing values were
addressed through distribution-aware imputation within homogeneous groups,
outliers were evaluated in context rather than globally, and derived variables were
introduced only when directly supported by observed attributes. Table 2.10
presents a detailed summary of the preprocessing steps, filtering thresholds, and
statistics of the resulting dataset.

2.3.2 Model Analysis

This proposed LD-SCA structure provides an analytical pipeline that addresses
the issue of analytical stage isolation by mandating that descriptive, diagnostic,
predictive, and prescriptive analytics be structured. As shown in Figure 2.2, the
framework links representations of data, analytical models, and decision-making
instruments to provide an explicit representation and propagation of uncertainty
across stages, rather than resulting in point estimates.
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Figure 2.2 Layered architecture of the proposed LD-SCA
framework, illustrating the coordinated integration of descriptive,
diagnostic, predictive, and prescriptive analytics. The figure
highlights how uncertainty-aware representations and probabilistic
predictions are propagated across analytical layers to support
policy-level decision evaluation, explicitly addressing analytical
stage isolation in traditional SCA pipelines.

2.3.2.1 Data Representation and Analytical Alignment

LD-SCA begins with the conversion of raw transactional and shipment data into
appropriate downstream models for analytically aligned representations.
Consumer transaction histories for demand are based on relative-order sequences
and short-horizon temporal proxies. This model maintains behavioral ordering
information without relying on absolute calendar time. As shown in Figure 2.3,
this representation allows analysis at different aggregation levels (product, aisle,
department) to be sequence-aware. In logistics, shipment histories represent flows
between origin—destination pairs according to distance, mode of transport, and
shipment characteristics. These representations transmute operational behavior
into coherent analytical objects, ensuring that the work of the next layer uses
consistent inputs rather than fragments of data.
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Figure 2.3 Relative order—based representation of consumer
demand sequences used in LD-SCA to enable sequence-aware
forecasting under irregular and intermittent purchasing behavior.
Orders are indexed by user-specific order position rather than
absolute time, allowing demand patterns to be modeled consistently
across heterogeneous purchase frequencies while supporting
uncertainty-aware predictive analysis. <1

2.3.2.2 Descriptive Analytics Layer

Without prescriptive assumptions, the descriptive analytics layer establishes
empirical baselines that illustrate historical system behavior. This layer also
reflects the order frequency distributions, basket composition patterns, and
buying regularities at the category level over relative-order positions across order
positions from the perspective of demand. In logistics, it defines shipment
volume, distances, modal share, and spatial circulation. These summaries are
arranged hierarchically for both system-level review and drill-down analysis. It is
important to note that the empirical distributions produced are reference baselines
for future diagnostic and predictive analyses and not decision outputs.

2.3.2.3 Diagnostic Analytics Layer

The diagnostic layer looks at causes of observed variability by comparing
homogenous groups with descriptive baselines. Demand-related diagnostics
address interactions between variability and relative-order position, product mix
effects, and short-run time proxies. Logistics diagnostics, on the other hand,
address variability in shipment distance, transport mode, and spatial flow. Thus,
analysis from this layer minimizes the likelihood of false correlations that may



occur due to aggregation or scale effects by focusing on groups that are
structurally similar. Diagnostic data identify factors contributing to differences
from baseline behavior, providing context but not projections of future outcomes.

2.3.2.4 Predictive Analytics with Uncertainty Modeling

Rather than providing point forecasts, the predictive analytics layer explicitly
models uncertainty by reinterpreting historic trend into forecasts. For the purpose
of forecasting order, sequence-aware models use relative-order and contextual
variables to generate forecasts across products and categories. From the
standpoint of empirical stability and robustness, rather than relying on the
accuracy of one model, the framework supports parallel model estimation over
segments and planning horizons, with the choice of model or combination based
on these factors. Predictive models specify the variation in delivery distances and
proxies of costs that are used in logistics, enabling probabilistic representations of
transportation. These forecasting outputs are downstream and are therefore inputs
for policy-making which can be more unambiguous than fixed predictions.

2.3.2.5 Prescriptive Policy-Level Evaluation

Prescriptive analytics is not a gleaned immediate effect but is considered a policy-
level assessment in a context of uncertainty in LD-SCA. Inventory models
evaluate replenishment and positioning strategies as they consider the trade-offs
between service reliability and cost proxies under uncertain demand and transport
conditions, without requiring access to specific inventory states of the firm.
Models of prescriptive transport systems consider route planning, modal
planning, and carrier selection using distance-normalized cost representations and
capacity considerations. Supplier-centered checks support risk-conscious
procurement through an analysis of the trade-offs between reliability,
concentration exposure, and shipping attributes. Scenario analysis can be applied
in all domains to evaluate sensitivity to demand surges, transport disruptions, and
capacity constraints.

2.3.2.6 Simulation-Based Robustness Analysis

Simulation is also a tool for prescriptive and robustness assessment in stochastic
processes. Discrete-event simulation attempts to capture the interrelated
development of demand variability, restocking practices, shipping delays, and
capacity limitations over time, such that distributions of outcomes are constructed
instead of deterministic point outcomes. This allows the framework to highlight
weaknesses and system sensitivities that might not be apparent through



optimization-based assessment alone. Thus, LD-SCA helps users make decisions
with awareness of risk while remaining within the empirical range of the data on
which it is built, emphasizing probabilistic outcomes and scenario-based
assessment.

2.4 Experimental Setup

2.4.1 Evaluation Metrics

The evaluation protocol attempts to determine whether the proposed LD-SCA
solution efficiently avoids isolation of analytical stages in terms of stability,
robustness, and consistency across layers, rather than limiting evaluation to point-
estimate accuracy. As a result, assessment measures focus on distributional
behavior, reduced variability, and the performance of uncertainty-sensitive
policies in the forecasting and downstream decision- making stages. All metrics
are calculated on the held-out data splits specified in Section 2.3.1 and presented
in Table 2.10.

2.4.1.1 Forecasting Performance Metrics

In order to maintain consistency with the existing SCA literature, demand

SCA’s objectives, the focus is on the spread of MAPE rather than mean accuracy
alone. The main measures of forecast stability in heterogeneous and intermittent
demand are the standard deviation and the interquartile range of MAPE across
products, categories, and evaluation windows. The metrics are compared across
multiple aggregation levels (product, aisle, department) to ensure that demand
granularity is robust and to test whether an uncertainty-aware model improves
sensitivity to sparsity and volatility.

2.4.1.2 Prescriptive and System-Level Metrics

Prescriptive performance is assessed using service-level consistency and cost-
stability measures, reflecting the framework’s emphasis on policy-level decision
support in uncertain situations. In the inventory assessment literature, fill rate is a
key service measure that measures the percentage of demand met without stock-
outs in simulated demand realizations. The strength index is dependent upon the
variability of the fill rate across scenarios rather than just the mean fill rate. The
results report proxies representing service—cost trade-offs using measures such as
the average and variance of holding and replenishment costs, without requiring



analysis of firm-specific accounting data. Logistics analysis relies on
transportation cost per unit distance, a normalized measure that can be compared
across several shipment distances and transport modes. Like inventory evaluation,
cost-per-unit-distance assessment primarily focuses on uncertainty in shipping
conditions through cross-scenario variability, as its results reveal that cost
performance is robust to unpredictable shipment conditions. The units of measure
are presented across commodity classes, distances, and modes of transportation to
assess generalization.

2.4.1.3 Ablation and Coordination Metrics

Analysis of component-wise ablation experiments that use the same stability-
oriented measures to measure degradation confirms the causality of analytical
coordination. Removal of probabilistic prediction 1s assessed via a decrease in
forecast dispersion, whereas missing prescriptive evaluation is assessed through
the increase in fill-rate and cost variance. This ensures that performance
improvements are relevant to the uncertainty propagation across multiple layers
rather than to individual modeling choices.

2.4.2 Hyperparameters

All experiments utilize the dataset splits specified in Section 2.3.1 and detailed in
Table 2.10, employing the same configurations across comparative baselines and
ablation settings to guarantee fairness. In demand forecasting, models utilize user-
level relative-order sequences with window lengths of 10, 20, and 30 steps. These
lengths are chosen based on the frequency of product purchases and the
aggregation level. Training is conducted with a temporal split of 70% for training,
10% for validation, and 20% for testing. It involves a maximum of 50 training

(with a patience of 5 epochs). In most experiments, convergence is reached within
20-35 epochs. To account for stochasticity, each forecasting configuration is
trained with five independent random seeds, and the reported results show
averaged performance along with variability statistics. In the context of ensemble
forecasting, ensembles are made up of three diverse base models, with weights
determined by validation stability criteria rather than being adjusted on test data.
To guarantee uniform optimization conditions across experimental environments,
all forecasting models are trained with fixed epoch limits rather than adaptive
scheduling. No Graphics Processing Unit acceleration is utilized; all training and
evaluation take place on the Central Processing Unit (CPU) to ensure
reproducibility and independence from hardware. Logistics predictive modeling



utilizes 80% of stratified CFS observations, reserving the remaining 20% for out-
of-sample evaluation. Probabilistic representations of shipments and costs are
derived from empirical distributions or likelthood-based methods, without the use
of iterative epoch-based training. Using 1,000 bootstrap samples, uncertainty
bounds for transportation cost-per-unit-distance metrics were calculated. Rather
than through single-run optimization, prescriptive evaluation is conducted via
scenario-based policy assessment: inventory policies are assessed with 1,000
demand scenarios for each product or category at fixed service targets of 90%,
95%, and 98%, while transportation policies are evaluated using 500 shipment
scenarios for each commodity—distance bin. Robustness under joint demand and
logistics variability is evaluated through discrete-event simulation across 100
relative time steps, with 200 independent runs for each experimental condition.
All simulation parameters are derived from training data and kept constant
throughout the experiments. All experiments are carried out on a standard CPU-
only workstation, with training times averaging 2—6 minutes per forecasting
model and 15-25 minutes per ensemble configuration, while logistics and
simulation-based evaluations finish within 10—20 minutes per experiment. To
ensure reproducibility, random seeds are fixed during data splitting, model
initialization, scenario sampling, and simulation events. Table 2.11 offers a
consolidated overview of empirical settings, epoch limits, scenario sizes, and
computational parameters.

Table 2.11 Fixed Numerical Hyperparameter Settings and Experimental
Configuration Values Used for Demand Forecasting, Logistics Prediction,
Prescriptive Policy Evaluation, and Simulation across All LD-SCA
Experiments

Component Parameter Value/Range
Demand forecasting Look-back window {10, 20, 30} orders
(Instacart) length

Demand forecasting Training epochs 50

(Instacart) (max)

Demand forecasting Early stopping 5 epochs
(Instacart) patience

Demand forecasting Typical 20-35 epochs
(Instacart) convergence




Component Parameter Value/Range
Demand forecasting Random seeds 5

(Instacart)

Demand forecasting Ensemble size 3 models
(Instacart)

Demand forecasting Train/validation/test | 70%/10%/20%
(Instacart) split

Logistics prediction Train/test split 80%/20%
(CFS)

Logistics prediction Bootstrap samples 1,000

(CFS)

Logistics prediction
(CES)

Distance binning

Fixed empirical bins

Prescriptive evaluation
(inventory)

Service targets

{90%, 95%, 98%}

Prescriptive evaluation
(inventory)

Demand scenarios

1,000 per item/category

Prescriptive evaluation
(transport)

Shipment scenarios

500 per commodity—
distance bin

Simulation analysis

Time horizon

100 relative steps

Simulation analysis

Simulation runs

200 per condition

Simulation analysis

Random seeds

Fixed

All stages Normalization Estimated on training
parameters data only
All stages Hardware CPU-only

All values correspond to post-preprocessing statistics and define the exact data
configurations used for forecasting, policy evaluation, and out-of-sample
assessment within the LD-SCA framework.



2.5 Results and Analysis

2.5.1 Comparison with State of the Art

This section evaluates LD-SCA against representative state-of-the-art SCA
pipelines that reflect dominant practices identified in Section 2.2: (1) statistical
forecasting with deterministic downstream planning, (ii) ML-based forecasting
consumed as point estimates, and (ii1) sequential analytics pipelines in which
forecasting, planning, and evaluation are decoupled. All methods use identical
data splits and preprocessing (see Table 2.10).

Figure 2.4 presents a comparison of forecasting performance across
representative analytical pipelines on the Instacart dataset, utilizing both mean
accuracy and dispersion-based stability metrics. Although every method shows

variations in average accuracy remain slight among learning-based and sequential
configurations. When examining forecast stability using dispersion measures, a
clearer separation is observed. Compared to the statistical baseline, ML point
forecasts, and sequential analytics, LD-SCA achieves the lowest MAPE standard
deviation (7.1%) and interquartile range (8.7%), with higher dispersion levels
observed for the latter methods. These reductions correspond to a decrease in
forecast dispersion of 3%—6% compared to point-estimate and sequential
baselines, indicating more consistent performance across heterogeneous and
intermittent demand series. Significantly, the stability gains are achieved without
relying on major enhancements in mean accuracy, indicating that coordination
and uncertainty-aware modeling mainly influence robustness rather than point-
error reduction. This outcome is consistent with the aim of LD-SCA, which gives
precedence to dependable and stable forecasting behavior across various products
and demand patterns, rather than focusing solely on accuracy improvements for
individual series.
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Figure 2.4 Comparative forecasting performance on the Instacart
dataset, reporting mean accuracy and dispersion-based stability
metrics to assess robustness under heterogeneous and intermittent
demand. &

Figure 2.5 compares the downstream inventory service performance of
analytical pipelines with a 95% target fill rate, focusing on stability rather than
average service attainment. The mean fill rates for all methods are close to the
target, suggesting that simple service-level requirements can be reestablished in
deterministic, learning-based, and sequential configurations. However, if cross-
scenario variability is investigated, then there are some notable differences. For
deterministic planning, the highest variation in fill rate is 17.6%, indicating that it
1s sensitive to demand fluctuations when using point forecasts. The inclusion of
ML predictions reduces variability by 13.9%, while sequential analytics bring
stability up to 11.8%. This suggests that partial analytical coordination offers
additional benefits. With a fill-rate variability of 7.9%, LD-SCA shows a
significant reduction relative to all baseline methods. This improvement is
particularly realized without increasing average service levels, indicating that the
benefits come from stabilizing service results rather than excessive inventory



buffering. These results also show that predictive uncertainty in the evaluation of
inventory policies improves the reliability of service performance across all
demand types, rather than optimizing the average fill rate.
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Figure 2.5 Comparison of inventory service performance stability
across analytical pipelines, reporting mean fill rate and cross-
scenario fill-rate variability under fixed service targets. <

Figure 2.6 compares transportation cost estimation across scenarios from the
CFS dataset using cost per unit distance as a normalized assessment measure.
Without a specification of uncertainty, variance is substantial in the descriptive-
only approach, at 21.7%. This suggests that cost estimates are highly sensitive to
shipment-level changes. The change in the variability from ML-assisted
prediction falls to 16.3%, suggesting that learning-based representations offer
some stability but still need to take point-estimate inputs. Among sequential
analyses, the variance falls to 14.5%, suggesting that the smaller number of
advantages from the small coordination among the predictive and assessment
steps are possible. LD-SCA is the least variable at 9.4%, corresponding to an
overall reduction into the 8%—12% range for all experimental conditions.




Crucially, the drop in variability is affected with only minor changes to mean
normalized cost values, which imply a genuine increase in consistency rather than
a contrived decrease in costs. This paper concludes that probabilistic shipment
modeling coupled with distance-normalized evaluation produces more stable
estimates of logistics costs for a variety of shipment scenarios. This lends support
to a perspective of distributed uncertainty propagation as an increase in the
robustness of logistics analytics while maintaining the cost structures.
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Figure 2.6 Comparison of cross-scenario transportation cost-per-
unit-distance variability on the Commodity Flow Survey (CFS),
evaluating the stability of logistics cost assessment under
descriptive, sequential, and coordinated (LD-SCA) analytical
pipelines. <

2.5.2 Cross-Domain Analysis

This section explores whether LD-SCA produces consistent stability gains across
heterogeneous domains, such as consumer demand and freight logistics, using
domain-specific metrics but the same logic of assessment.



Figure 2.7 contrasts prediction stability across demand and logistics domains
with dispersion measures that focus on robustness rather than absolute error
magnitude. As would be expected, predictive uncertainty is large and varies
across domains because of heterogeneous data and outcome definitions. LD-SCA
reduces the standard deviation of MAPE from 8.8 to 7.1 and the MAPE

interquartile range from 11.0 to 8.7, a reduction of 19% and 21%, respectively.
These results indicate more consistent demand forecasts across product heuristics
and variation in buying behavior. In the logistics domain, LD-SCA reduces the
standard deviation of the cost-per-unit-distance estimates from 0.24 to 0.15,
resulting in a relative reduction of 38%. While absolute dispersion is not clearly
observable across domains, the constant decreases observed in both cases suggest
that LD-SCA is more predictively stable regardless of the data structure within
the domain. This cross-domain consistency reveals that the lack of domain-
specific precision in forecasting results can be overcome by model congruence.
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Figure 2.7 Cross-domain predictive stability comparison for
demand and logistics, reporting dispersion-based metrics that
quantify robustness of probabilistic predictions under
heterogeneous data characteristics. <




In Figure 2.8, the robustness of downstream decisions across demand and
logistics dimensions is tested by comparing the cross-scenario variability between
service-level and cost-normalized measures under the same assessment
conditions. In demand, the fill rates of baseline analytical pipelines are large,
ranging from 13% to 18% in simulated demand conditions. This highlights the
unstable performance of services when uncertainty is not consistently considered
when making decisions. The reduction of this variability to 6%—10%
demonstrates more consistent outcomes in inventory service under LD-SCA. The
same pattern applies to logistics. This is consistent with a range of 15%—22% in
cost per mile for baseline methods, suggesting that transportation cost estimates
are prone to shipment uncertainty. LD-SCA decreases variability to 8%—12%,
which suggests that cost assessment is more stable across scenarios. This is
particularly significant in the case of the prescriptive decision, which is
substantially higher than the predictive one, suggesting that coordinated
uncertainty propagation has a greater advantage when interpreting predictions as
downstream decisions. The results indicate that prescriptive-level coordination is
important to enhance strength across domains.
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Figure 2.8 Downstream decision robustness across demand and
logistics domains, measured via cross-scenario variability of
service-level and cost-normalized metrics under identical
evaluation conditions. <1

Figure 2.9 illustrates the reduction in variance of results due to analytical
coordination, as opposed to modeling choices specific to the domain,
differentiated between prescriptive and predictive stages in demand and logistics.
During the predictive phase, LD-SCA reduces demand-related variance by about
15%-25% and logistics-related variability by 30%—40%. These results suggest
that coordination of uncertainty-aware prediction enhances stability in both
domains, with larger effects observed in logistics due to greater inherent
variability in shipment and cost characteristics. Gains are more pronounced
during the prescriptive stage. When it comes to decisions tied to demand,
reductions in variance increase to the range of 35%-45%. This increase is due to
the more reliable inventory service outcomes when predictive uncertainty is
directly factored into assessments of policy. In logistics, prescriptive-stage
variance reductions of 40%-50% demonstrate a significant stabilization of cost-
related decision metrics in the face of uncertainty. The more substantial
enhancements observed at the prescriptive stage indicate that coordination
provides its most significant advantages when uncertainty is allowed to flow
through decision evaluation, as opposed to being restricted to separate predictive
modeling stages.
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Figure 2.9 Relative reduction in outcome variance achieved by LD-
SCA across demand and logistics domains, reported separately for
predictive and prescriptive stages. Results quantify the effect of
coordinated uncertainty propagation rather than domain-specific
modeling choices. &

2.5.3 Ablation Study

This section investigates how coordination within LD-SCA causally contributes
through controlled component ablation, which involves removing individual
elements while keeping all other configurations, data splits, and training settings
unchanged. Table 2.12 details the effect of eliminating probabilistic prediction on
the stability of demand forecasting. For the complete LD-SCA setup, the forecast
dispersion (measured by the standard deviation of MAPE) is 7.1%. This indicates

that prediction is stable across demand series. After removing uncertainty
modeling and considering predictions deterministically, the mean MAPE
dispersion increases to 9.4%, 32% higher than the entire model. Importantly, this
loss occurs even when the training data, model structure, and optimal
configurations are unchanged, which isolates the effect of uncertainty



representation. The observed increase in dispersion indicates that probability is
critical to maintaining stable forecast outcomes rather than just improving mean
accuracy. This provides direct evidence that coordinated uncertainty-aware
prediction contributes to improved forecasting robustness in the LD-SCA model.

Table 2.12 Impact of Removing Probabilistic Prediction from
LD-SCA on Demand Forecasting Stability, Measured by

Training Configurations <

Configuration MAPE Std. Dev. (%) | A vs. Full
Full LD-SCA 7.1 —
No uncertainty modeling [ 9.4 +32%

Table 2.13 summarizes the effects of eliminating prescriptive policy-level
assessment while retaining predictive inputs. This helps isolate the influence of
prescriptive coordination on service stability. This means that on the whole LD-
SCA model, the fill rate is variable, and this is 7.9%, which indicates that the
performance of services is quite consistent across demand conditions. With no
prescriptive assessment and without a policy-level decision modeling with the
predictive outputs, the fill-rate variance rises to 14.6%, which equals an 85%
increase over the full configuration. Importantly, this degradation occurs even
though forecast accuracy remains similar and prediction inputs are the same,
indicating that instability results from the absence of prescriptive evaluation
rather than less accurate predictions. These findings suggest that demand
uncertainty is not sufficient to provide predictable service outcomes and cannot
be based solely on forecast information alone. Rather, it is necessary to make
resilient decisions under uncertainty to assess stock control approaches directly.
The findings support the need for prescriptive coordination in achieving
consistent inventory service performance across multiple contexts.

Table 2.13 Impact of Removing Prescriptive Policy-
Level Evaluation on Service Stability, Measured by
Changes in Fill-Rate Variability under Identical
Predictive Inputs <1

Configuration Fill-Rate Variability (%) | A4 vs. Full
Full LD-SCA 7.9 —




Configuration Fill-Rate Variability (%) | A4 vs. Full
Predictive-only | 14.6 +85%

Table 2.14 shows robustness results obtained from simulations with stochastic
demand and logistics variability. It compares the full LD-SCA configuration to its
ablated counterparts. In the full configuration, excessive service failures and
costly events above the 95th percentile are maintained at a baseline level of 1.0,
indicating stable tail behavior across simulation runs. If uncertainty is eliminated,
extreme service failures decrease to 1.6 times and cost spikes to 1.8 times, the
most likely outcomes to be negative with variability. Without the prescriptive
layer, degradation increases further, doubling extreme service failures to 2.0x and
tail cost events to 2.1x relative to the full configuration. These effects arise from
differences in analytical coordination rather than changes in data or the
simulation environment. These results confirm the presence of heavier tails in
ablated pipelines, suggesting the importance of coordinated uncertainty
propagation in minimizing service disruptions and cost increases in stochastic
operating environments.

Table 2.14 Simulation-Based Robustness Outcomes under Stochastic
Demand and Logistics Variability, Comparing Full LD-SCA against Ablated
Configurations to Quantify the Effect of Coordinated Uncertainty
Propagation on Extreme Service Failures and Tail Cost Behavior &

Configuration ?;er;z Service ]Sfésj Spikes (>95th
Full LD-SCA 1.0x 1.0x

No uncertainty 1.6x 1.8%

propagation

No prescriptive layer 2.0x 2.1x%

2.6 Conclusion and Future Works

This chapter is concerned with the proposed coordinated decision-support
architecture in the context of a single view of SCA, rather than a set of individual
forecasting, planning, and optimization strategies. We addressed the limitation of
isolation at the analytical stage by introducing LD-SCA, which allows for
descriptive, diagnostic, predictive, and prescriptive analysis through planned



propagation of uncertainty across decision stages. This framework shifts the
analytical objective from precision in point estimation to robustness, stability, and
consistency in policy-level decisions in ambiguous situations. As illustrated in the
empirical results using two publicly available and complementary datasets—the
Instacart Market Basket Analysis dataset and the U.S. Commodity Flow Survey
—SCA benefits from convergence across analytical layers rather than from
isolated models. In demand and logistics, LD-SCA is consistently capable of
reducing forecast error dispersion by 3%—6%, stabilizes downstream inventory
service outcomes (with a decrease in the fill-rate variability by 5%—10%), and
improves the reliability of transportation costs estimates (with a 12% reduction in
the cross-scenario variability) compared to deterministic or sequential values. In
this way, the framework is universally applicable at scales outside of narrow
modeling contexts in that these enhancements can be seen at aggregation levels,
transportation modes, and scenario contexts. This causal role of coordination is
further supported by component-wise ablation. In spite of similar accuracy,
avoiding prescriptive policy evaluation significantly increases the dispersion of
forecasts, while eliminating probabilistic prediction reduces the dispersion.
Simulation demonstrates that ablated pipelines exhibit higher-tailed risk and
increased vulnerability to extreme service failures, confirming the need for an
analytical design that is more confident in its uncertainty across all stages.
Importantly, LD-SCA is designed to match public-level data coverage and
limitations. Rather than being viewed as a real-world application that requires
proprietary state in the system, optimization is explicitly defined as an analytical
analysis of policy under uncertainty. This design decision improves
reproducibility and enables the framework to be used in research, benchmarking,
and early analytics maturity contexts. Several avenues for future research, as
expected, emerge. The model could be expanded to include more open data and
real-time data streams for the analysis of temporal adaptation and feedback
effects. Second, governments, interpretation and trust, especially in probabilistic
and ML-based factors, will need to be closely monitored for organizational
adoption. Third, longitudinal analyses of the persistence of integrated analytics
architectures in improving analytics maturity and enhancing decision-making
quality would provide insights across multiple industries.
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3.1 Introduction

In supply chain management (SCM), decision-making is progressively taking
place in an environment characterized by significant demand volatility, regular
disruptions, and reduced operational time frames. The effectiveness of planning
paradigms that are static or updated periodically has been diminished by
globalized sourcing, shortened product life cycles, geopolitical uncertainty,
climate-related events, and increasing regulatory and sustainability requirements
[1,2]. In such situations, historical averages and rare replanning cycles can’t
capture the rapid change in operation, causing slower reaction time and less than
ideal outcomes [3]. Predictive analytics models have emerged as a key analytical

forecasting models, machine learning (ML) models, and probabilistic estimation
of uncertainty, predictive analytics enables companies to anticipate demand
trends, estimate supply and logistics risks, and explore other operation scenarios
across procurement, production, stock, and distribution functions [4,5]. With
shorter decision cycles and rapid changes in operations, prediction accuracy is
valuable because it transforms the model output into actionable actions in the
proper time than plans [6].

the real world remain lagging behind in prediction—execution. Currently, the most
common applications involve embedding predictive models in batch pipelines
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that focus on planning data ingestion, model inference, and decision updates at set
intervals, rather than continuously [7]. They are not compatible with high-speed
data streams generated by enterprise transactions, [oT sensors, logistics systems,
or with external forces such as weather, market dynamics, and geopolitical events
[8]. This means that demand changes, supply disruptions, and quality changes are
usually only identified after a service impact has occurred. This reduces the
effectiveness of mitigation strategies. The organizational and architectural
differences between predictive models and execution systems augment this
prediction—execution gap. Predictive models become analytical artifacts that are
disentangled from decision-making or are cloaked together. This separation also
results in delays, contradictions, and ambiguity with respect to accountability in
addressing model outputs [9]. Also, much of the confusion around the
propagation of uncertainty, scaling across multi-echelon supply networks, and the
balance between accuracy, interpretation, and computational efficiency remains
ungrounded [10,11]. These technical issues are further complicated by
organizational barriers such as fragmented data ownership, limited analytical
maturity, skill gaps, and questions of governance and risk in systems where
decision-making is either fully or completely automated [12]. These factors
indicate that only improvements in predictive modeling cannot meet the ever-
changing needs of modern SCM.

The motivation for this chapter is to overcome this gap in prediction—
execution by looking at the entire system at a scale that views predictive analytics
and decision-making as separate capabilities, rather than discrete technical
functions. The technical foundation for continuous data intake, low-latency model
inference, and automated or semi-automated operational responses at execution
timescales includes stream analytics, event-driven architectures, and closed-loop
control systems [13]. However, these advantages in practice must be weighed
against the models, system design, and organizational decisions. This entails
coordinating human-in-the-loop mechanisms and governance in order to ensure
reliability, accountability, and trust [14]. This chapter thus introduces the
Integrated Predictive—Real-Time Decision Framework (IPRDF), a closed-loop
architecture that connects probabilistic forecasting models, ML classification
models, and anomaly-detection models with streaming and event-driven
execution mechanisms. It aims to enable continuous updating, contextual
interpretation, and operative application of predictive insights during uncertainty.
The framework also provides a standard approach for evaluating improvements in
performance beyond just predictive accuracy, such as decision latency,

summarizes the conceptual relevance of the proposed framework to traditional
planning, standalone predictive analytics, and real-time decision-making



paradigms. In the table, 1 indicates that a given capability is explicitly supported
as part of the paradigm design, and 0 indicates that the capability is not supported
or does not have any systematic support. It is well documented that in
conventional planning, decision cycles are static, batch-driven, and only a small
amount of uncertainty modeling is used. Alternatively, predictive analytics can
enhance forecasting but cannot guarantee real-time execution. Real-time decision
models tend to have low-latency responses but rarely employ either predictive
modeling or closed-loop control. Similarly, the proposed IPRDF conjointly
supports uncertainty-aware modeling, continuous data collection, low-latency
implementation, closed-loop decision-making, and human oversight, addressing
the structural limitations of existing approaches.

the Structural Progression from Static Planning and Standalone Predictive
Modeling to the Proposed Integrated Predictive—Real-Time Framework &

Real- Integrated
Main Feature Traditional | Predictive | Time Predictive—
Planning Analytics | Decision-| Real-Time
Making Framework
Static, batch- 1 0 0 0
oriented planning
Modeling of 0 1 1 1
demand and
supply uncertainty
Use of 0 1 0 1
ML/advanced
forecasting
models
Continuous data 0 0 1 1
ingestion
Low-latency 0 0 1 1
operational
response
Integration with 0 0 0 1
execution models




Real- Integrated
Main Feature Traditional | Predictive | Time Predictive—
Planning Analytics | Decision-| Real-Time
Making Framework
Closed-loop 0 0 0 1
decision control
Governance and 0 0 0 1
human-in-the-
loop support
Robustness under 0 1 1 1
volatility and
disruption

A value of 1 indicates native, system-level support for a given capability, while 0
denotes its absence or nonsystematic support. The table emphasizes how closing
the prediction—execution gap requires the joint integration of uncertainty-aware
modeling, continuous data ingestion, low-latency execution, closed-loop control,
and governance mechanisms.

This chapter is structured to move from a conceptualized perspective to a
practicalized model. Section 3.2 presents existing literature on predictive

prediction, anomaly detection, streaming and event-driven architectures, and
closing the gap between prediction and execution. Section 3.3 details the
materials and models, as well as the data, preprocessing pipeline, feature design,
and the integrated IPRDF predictive-real-time architecture; and Section 3.4
describes an experimental setup, including evaluation metrics, execution-level
responsiveness measures, and hyperparameter configurations used in all
experiments. Section 3.5 reports and analyzes results, including comparisons to
modern baselines, cross-domain robustness analysis, and a comprehensive
ablation analysis that separates the forecasting, anomaly detection, and execution
components. This chapter ends in Section 3.6 with a summary of findings and
recommendations for future research.

3.2 Related Works



focus and the primary objective was to improve prediction accuracy in static
decision cycles. This work examined statistical forecasting and operations
research models, i.e., univariate and multivariate time-series models such as
exponential smoothing and Auto-Regressive Integrated Moving Average
(ARIMA), to predict future demand based on previous sales data [16]. As shown
in Table 3.2, these models were always based on historical data and explicit time-
series formulations under the condition that demand patterns were linear and
stationary [17]. Although these statistical models were superior to heuristic and
rule-based planning processes in that they explicitly account for trend and
seasonality, they were largely designed for periodic, batch-based planning cycles
[18]. Forecasts were produced weekly or monthly and then converted into static
plans for procurement, production, and distribution. As a result, early predictive
analytics did not support the ongoing modeling, real-time processing of data, or
operational execution. This lack of support is evidenced by the absence of
system-level execution and adaptation capabilities in the first column of Table
3.2. More recent studies have further expanded the statistical prediction approach
to incorporate causal and hierarchical models that improve coherence across
products, sites, and organizational boundaries [19]. However, these extensions did
not change the fundamental batch-oriented paradigm and did not improve
structural consistency or planning alignment. Predictions were not integrated into
operating workflows, and forecasts served as inputs into fixed plans rather than
triggers for execution. As a result, Table 3.2 shows that although modeling did
have some improvement, there was no direct correlation to operation, automated
decision-making, or human-in-the-loop control during this time. With the
availability of data and computational scalability, newer research has begun
reorienting toward ML-based predictive analytics. Ensemble models such as
random forests and gradient boosting, as well as deep neural networks, have
demonstrated better predictive performance in nonlinear environments, high-
dimensional feature spaces, and complex interactions between demand drivers
[20,21]. This transition made it possible to explicitly model nonlinear demand
relationships, improve scalability, and enhance the use of high-dimensional data,
as summarized in Table 3.2. Despite the advancements in modeling, predictive
analytics continued to be execution-agnostic, with forecasts mainly assessed in
offline or batch environments. At the same time, developments in streaming
analytics and event-driven architectures created the technical capacity for
continuous data ingestion and frequent updates to models [22]. Thanks to these
advancements, predictive models can now be updated more quickly in response to



new transactional, sensor, and external signals. Despite this, a significant portion
of the literature persisted in viewing predictive modeling and operational
execution as components that are loosely connected. Even with the availability of
real-time data processing, predictive models were seldom integrated into closed-
loop decision systems that could initiate prescriptive or automated actions within
governance constraints [23]. As shown in the last column of Table 3.2, real-time
and prescriptive integration occurs only when predictive models are explicitly
incorporated into system architectures that facilitate streaming data processing,
direct connections to execution, automated or semi-automated decision actions,
and human-in-the-loop governance [24,25]. This phase represents a qualitative
shift from the intent of improving prediction accuracy to an environment that
supports adaptive and resilient operations through the re-reading and execution of
predictions within the timeframe of execution. Much of the existing work does
not integrate these at the system level, indicating that architectures need to
address the gap between prediction and execution rather than rely on model-
independent approaches.

Progression from Batch-Oriented Statistical Forecasting Models to Data-
Intensive MLL Models and, Ultimately, to Integrated Real-Time and
Prescriptive Analytics &

Traditional ML-Based Real-Time and
Main Feature Statistical Predictive Prescriptive
Forecasting Analytics Integration
Reliance on 1 1 1
historical sales data
Time-series 1 0 0
forecasting models
Assumptions of 1 0 0
linearity and
stationarity
Periodic batch 1 0 0
planning cycles
Causal and 1 0 0
hierarchical
forecasting




Traditional ML-Based Real-Time and

Main Feature Statistical Predictive Prescriptive
Forecasting Analytics Integration

Modeling of 0 1 1

nonlinear demand

relationships

High-dimensional 0 1 1

feature utilization

Computational 0 1 1

scalability

Continuous model 0 0 1

updating

Streaming and 0 0 1

event-driven data

processing

Direct linkage to 0 0 1

operational

execution

Prescriptive or 0 0 1

automated decision

actions

Governance and 0 0 1

interpretability

emphasis

Human-in-the-loop 0 0 1

decision design

Support for 0 1 1
adaptive and
resilient operations

A value of 1 indicates native, system-level support for a capability, while 0
denotes its absence. The table highlights how advances in predictive modeling
alone do not close the prediction—execution gap unless coupled with continuous



data ingestion, direct linkage to operational execution, and governance-aware
decision control.

at capturing level, trend, seasonality, and autocorrelation in historical demand
data. Exponential smoothing and ARIMA models became the most popular ways
to predict demand and plan capacity because they are simple, easy to understand,
and don’t need a lot of computing power [26, 27, 28]. Table 3.3 shows that these
models clearly show how time is structured and work well when demand is stable
and the forecasting horizon is short. This is why they are widely used in

enterprise planning systems for making routine decisions about restocking and
scheduling [29].

Table 3.3 Comparison of Time-Series Forecasting Model Families Used in

Modeling Flexibility, and Robustness under Nonstationary Demand

Statistical Multivariate ML/DL and
Main Feature Time-Series /State-Space Ensemble
Models Models Models
Modeling of level, 1 1 1
trend, and seasonality
Explicit 1 1 1
autocorrelation
modeling
Linear assumption 1 1 0
dependence
Suitability for stable 1 1 1
demand patterns
Short-term forecasting | 1 1 1
focus
Inclusion of 0 1 1
exogenous variables




Statistical Multivariate ML/DL and

Main Feature Time-Series /State-Space Ensemble
Models Models Models

Modeling of nonlinear | 0 0 1

relationships

Long-range temporal 0 0 1

dependency capture

Robustness to 0 0 1

structural changes

Reduced sensitivity to | 0 0 1

model

misspecification

High data and 0 0 1

computational

requirements

Interpretability for 1 1 0

operational use

A value of 1 indicates native support for a modeling capability, while O denotes
its absence. The table emphasizes that accuracy gains from ML- and ensemble-
based forecasting models come at the cost of higher data and computational
requirements and reduced interpretability—Ilimitations that motivate their
integration within system-level, real-time decision frameworks rather than
standalone deployment.

However, the robustness of statistical time-series models in handling dynamic
demand, structural breaks, and interdependent operational drivers is limited by
stiff assumptions of linearity, stationarity, and minimal exogenous influence [30].
Table 3.3 demonstrates that such models are easy to understand and apply but
cannot model nonlinear relationships, long-term temporal dependencies, or
sudden regime changes. All of these are becoming increasingly significant in
modern SCM.

To mitigate these constraints, subsequent research developed multivariate and
state-space forecasting models that simultaneously depict interrelated time series
and integrate exogenous variables, including prices, lead times, and promotional
signals [31]. These models enhance traditional methodologies by explicitly



incorporating cross-dependencies among supply chain variables, thus fostering
coherence across products and decision-making tiers. Table 3.3 shows that
multivariate and state-space models loosen the rules about outside inputs and
make the models more complex, but they still mostly stick to linear assumptions
and are best suited for short-term forecasting with moderate variability. Recent
research has transitioned toward ML and deep learning (DL) forecasting models,
driven by the accessibility of extensive datasets and enhancements in
computational infrastructure. Recurrent Neural Networks (RNNs) and Long
Short-Term Memory (LSTM) architectures show better performance for
sequences with nonlinear dynamics and long-range dependencies [32]. Attention-
based and transformer architectures further improve forecasting accuracy by
selectively weighting relevant historical observations and capturing extended
temporal context without any limitations related to recurrence [33]. Table 3.3
shows that these models can perform nonlinear modeling, capture long-range
dependencies, and be more robust to structural changes. However, they need
more data and computing power and are harder to understand for operational use.

A growing body of work focuses on ensemble forecasting models that
combine several predictors with different assumptions and update characteristics
to balance the strengths of both statistical and ML-based models [34,35]. As
shown in Table 3.3, these ensembles make models less sensitive to
misspecification and more robust when demand is unstable. Nonetheless, a
significant portion of the current literature assesses forecasting models in
isolation, concentrating mainly on point accuracy metrics while neglecting to
explicitly analyze forecast degradation over prolonged timeframes or the
transmission of forecast uncertainty into subsequent operational decisions [36].
This limitation highlights the necessity for cohesive predictive-real-time
frameworks that explicitly link forecasting behavior, uncertainty dynamics, and
execution-level decision-making.

3.2.3 ML for Demand Prediction and Classification in

forecasting, and shipment delay classification. The first study focused on
improving prediction by applying supervised learning models such as linear
regression and logistic regression that included explanatory variables such as
price, promotion, and macroeconomic variables [37]. These models are robustly
interpretable and therefore compatible with governance requirements, but they are



linear in design and require substantial manual feature engineering to produce
expressive results in complex operating conditions. Next, models based on
decision trees and support vector machines were constructed to mitigate linearity
constraints. These models support nonlinear decision boundaries and higher-
dimensional feature space management, facilitating tasks such as supplier
categorization or delay classification [38,39]. As shown in Table 3.4, tree-based
and margin-based models provide greater flexibility than linear models but still
largely depend on manual feature construction and are not very robust to noisy or
incomplete SCM data. Recent work also highlights the advantages of ensemble
learning models, particularly random forests and gradient boosting, which
overcome limitations of previous approaches. Ensemble models reduce
overfitting through aggregation, are robust to noisy data and nonlinear inputs, and
can model complex nonlinear interactions between multiple SCM features [40].
Gradient boosting models can improve predictability by identifying residual
errors in sequence and have shown promising performance in demand
forecasting, disruption prediction, and quality classification tasks [41,42]. As
outlined in Table 3.4, ensemble models are well balanced in terms of predictive
power, robustness, and post hoc interpretability, thus making them relatively
suitable for use in practice. Models based on DL mark an additional step forward
toward expressive representation learning. Convolutional, feedforward, and
RNNs allow for the automatic extraction of hierarchical and temporal patterns
from unreconstructed or relatively processed raw data, thereby reducing manual
feature engineering [43]. Attention-based architectures complement this ability by
learning to weigh inputs according to context, thereby increasing sensitivity to
demand drivers that shift over time and across operations [44]. Yet, as Table 3.4
indicates, these gains are not balanced by higher computational requirements, less
transparency, and more appropriateness for operational governance, particularly
in decision-critical real-time situations [43].

Table 3.4 Comparison of ML Model Classes for Demand Prediction and

Expressiveness, Data and Computational Requirements, and Operational
Governance &

Tree- Deep and
Main Feature Linear/Logistic| Based Ensemble | Attention-
Models and SVM | Models Based

Models Models




Tree- Deep and
Main Feature Linear/Logistic | Based Ensemble | Attention-
Models and SVM | Models Based
Models Models
Use of supervised 1 1 1 1
learning
Inclusion of 1 1 1 1
explanatory
variables
Relaxation of 0 1 1 1
linearity
assumptions
Requirement for 1 1 0 0
manual feature
engineering
Modeling of 0 0 1 1
complex nonlinear
interactions
Robustness to 0 0 1 1
noisy or
incomplete data
Resistance to 0 0 1 0
overfitting
High-dimensional 0 1 1 1
feature handling
Sequential or 0 0 0 1
temporal pattern
learning
Context-aware 0 0 0 1
input weighting
Post hoc 1 1 1 0
interpretability

support




Tree- Deep and
Main Feature Linear/Logistic | Based Ensemble | Attention-
Models and SVM | Models Based
Models Models
High 0 0 1 1
computational and
data requirements
Suitability for 1 1 | 0
operational
governance

A value of 1 denotes native support for a capability, while 0 indicates limited or
absent support. The table illustrates that gains in nonlinear modeling and temporal
representation in ensemble and deep models often come at the cost of
interpretability and governance suitability, motivating system-level integration
rather than standalone model selection.

Control charts, threshold rules, and regression diagnostics were some of the first
statistical and model-based approaches used. These methods detect anomalies
when observations exceed the fixed limits of historical operational baselines
[46,47]. The time-series decomposition models classify trend, seasonal, and
irregular components with anomalies identified as extreme residuals relative to
the expected temporal structure [48]. These statistical models are transparent,
computationally efficient, and compatible with stable, low-dimensional processes.
Their reproducibility, as shown in Table 3.5, is limited by strong distributional
assumptions, dependence on control limits, and scaling to highly parametric or
heterogeneous data sources [49]. This makes it difficult for these models to detect
tiny or growing anomalies in the context of current SCM practices, including
high-frequency transactions, sensor streams, and intricate interdependencies
between operational variables. To overcome these limitations, later research has
focused on unsupervised ML anomaly-detection strategies using clustering,
isolation forests, and one-class support vector machines [30, 51, 52]. By limiting
the distributional assumptions and enabling anomaly detection without labeled
data, such models are suitable for identifying uncommon or novel events in large-



scale operational datasets. Table 3.5 shows that unsupervised ML models improve
scalability and nonlinear modeling relative to statistical models but do not
provide explicit temporal modeling, adaptive thresholding or decision integration.
Several recent studies have analyzed DL-based anomaly-detection models, such
as autoencoders and variational autoencoders, which learn compact
representations of normal system behavior, with reconstruction error or likelithood
used as anomaly scores [53]. Sequential DL models, such as RNNs and attention-
based architectures, are able to detect anomalies in time-series and event-stream
data by capturing long-range dependencies and context-aware deviations [54].
These models significantly improve the detection accuracy of complex and
dynamic processes but are still frequently used as standalone detectors with fixed

thresholds and minimal integration into decision-making processes, as reported in
Table 3.5.

Highlighting the Progression from Statistically Grounded, Rule-Based
Monitoring toward Integrated, Adaptive Detection Models <

Statistical Deep Integrated

Main Feat X/’;dd / Unsupervised | Learning—| Adaptive

amn feature odet- ML Models Based Detection

Based Models Frameworks
Models

Reliance on 1 1 1 1

historical

operational

baselines

Use of 1 0 0 0

statistical

control limits

Distributional 1 0 0 0

assumption

dependence

Suitability for 1 0 0 0

low-

dimensional

data




Statistical

Deep Integrated

and Unsupervised | Learning—| Adaptive

Main Feature Model- ML Models Based Detection
Based Models Frameworks
Models

Handling of 0 1 1 1

high-

dimensional

data

Detection 0 1 1 1

without labeled

anomalies

Modeling of 0 1 1 1

nonlinear

relationships

Learning 0 1 1 1

compact

representations

of normality

Sequential or 0 0 1 1

temporal

anomaly

detection

Context-aware 0 0 1 1

deviation

identification

Adaptive 0 0 0 1

thresholding

capability

Integration 0 0 0 1

with decision
workflows




Statistical Deep Integrated
and Unsupervised | Learning—| Adaptive

Main Feature Model- ML Models Based Detection
Based Models Frameworks
Models

Balance 0 0 0 !

between

sensitivity and

false alarms

Scalability 0 1 1 1

across

heterogeneous

data sources

A value of 1 indicates native support for a given capability, while 0 denotes its
absence or nonsystematic treatment. The table emphasizes that reliable
operational control under nonstationary and high-dimensional conditions requires
anomaly-detection models that support nonlinear pattern learning, temporal
context, adaptive thresholding, and explicit integration with decision workflows
—capabilities absent in standalone statistical and unsupervised approaches.

The existing literature primarily views anomaly detection as a problem that can
be alerted to the situation within all three types of models—statistical,
unsupervised ML, and DL-based—rather than being a closed-loop decision
system. Adaptive thresholding, explicit connections to execution logic, feedback-
driven calibration, and a controlled balance between sensitivity and false alarms
tend to be unmet [55]. This transparency reduces the effective use of anomaly-
detection outputs, especially in sensitive timescales where false positives can be
expensive and delays can result in failure. These limitations drive the
development of integrated, adaptive anomaly-detection systems, which integrate
anomaly-detection models into real-time decision structures that allow for
continuous data intake, adaptive thresholding, contextual interpretation, and
governed execution. These models are beyond the assumption of detection
accuracy: anomalies do not simply have an observable impact on uncertainty
forecasting, risk assessment, or operational response; and they also bridge the gap




3.2.5 Streaming Data Analytics and Event-Driven

transactions that were collected at set intervals for retrospective analysis to help
periodic planning and reporting [56]. They are useful for strategic and tactical
decision-making, but by nature they have high insight latency. This is because the
analyses occur for hours or even days after the operation takes place [57,58].
Table 3.6 demonstrates that batch-oriented analytics have a fixed-interval
processing, a retrospective approach, and little capacity for continuous
monitoring or operational responsiveness. This trend toward processing and
ingestion of raw data at low latency has driven a major shift to streaming data
analytics. Stream-processing frameworks enable the real-time transformation,
aggregation, and monitoring of high-speed data streams that emerge from
transactions with companies, sensors, and logistics systems [59]. Although these
systems improve situational awareness through their support for real-time
operational monitoring, they are not entirely descriptive or reactive. As noted in
Table 3.6, streaming analytics alone do not imply decision logic based on events,
predictive modeling, or proactive decision support.

the Progression from Batch-Oriented and Reactive Streaming Systems to
Integrated Streaming—Predictive Architectures <1

Integrated
Batch- Streaming | Event- Streaming
Main Feature Oriented | Data Driven and
Analytics | Analytics | Architectures | Predictive
Models
Fixed-interval 1 0 0 0
data processing
Retrospective 1 0 0 0
analytical focus
High-latency 1 0 0 0
insight
generation




Integrated

Batch- Streaming | Event- Streaming
Main Feature Oriented | Data Driven and
Analytics | Analytics | Architectures | Predictive
Models
Continuous data | 0 1 1 1
ingestion
Low-latency 0 1 1 1
analytical
processing
Real-time 0 1 1 1
operational
monitoring
Event-triggered 0 0 1 1
response
mechanisms
Complex event 0 0 1 1
pattern
recognition
Integration of 0 0 0 1
predictive
models
Proactive 0 0 0 1
decision support
Online learning 0 0 0 1
and model
adaptation
Concept drift 0 0 0 1
handling
Fault tolerance 0 0 0 1

and governance
emphasis




Integrated

Batch- Streaming | Event- Streaming
Main Feature Oriented | Data Driven and
Analytics | Analytics | Architectures | Predictive
Models
Human 0 0 0 1
oversight in
automated
workflows

A value of 1 denotes native, system-level support for a capability, while 0
indicates its absence. The table highlights that continuous ingestion and low-
latency processing alone are insufficient for real-time decision-making; proactive
decision support, model adaptation under nonstationarity, governance, and human
oversight emerge only when predictive models are explicitly integrated within
streaming and event-driven execution pipelines.

Event-driven architectures enhance streaming systems by including more
precise definitions of events and response mechanisms. These architectures use
predetermined conditions or patterns to trigger automated workflows or alerts, so
that faster operational responses to detected events such as shipping delays or
inventory threshold violations [60]. This is further expanded through complex
event processing, in which correlated or cascaded events are discovered that span
multiple datasets, such as disruptions in multi-tier suppliers [61]. However, as
discussed in Table 3.6, most event-driven architectures are rule-driven and
reactive. They are based on observed events rather than expected future states and
often do not involve integrated predictive modeling, learning mechanisms, or
uncertainty-aware control.

Recently, researchers have begun developing integrated streaming and
prediction architectures that incorporate predictive models directly into streaming
and event-driven pipelines [62]. These systems include forecasting, classification,
and anomaly-detection models that run continuously on streaming data. This
allows for proactive decision support based on desired outcomes rather than
isolated failures. Online learning, sliding-window testing, and concept drift
detection allow predictions to adjust to nonstationary environments over time
[63,64]. While promising, fully integrated streaming—predictive architectures

as scaling, reliability, governance, and organizational readiness [65]. To address
the prediction—execution gap highlighted in this chapter, a system-level



framework is needed that explicitly integrates streaming analytics, predictive
modeling, event-driven execution, and human-in-the-loop control.

3.2.6 Prescriptive Analytics and Decision Optimization

on prediction with mathematical optimization, simulation, and decision rules to
make executable recommendations for inventory positioning, production
scheduling, and transportation routing [66]. In contrast to predictive analytics, in
which future system states are largely estimated, prescriptive analytics determines
what the most appropriate actions should be in order to meet objectives such as
cost efficiency, service reliability, and resilience.

Early prescriptive decision systems were set up as layers of optimization in
enterprise planning systems. These systems used linear and mixed-integer
programming formulations to generate static plans based on periodic forecasts
[67]. However, as presented in the first column of Table 3.7, such optimization
pipelines did not include continuous data ingestion, real-time adjustment, or
feedback integration. Forecast outputs were also treated as fixed inputs to
optimization solvers, so that prescriptive decisions cannot react dynamically to
changing demand volatility or logistics problems.

Ilustrating the Progression from Static Optimization and Sequential
Predict-Then-Optimize Pipelines to Adaptive, Real-Time Prescriptive

Systems &1
Static Sequential Adaptive
Main Feature Optimization Predict-Then- Prescriptive
Models Optimize Systems
Optimization 1 1 1
under constraints
Forecast 0 | 1
integration
Scenario 0 1 1
simulation




Static Sequential Adaptive

Main Feature Optimization Predict-Then- Prescriptive
Models Optimize Systems

Decision 1 | 1

recommendations

Feedback into 0 0 1

predictive models

Continuous data 0 0 1

ingestion

Real-time 0 0 |

decision

adjustment

Governance and 0 | 1

interpretability

Automated 0 0 1

execution support

A value of 1 denotes native, system-level support for a capability, while 0
indicates its absence. The table highlights that feedback integration, continuous
data ingestion, real-time decision adjustment, and automated execution support
emerge only within adaptive prescriptive architectures.

Recently, new research has focused on incorporating prescriptive analytics into
real-time systems, which continually alter operational decisions to reflect
streaming demand, supply, and disruption signals. Adaptive operational control is
increasingly supported through scenario-driven optimization, rolling-horizon
planning, and uncertainty-aware decision rules [68]. These systems explicitly
incorporate human-in-the-loop governance, which means controlling automation
for actions that are low risk and giving planners greater opportunity to make
decisions with high impact. Like the last column of Table 3.7, this change
introduces real-time correction, feedback in predictive models, and controlled
automated execution, all capabilities lacking in standard predictive models.

3.2.7 Hybrid and Adaptive Analytics Frameworks in



Predictive modeling, anomaly detection, and prescriptive optimization are all
integrated into unified closed-loop designs by hybrid and adaptive analytics

frameworks were developed in response to the shortcomings of modular analytics
pipelines, which do not facilitate coordinated adaptation in the face of
nonstationary demand and supply shocks, since they consider forecasting,
detection, and optimization as separate processes.

Early hybrid designs integrated rolling-horizon planning systems with
forecasting and optimization layers. Although these systems relied on sequential
model execution and lacked explicit input across analytical components, they
updated plans more frequently than batch pipelines [69]. Early hybrid pipelines
were less responsive to infrequent and changing interruptions because they did
not provide anomaly—decision coupling, adaptive policy learning, or continuous
closed-loop execution, as seen in the first column of Table 3.8.

Progression from Modular Analytics Pipelines and Partially Integrated
Streaming—Predictive Systems to Adaptive Hybrid Learning Frameworks

Modular Streaming + Adaptive
Main Feature Analytics Predictive Hybrid
Pipelines Integration Frameworks
Predictive modeling 1 1 1
Prescriptive | 0 |
optimization
Real-time data 0 1 1
ingestion
Cross-component 0 0 1
feedback loops
Reinforcement 0 0 |
learning/policy
adaptation
Uncertainty-aware 0 1 1
adaptation




Modular Streaming + Adaptive
Main Feature Analytics Predictive Hybrid
Pipelines Integration Frameworks
Anomaly—decision 0 0 1
linkage
Governance and 1 0 1
interpretability
Continuous closed- 0 0 1
loop execution

A value of 1 denotes native, system-level support for a capability, while 0
indicates its absence. The table highlights that cross-component feedback, policy
adaptation, anomaly-linked decisioning, and continuous closed-loop execution
emerge only within adaptive hybrid architectures.

By incorporating anomaly detection, uncertainty-aware forecasting, and
reinforcement learning into real-time execution pipelines, recent research
advances hybrid frameworks. Learning agents with streaming feedback to the
operating environment are employed to continuously improve logistics
management and inventory control strategies [70]. At the same time, asymmetric
decision logic and uncertainty propagation allow hybrid models to differentiate
between severely perturbed changes and expected variability and help controlled
escalation and early intervention. Recent hybrid frameworks, summarized in the
last column of Table 3.8, provide governance- sensitive automation, feedback-
driven learning, and continuous closed-loop execution that close this prediction—
execution gap.

3.3 Materials and Models

3.3.1 Description of the Dataset

that represent complementary aspects of supply chain decision-making: short-
term retail demand dynamics and real-world logistics execution during
disruptions.

The Retailrocket E-commerce Dataset [71] comprises about 2.7 million
anonymized and time-stamped user interaction events gathered over



approximately 4.5 months from a major online retail platform, involving around
235,000 unique users and 50,000 distinct products. Every record features a
timestamp with millisecond precision, a product ID, a session or user ID, and an
event type, which includes product views, add-to-cart actions, and completed
purchases. Event streams are compiled into product-level demand signals on an
hourly and daily basis for modeling purposes. This aggregation facilitates the
creation of interaction counts, conversion ratios, rolling demand intensity
measures, volatility indicators, and calendar-based features. The dataset is divided
chronologically into three parts: 70% for training, 15% for validation, and 15%
for testing. The test set consists of the most recent data and is used solely for out-
of-sample evaluation. The OpenSky Network Flight and Trajectory Dataset [72]
contains extensive, high-frequency records of aircraft movements gathered from a
worldwide network of ADS-B sensors. The subset utilized in this research
includes about 12 million trajectory records over several months, with sampling
intervals of 5—15 seconds for each aircraft. Every record contains flight
identifiers, timestamps, geographic coordinates, altitude, speed, and metadata
detailing departures, arrivals, delays, and routing alterations. Logistics-relevant
variables such as departure and arrival delays, en-route delay accumulation, route
deviation indicators, and rolling congestion metrics are derived from these
signals. This dataset, while it comes from the aviation domain, is commonly used
as a proxy for air cargo reliability and transit-time variability in logistics research
[68]. To guarantee uniform assessment between predictive modeling and real-
time decision tasks, a chronological split identical to that of the retail dataset is
employed.

3.3.1.1 Preprocessing of the Dataset

The preprocessing of the dataset aims to achieve causal validity, numerical
stability, and realistic behavior in real-time deployment. All transformations are
applied uniformly across the training, validation, and test splits, as detailed in
Table 3.9.

Table 3.9 Quantitative Specification of Dataset Preprocessing and Feature
Construction Applied Consistently across All Experiments <!

Preprocessing

Component Retailrocket Dataset OpenSky Dataset

Temporal ordering Strict chronological sort Strict chronological sort




Preprocessing

Component Retailrocket Dataset OpenSky Dataset
Aggregation 1 hour, 24 hours 5 minutes, 15 minutes
windows

Train/validation/test | 70%/15%/15% 70%/15%/15%

Split

Missing value rate 2%—4% 3%—6%

Short-gap <2 Consecutive windows | <2 Consecutive windows
imputation

Long-gap Rolling mean (3-5 Rolling mean (3-5
imputation windows) windows)

Outlier detection IQR +|Z| >4 IQR +|Z| >4

Outliers removed

<1.2% of observations

< 1.2% of observations

Nonstationarity First-order diff, % First-order diff, %
handling change, rolling deviation | change, rolling deviation
Rolling statistics 3, 6, 12 Time steps 3, 6, 12 Time steps
windows

Lagged features 3—7 Lags per variable 3—7 Lags per variable

Feature scaling

Z-Score normalization

Z-Score normalization

Final feature
dimension

45-60 Features

35-50 Features

All values correspond to fixed, deployment-oriented design choices that ensure
causal validity, numerical stability, and reproducibility under real-time inference
conditions.

To prevent temporal leakage, records in both datasets are strictly ordered by
timestamp, and event-level observations are aligned to operational decision
intervals using fixed-width aggregation windows of 1 and 24 hours for the
Retailrocket dataset, and 5 and 15 minutes for the OpenSky dataset. Following
aggregation, missing values make up about 2%—4% of features derived from
Retailrocket and 3%—6% of those from OpenSky. Gaps that cover one or two



consecutive windows are filled using last-observation carry-forward, while longer
gaps are addressed with local rolling means calculated over a three- to five-
window neighborhood. Outlier analysis employs interquartile range filtering
along with z-score thresholds of |z| > 4, leading to the removal of less than 1.2%
of total observations deemed implausible measurement artifacts, while preserving
rare but operationally valid demand spikes and extreme delay events. To tackle
nonstationarity, variables based on raw magnitudes are converted into relative-
change formats, such as first-order differences, percentage changes, and
normalized deviations from rolling means. To capture short-term momentum and
volatility while maintaining longer-term structure, temporal smoothing and
rolling statistics are calculated using window lengths of 3, 6, and 12 time steps.
All continuous variables are standardized through z-score normalization, using
scaling parameters calculated solely from the training data to prevent information
leakage. Feature construction explicitly captures temporal dependence and
interaction effects by including three to seven lagged observations for each
primary variable, rolling mean and variance calculations, and interaction terms
that connect demand, time, and contextual attributes. For categorical variables,
structure-preserving encodings are used to retain grouping information while
avoiding artificial ordering. After preprocessing, the final feature representation
consists of around 45—-60 features per product—time instance for the Retailrocket
dataset and 35-50 features per route—time instance for the OpenSky dataset. This
results in causally valid, numerically stable, and execution-ready inputs that are
suitable for streaming inference and closed-loop decision-making.

3.3.2 Model Analysis

3.3.2.1 Integrated Predictive—Real-Time Architecture

different supply chain data into timely, controlled action. The framework
explicitly integrates forecasting, classification, and anomaly-detection models
within a single execution-oriented architecture, rather than traditional pipelines
that perform analytical analyses independently of each other. Preprocessed data
on demand, logistics, and event streams are injected into an interface that is
temporally synchronized, maintains causal ordering, and coordinates data from
various sources. Models are trained with rigorous chronological verification to
reproduce actual deployment conditions. On the other hand, new data are always
leading to inference. With this design, analytical outputs are guaranteed to be
consistent across decision layers, and operational decisions are based on current



system states rather than old or stalled plans. It corrects the prediction—execution
gap directly.
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forecastlng, ML-based risk classification, and anomaly detection
are jointly embedded within a streaming, event-driven execution
loop. The architecture highlights the closed-loop flow from
continuous data ingestion and low-latency model inference to
governed operational actions and human-in-the-loop escalation,
explicitly addressing the prediction— execution gap in adaptive
SCM. &

3.3.2.2 Probabilistic Forecasting and Continuous Updating

The framework consists of probabilistic time-series forecasting models that
produce rolling projections of demand and transit behavior as inputs for
downstream decision logic. While classical statistical forecasting models provide
baseline trends and seasonal patterns in stable conditions, ML-based forecasting
models enable predictive power in nonlinear relationships, high-dimensional
covariates, and interrelated demand drivers. Outputs are plotted as point estimates
and uncertainty distributions, and are carried forward to the next layers of
analysis. When new observations are made, the forecasts are revised
incrementally, allowing expectations to always respond to demand changes,
disruptions, or external shocks. This constant updating mechanism ensures that



execution-layer decisions are based on the most recent information, rather than
replanning cycles.

3.3.2.3 Demand Classification, Risk Prediction, and Anomaly
Integration

Along with the forecasting layer, demand state identification and operational risk
prediction are implemented in ML classification models. Such models themselves
act on better representations of features that combine lagged demand signals,
contextual variables, and indicators from recent anomaly activity. The
classification results are presented as calibrated risk scores, or the likelihood of
demand surges, transit delays, or quality deviations. This framework also
decouples expected variability from structurally significant changes using
forecast uncertainty and classification confidence. This interaction does not
necessitate intervention but provides an early increase in risk once threshold
levels are reached. In addition, anomaly-detection functions as a layer of cross-
cutting observation of raw operational information and model residuals. Rather
than adding an anomaly-detection function to the decision logic of the
framework, it is also used as alerting. Detection models recognize deviations
from normal behavior that may not be immediately apparent in forecast errors or
risk scores, especially when there is a rare or unanticipated event. The detected
anomalies are then mapped to temporal and operational data and can be used to
estimate uncertainty, adjust risk estimates, or trigger re-examinations in specific
models, which can then be incorporated into forecasting and classification. This
integration provides greater protection against rare, but nonetheless significant,
disruptions.

3.3.2.4 Event-Driven Decision Execution and Adaptive Learning

As shown in Figure 3.1, the architecture has a modular, tied construction for
scalability, interpretability, and real-time execution. The second layer, data
ingestion and preprocessing, consists of streaming and batch input layers that
manage data flow and maintain a temporal system state. Forecasting,
classification, and anomaly-detection models are provided as independent
services within the analytical layer, so that updates or replacements may be made
without impacting the entire system. Inference pipelines have low-latency
architectures to ensure responsiveness during high data-throughput conditions.
Event-driven processes connect analytical information to practice. When certain
preconditions are met—i.e., expected demand exceeding capacity limits, risk
scores over tolerance levels, or the magnitude of anomalies above thresholds—




events are generated and sent to decision handlers. These handlers examine
context, uncertainty, and business limitations prior to responding. Automated
actions are limited to clear, low-risk situations; unclear or high-risk situations are
escalated to human decision-makers with explanations and recommendations.
Rolling assessment measures are utilized for evaluating model performance for
long-term validity, and if model performance declines, the model needs to be
retested or retested. Structural shifts are covered with periodic retraining, while
gradual changes help adaptation to gradual shifts. Ensemble strategies that
combine models with concurrent assumptions and frequency of update provide
greater robustness.

3.4 Experimental Setup

3.4.1 Evaluation Metrics

3.4.1.1 Forecasting Accuracy

Prediction performance is measured by the mean absolute error (MAE) for

predicted and actual demands or transit outcomes that retains the scale and is
applicable for use in interpretation. This measure is expressed as natural units,
either units of product or length of delay. Specifically, MAE is well suited to the
SCM context, since absolute variations are directly linked to inventory imbalance,
service degradation, and excess logistics costs. MAE is reported at both short-
and medium-term levels to evaluate the feasibility of execution and planning
stability in the short run. These trends in horizon-wise degradation, as well as
average error magnitude, are used to evaluate robustness against demand
volatility and nonstationarity as important factors in continual decision-making.

3.4.1.2 Classification and Risk Discrimination Performance

The F1 score allows the ability to balance accuracy and recall for the tasks of
identifying demand states, predicting disruption risk, and grading delays. This

of events such as disruptions, quality errors, or delays are not uncommon but
have significant operational consequences. Precision indicates the accuracy of the
alerts the model produces and reduces unnecessary intervention; recall, on the
other hand, indicates the ability of the system to identify actual risk events prior
to downstream processes.



3.4.1.3 Execution-Level Responsiveness

Decision latency is measured at the system level as a measure of operational
effectiveness in real time. Decision latency refers to the time between new data
arrival and the delivery of a decision, alert, or escalation. This measure combines
the data ingestion, preprocessing, model inference, event detection, and response
orchestration delays to reflect the full performance of the closed-loop pipeline
rather than the individual components. When responding late is critical in those
situations where response time improves mitigation—transportation rerouting,
capacity reallocation, or stockpiling with sudden demand change—the low
latency is critical.

3.4.2 Hyperparameters

Hyperparameter configurations are chosen through systematic validation to
balance predictive performance, robustness under nonstationarity, and real-time
execution constraints, guided by the architectural principles outlined in Section
3.3.2. Table 3.10 provides a summary of the final settings applied in all
experiments, ensuring reproducibility and consistency across datasets and tasks.

autoregressive orders of 1-3, a differencing order of 1, and moving-average
orders from 1 to 2. Seasonal components are defined with a period of 7 for short-
cycle retail demand signals and 12 for aggregated logistics patterns, while the
seasonal autoregressive and moving-average orders are set to 1. These choices
enable the models to identify recurring patterns while maintaining numerical
stability in volatile conditions. Exponential smoothing models utilize level
smoothing parameters ranging from 0.15 to 0.30, trend smoothing from 0.05 to
0.20, and seasonal smoothing from 0.10 to 0.35, allowing controlled adaptation to
recent observations while avoiding excessive reactivity.

Table 3.10 Numerical Specification of Hyperparameter Settings Used for
All Forecasting, Learning, Anomaly Detection, and Streaming
Components &

Component Hyperparameter Value/Range
ARIMA Autoregressive order (p) 1-3
ARIMA Differencing order (d) 1

ARIMA Moving-average order (q) 1-2




Component Hyperparameter Value/Range
ARIMA Seasonal period (s) 7,12
ARIMA Seasonal AR/MA order 1
Exponential smoothing | Level smoothing (o) 0.15-0.30
Exponential smoothing | Trend smoothing (j3) 0.05-0.20
Exponential smoothing | Seasonal smoothing () 0.10-0.35
Random forest Number of trees 300-500
Random forest Maximum depth 814
Random forest Minimum samples per split 20
Gradient boosting Learning rate 0.03-0.10
Gradient boosting Tree depth 4-5
Gradient boosting Number of iterations 200-600
Neural network Hidden layers 24
Neural network Units per layer 64-256
Neural network Dropout rate 0.20-0.35
Neural network Batch size 64-128
Neural network Initial learning rate 0.001
LSTM Input sequence length 14-30
LSTM Recurrent units 64-128
Isolation forest Number of trees 200
Isolation forest Subsample size 256
Isolation forest Contamination rate 0.02-0.05
Autoencoder Latent dimension 816
Autoencoder Anomaly threshold percentile | 95-97

Streaming/CEP

Sliding-window size

5—15 minutes




Component Hyperparameter Value/Range

Streaming/CEP Checkpoint interval 30 seconds

Streaming/CEP Parallel execution threads 4-8

All values correspond to fixed, deployment-oriented configurations selected to
balance predictive accuracy, robustness under nonstationary, and low-latency
execution.

For regression and classification tasks based on ML, random forest models are
set up with 300-500 trees, maximum depths ranging from 8 to 14, and a
minimum split size of 20 observations. For classification tasks, feature
subsampling is configured to the square root of the feature count, while for
regression tasks it is set to one-third. This enhances ensemble diversity and stable
generalization. Gradient boosting models employ learning rates of 0.03-0.10, tree
depths of 4 or 5, and 200—600 boosting iterations, with regularization to limit leaf
weights and reduce overfitting in noisy demand conditions.

Neural network models utilize two to four hidden layers, each containing 64—
256 units, with dropout rates ranging from 0.20 to 0.35 and batch sizes of 64—128
observations. Learning rates start at 0.001 and are adjusted dynamically according
to validation loss. All neural models are trained for a maximum of 30 epochs,

utilize input sequences of 14-30-time steps for sequential modeling, with
recurrent layers comprising 64—128 units to balance temporal coverage and
computational overhead for low-latency inference. Models for detecting
anomalies that utilize isolation forests are set up with 200 trees, subsampling
sizes of 256 observations, and contamination levels ranging from 0.02 to 0.05,
which mirror the infrequency of actual anomalies in operational data. Detectors
based on autoencoders utilize latent dimensions between 8 and 16, with anomaly
thresholds set at the 95th to 97th percentile of reconstruction error. To facilitate
real-time execution, streaming and event-processing components utilize sliding
windows of 5—15 minutes, 30-second checkpoint intervals, and parallelism levels
of 4-8 execution threads, ensuring responsiveness while maintaining stability.
Neural models are trained on a single NVIDIA Tesla V100 GPU, while non-
neural models are executed on the CPU.

3.5 Results and Analysis



3.5.1 Comparison with State of the Art

baselines that include statistical forecasting, ML-based prediction, standalone
anomaly detection, and batch-oriented execution pipelines. The evaluation of all
baselines is conducted using the same chronological splits, preprocessing
methods, and evaluation metrics as outlined in Sections 3.3 and 3.4, which
guarantees a fair comparison. To reflect the framework’s multi-objective nature,
results are reported separately for forecasting accuracy, classification
performance, and execution-level responsiveness.

3.5.1.1 Forecasting Performance Comparison

In Figure 3.2, forecasting accuracy on short and medium horizons is represented

competitive one-step performance, but their utility is low as the horizons narrow.
ARIMA increases from 1.00 at one step to 1.71 at 12 steps, and exponential
smoothing increases from 0.97 to 1.65, indicating modest robustness against
volatility. The ML-based models are more accurate across all horizons, with a
random forest, gradient boosting, and LSTM models decreasing error and
correspondingly decreasing the errors more slowly. LSTM has MAE values of
0.83, 1.15, and 1.39, respectively, which are above baseline statistically
acceptable values. However, these models continue to exhibit large error
increases with horizon length. The average MAE is 0.91, and IPRDF’s ensemble
forecasting component consistently experiences the lowest mean MAE values of
0.71, 0.96, and 1.07 for one-step, six-step, and 12-step forecasts, respectively.
This is more precise and significantly lower in horizon-wise degradation than the
robust single-model baseline and consistently demonstrates better resilience under
demand change across all tested scenarios.
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representative statistical, ML, and integrated models. Lower values
indicate higher predictive accuracy. The results highlight both
average accuracy and horizon-wise error growth, emphasizing
robustness under demand volatility. <

3.5.1.2 Classification and Risk Prediction Comparison

F1 scores for disruption and risk classification in retail and logistics are shown in
Figure 3.3. With a mean F1 of 0.72, linear logistic regression has the lowest
performance and thus poor model-ability for nonlinear and contextual risk
patterns. Support vector machines average an improvement to 0.76, but they
struggle with class differences. Ensemble learning methods are more robust in
discriminating, as the average F1 score of the random forest is 0.81 with the
improvement of the gradient boosting to 0.84 across multiple datasets. However,
with these improvements, ensemble models using each other still exhibit noise

best and most consistent performance, with F1 scores of 0.87 on Retailrocket and
0.84 on OpenSky, yielding a mean of 0.86 for the whole model. [IPRDF also
provides enhanced recall as well as accuracy in a variety of operational situations
by coordinating predictive signals, rather than simply using isolated classifiers.



This balance provides usability in the context of time-sensitive supply chain
decision-making.
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Figure 3.3 F1 score comparison for disruption and risk

reflect the framework’s ability to balance early risk detection
(recall) and alert reliability (precision) under class imbalance. <

3.5.1.3 Execution Latency Comparison

Figure 3.4 evaluates decision latency and highlights problems with batch-based
execution pipelines for supply chain decision-making. Batch planning has the
longest latencies, with an average of 210 minutes, indicating that prediction is not
as strong as action. Replanning of the sample periodically reduces the delay to an
average of 75 minutes, but this is still not enough time to respond appropriately.
Architectures for streaming data without predictive integration reduce latency to
an average of 20 minutes, which enables faster monitoring but remains reactive.

4 minutes for Retailrocket, and 6 minutes for OpenSky. This allows for
measurable responsiveness and therefore supports prediction accuracy. These
results suggest that execution latency, not predictive performance alone,
determines the practical decision value in varied supply chain conditions.
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Figure 3.4 Average end-to-end decision latency measured from data
arrival to operational action across execution architectures. Lower
values indicate tighter prediction—execution coupling and greater
suitability for time-sensitive supply chain decision-making. <

3.5.2 Cross-Domain Analysis

This section examines consistency of performance across retail demand and
logistics disruption to assess generalizability. The purpose of this study is to

architectural integration.

3.5.2.1 Forecast Robustness across Domains

to the strongest single-model forecasting baseline across multiple domains and
horizons. MAE reductions increase as the horizon length increases, from 22%
with one-step forecasting to 27% with six-step forecasting and 30% with 12-step
forecasting in the Retailrocket domain. In OpenSKky, this is also the case, with
20%, 25%, and 28% reductions in the one-, six-, and 12-step horizons,
respectively. There is a close correspondence between gains in retail demand and
disruption in logistics, suggesting that performance enhancements are not related
to tuning specific to the dataset or domain specificities. On the other hand,



consistent reductions across different horizons and domains suggest that error
mitigation is achieved through architectural integration that enables predictable
forecasting under heterogeneous volatility conditions. These results support the
conclusion that robustness benefits are applicable across operational contexts and
show that IPRDF contributes beyond model selection.
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Figure 3.5 Relative reduction in MAE achieved by IPRDF

compared to the strongest standalone forecasting baseline, reported
across forecast horizons and domains. The results highlight
architecture-level robustness rather than dataset-specific tuning. <1

3.5.2.2 Classification Stability across Domains

F1 scores vary across domains, as indicated in Figure 3.6. The strongest variance
of log regression is 0.0049, indicating that discrimination behavior is inconsistent
in different contexts. Random forest increases variance to 0.0025, which 1s
associated with enhanced but moderate stability. This difference is reduced to
0.0016 with gradient boosting, which provides more consistency across risk
categories. IPRDF suggested here exhibits less than 0.0009 variance, which

means that it is still strong in the face of retail demand and logistics disruptions.
This increase in variability indicates that predictive behavior is uniform across
multiple datasets, class differences, and operational contexts. [PRDF uses




predictive signals to reduce sensitivity to domain changes and contextual noise by
using classifiers with isolated classifiers. The risk scoring is therefore more
reliable, especially when models are transposed across domains. These findings
confirm that stability gains result from integrated design rather than domain-
specific calibration, supporting generalizable deployment in heterogeneous
supply chain environments that require robust decision-making.
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Figure 3.6 Cross-domain variance of F1 scores across retail demand
and logistics disruption tasks. Lower variance indicates more stable
and transferable risk discrimination performance under
heterogeneous operational conditions. <

3.5.2.3 System-Level Outcome Metrics

Figure 3.7 analyzes nonpredictive operational outcomes of the system and
demonstrates the impact of coordinated execution in practice. In the Retailrocket
domain, [P
inventory cost, and a 25% increase in overall efficiency, indicating effective
conversion of predictive information to action. The OpenSky sector has similarly
improved: service quality increases by 21%, delays costs decrease by 20%, and
operational efficiency increases byb23%. This consistency in gains across
demand and logistics contexts demonstrates that there is a difference in the




benefits of any given operation. Instead, predictive awareness and low-latency
execution drive improvements. These results illustrate the importance of accurate
prediction combined with responsive execution. [IPRDF converts analytical
improvements into service and cost benefits for various use cases by reducing the
time between signal detection and action, thereby enabling predictable
implementation in actual supply chains.
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across retail demand and logistics domains, reported as relativ
percentage improvements over batch-oriented planning systems.
Metrics reflect gains in service level, cost efficiency, and overall
operational performance achieved through integrated predictive
modeling and low-latency execution. <1

3.5.3 Ablation Study

This section evaluates the value of individual architectural elements through
systematic removal of these elements and instillation of all other environments. It
is intended to prove that performance improvement comes from system-level
integration rather than simply from individual modeling choices.



3.5.3.1 Forecasting Component Ablation

Table 3.11 displays performance prediction with systematic ablation of ensemble

an error of 0.91 and serves as the reference level of performance for integrated
forecasting. Exclusion of this ensemble component leads to an increase in mean
MAE to 1.08, indicating an obvious loss of robustness and increased sensitivity to
demand variability. When ML forecasters are absent, there is further degradation,
with MAE increasing to 1.19. This suggests that statistical models alone cannot
adequately account for nonlinear and fluctuating demand behaviors. The highest
error rate, in the statistics-only configuration, is 1.33, which confirms a
significant decline in performance when learning-based enhancement is not
present. The MAE continues to rise across ablations and indicates that each
removed component reduces forecasting stability. These results show that
ensemble construction and ML integration are important for maintaining low
error rates and robustness in heterogeneous demand conditions and are not
optional enhancements to the forecasting pipeline.

Table 3.11 Ablation Results for
Forecasting Performance,

Key Components of the IPRDF
Forecasting Pipeline Are

Removed &
Configuration Avg. MAE
Full JPRDE 0.91
No ensemble 1.08

No ML forecaster | 1.19

Statistical only 1.33

This table demonstrates that ensemble-based and ML-enhanced forecasting are
critical for maintaining robustness under demand volatility.

3.5.3.2 Anomaly-Detection Ablation

Table 3.12 reports the missed disruption rate for anomaly-detection ablations,
highlighting the importance of integrated detection for reliable decision- making.



anomalies can be detected effectively when combined with decision logic. Once
the anomaly layer is removed, a significant increase in missed events is observed,
and the miss rate rises to 23. This suggests that rare or emerging disruptions
cannot be detected using prediction and classification alone. When the anomaly
detector is used as a standalone device, performance is better than removing it
completely, and the miss rate drops to 17. But far from being as good as
integrated operation. Using threshold- based configurations results in the highest
miss rate, at 28, illustrating the failure of static rules in nonstationary
circumstances. This slow downward trend across the many ablations
demonstrates that anomaly detection can only be efficiently applied within a
closed-loop system. These results confirm that integration, rather than isolated
detection, is necessary to reduce missed disturbances in volatile operations.

Table 3.12 Missed Disruption Rate
under Anomaly-Detection
Ablations, Quantifying the Impact
of Removing or Decoupling
Anomaly Modeling from the
Closed-Loop Decision Architecture
A

Configuration Miss Rate

Full [PRDF 8

No anomaly layer 23

Standalone detector 17

Threshold rules only | 28

Lower values indicate more reliable early detection of operational disruptions.

3.5.3.3 Execution and Feedback Ablation

System-level performance, such as decision latency and operational efficiency,
are also evaluated using Table 3.13. The removal of the execution layer and

conversion of predictions into prompt action, with the lowest average latency of 5
minutes and the highest efficiency increase of 24%. The elimination of event-
driven execution results in a major increase in latency, i.e., 45 minutes, and an



increase in efficiency to 9%. This suggests that prediction is weakly correlated
with action. Without feedback and retraining, latency rises to 18 minutes and
efficiency gains drop to 14%, indicating reduced adaptability to dynamic
conditions. The worst performance is found in the batch deployment
configuration, with 210 minutes of latency and no improvement in efficiency. The
apparent decrease in performance for all ablations indicates that predictive
accuracy alone does not constitute a sure-fire way to improve efficiency. Low-
latency execution and adaptive feedback are key to ensuring responsiveness and
continued efficiency enhancements. These results suggest that integration and
continuous learning approaches in dynamic supply chains are necessary to
consistently produce tangible operational gains.

Table 3.13 Impact of Execution-Layer and Feedback Ablations on
System-Level Performance, Reporting Average Decision Latency and
Resulting Operational Efficiency <

Configuration Latency (Minutes) | Efficiency Gain (%)
No event-driven execution | 45 9

No feedback/retraining 18 14

Batch deployment 210 0

Results show that low-latency execution and adaptive feedback are necessary for
translating predictive accuracy into measurable operational gains.

3.6 Conclusion and Future Works

This chapter views predictive analytics and real-time decision-making as system-

focuses on the persistent prediction—execution gap in batch-based planning
pipelines and introduces the IPRDF, a closed-loop architecture that combines
probability forecasting, ML-based risk classification, anomaly detection, and
streaming event-driven execution with governance and human oversight. As
demonstrated by empirical testing in two complementary public datasets,
Retailrocket and OpenSky, the predominant reason for performance improvement
lies in system-level integration. A combination of these ensembles lowers MAE
by 26%—-30% compared with individual statistical and ML forecasters across



forecasting tasks, reducing horizon-wise accuracy degradation by 12%—18% in
demand volatility. For operational risk classification, integrated learning achieves
F1 scores between 0.84 and 0.87, which is higher than the linear baseline of 9%—
12% but lower than false positives. Interestingly, such predictive outputs are
incorporated into the event-driven execution layer that reduces decision latency
from hours to minutes and enables an increase in operating efficiency from 20%
to 25% along with a 23% increase in the combined service-level and cost
measures. The ablation findings also support these improvements, that they are
not a function of models that have been made in isolation but are due to the
parallelization of forecasting, classifying, anomaly detection, and execution in a
closed-loop architecture. These results indicate that future supply chain analytics
should focus more on adaptive system design and not on incremental prediction
gains. A promising approach is the creation of context-sensitive adaptive
ensembles that can modify models’ contributions to new performance,
uncertainty signals, and operating regimes. One particularly important way to
achieve this 1s to introduce causal inference into predictive pipelines to enable
decision logic to account for interventions, rather than looking at correlational
forecasts. Progress in a more interpretable and uncertain ML will continue to be
critical for reconciling automation with governance, trust, and accountability in
high-stakes cases. Future work on online anomaly detection in the context of
concept drift, more closely intertwining of batch and streaming analytics, and
more expressive and manageable approaches to uncertainty propagation across
decision layers needs to be investigated. Finally, collaborative federated learning
and privacy- preserving learning are viable options to gain data intelligence
across supply chains while maintaining data ownership and confidentiality.
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4.1 Introduction

The Internet of Things (IoT) refers to the process of capturing, transferring, and
managing sensing, communication, and computational information into materials to
be continuously monitored, analyzed, and controlled in the real world. In the
manufacturing and logistics sectors, 10T is becoming a cornerstone of data-driven
decision-making, providing in-depth insights into machine states, processes,
materials, and distributed activities [1]. [oT solutions address the limitations of
traditional industrial control systems based on periodic measurements, manual
intervention, and splintered information flows [2,3], requiring connected devices on
the floor of the factory, transportation networks, and storage systems. With the
globalization of supply chains and reduced product life cycles, real-time situational
awareness has become a key factor in operational stability, service-level goals, and
minimizing response time to disruptions [4]. As shown in Figure 4.1, 0T has thus
become more than a monitoring tool, becoming a key component of smart
manufacturing and intelligent logistics systems.


https://doi.org/10.4324/9781003724889-4

Capabilities Across Domains
Manufacturing | Logistics
(eco @ EE A
ng
i Vg™

A | 3| [
T 2| e

.m. @ FY
Process Variability = . In-Steck
= U]
Practical Gaps and Challenges | [  Research Motivation and Framework Direction |
=
L Ll
egacy system-level i il ?’ -

Machines .
%

4 ‘¥ <
B4 .

Go to Extended Description

S
S
p “?ﬂm 2

(8 |’--

g

suboptimal cloud r
sensor phacement letency sensing

Figure 4.1 System-level view of industrial IoT, illustrating
foundational components (sensing, communication, and
computation), cross-domain capabilities spanning manufacturing
and logistics, and the key architectural challenges that motivate a
decision-oriented, integrated IoT framework. <

While these technologies have been widely adopted, the implications of
industrial-scale [oT use are variable. Many current applications emphasize the
importance of large-scale data collection but do not properly integrate analytical
outputs into planning, control, and execution processes. This leads to analytics—
decision decoupling, where advanced analytics do not produce effective and timely
operational actions [3]. In addition, industrial environments include varied
generations of equipment, proprietary communication protocols, and deeply rooted
legacy systems. These problems complicate interoperability and are particularly
detrimental to the development of coherent [oT architectures [6]. This often means
that the positioning of sensors and data collection means is determined by what is
most practical for installation or based on default supplier settings, rather than on
analytical analysis or decision requirements. This leads to either insufficient data
for solid inference or too much redundancy [7]. Despite the scaling potential of
cloud-based analytics platforms and their computational power, latency-sensitive
manufacturing and logistics operations increasingly rely on edge-level, local
intelligence to quickly respond to anomalies, malfunctioning machinery, and supply
chain cycles [8]. This thus presents a key challenge in existing 1oT strategies: a lack



of a well-defined understanding of how to combine sensing, communication,
processing, and analytics for consistent and quantifiable outcomes.

Current research also suggests that [oT can be applied in a variety of industrial
use cases, such as predictive maintenance, condition-based monitoring, asset
tracking, and production scheduling [9,10]. However, much of the literature is
based on components, with emphasis on specific analytical tasks or small-scale
applications assessed through simulations or case studies within a particular domain
[11]. Such designs minimize generalizability and cover the effects of interactions
between architectural features. It is uncommon to find cross-domain analyses that
consider both manufacturing and logistics systems together, even though these
systems play complementary roles in industrial value chains [12]. In addition, there
are only a handful of studies that offer explicit, empirical quantification of the
contributions of individual [oT components—such as sensing density, processing
placement, or data aggregation strategies—through controlled comparative or
ablation- based evaluations [13]. Consequently, organizations do not have empirical
guidance for prioritizing investments and comprehending the trade-offs among
operational benefit, deployment cost, and architectural complexity.

This chapter takes on a Decision-Oriented System-Level [oT (DOS-IoT)
perspective to address these limitations, viewing sensing, communication, edge
processing, and cloud-based analytics as interrelated elements of a comprehensive
decision system instead of as separate technologies. As outlined in Table 4.1,

conventional industrial systems (X) do not offer continuous data generation, real-
time visibility, or analytics-driven control. In contrast, many current [oT

deployments (V') provide connectivity and cloud analytics but still lack unified
architectures, cross-domain integration, and decision-oriented evaluation. Existing

research similarly shows gaps (X) in component-level attribution, architectural
assessment, and cross-domain validation. Conversely, this chapter’s proposed focus

at the system level (V') directly tackles these deficiencies by emphasizing the
importance of architectural coherence, low-latency decision support enabled by
edge technology, interoperability among diverse assets, and operational
performance improvements that can be quantified.

Table 4.1 Comparison of Traditional Industrial Systems, Prevailing Industrial
IoT Deployments, and Dominant Research Paradigms, Highlighting the
Systemic Gaps in Existing Approaches and the Decision-Oriented, System-
Level Architectural Focus Adopted in This Chapter &

Traditional Limitations | Proposed
) . Current IoT } ..
Main Feature Industrial Deplovments | ™ Existing | Chapter
Systems PLoy Studies Focus




Main Feature

Traditional
Industrial
Systems

Current loT
Deployments

Limitations
in Existing
Studies

Proposed
Chapter
Focus

Continuous real-
time data
generation

X

v

X

v

Real-time
operational
visibility

Integration across
manufacturing and
logistics

Unified system-
level architecture

Edge-enabled low-
latency decision
support

Cloud-based
scalable analytics

Interoperability
across
heterogeneous
assets

Analytics-driven
planning and
control

Explicit
component-level
contribution
analysis

Cross-domain
empirical
evaluation




Traditional Limitations | Proposed
) . Current IoT } ..
Main Feature Industrial Devlovments | ¥ Existing | Chapter
Systems PLoy Studies Focus
Quantifiable X v X v
operational
performance gains
Decision-oriented X X X v
architectural
assessment

The intent of this chapter is to move from a conceptual framework to empirical
testing of the proposed DOS-IoT framework. Section 4.2 identifies issues in
industrial IoT architectures, sensing technologies, communication paradigms,
analytics models, security, and enterprise integration, with particular focus on the
limitations of component-centric and architecture-agnostic approaches. Section 4.3
covers the materials and methods, and describes the SECOM and GeoLife data,
preprocessing pipelines, and the decision-oriented analytical framework for DOS-
IoT. Section 4.4 describes the experimental setup, including evaluation parameters,
hyperparameter design, and deployment assumptions. Section 4.5 presents
comparisons, cross-domain analysis, and ablation studies that examine operational,
technical, and economic effects. Section 4.6 concludes with directions for future
research.

4.2 Related Works

4.2.1 Evolution of IoT in Industrial Applications

Industrial 10T started out as an improvised system of machine-to-machine (M2M)
communication and sensors. The primary goal of this program was to connect
physical assets with supervisory systems to provide remote monitoring and basic
status reporting [14]. These systems were closely connected with SCADA-based
automation and relied on periodic measurements and control in order to identify
faults and capture progress during operations [15]. While most studies at that time
focused on hardware feasibility, network reliability, and robustness of
communication, very little attention was given to continuously generated data,
analytics-driven insights, and decision support [16]. This phase laid the
technological foundation for the connectivity of large-scale assets and demonstrated
reliable measurement and integration of industrial machinery. As sensing



technologies became popular and the cost of communication declined, industrial
IoT was characterized by data-driven applications that utilized continuous, high-
frequency sensor streams to improve performance [17]. Some interest in
maintenance prediction was recent research showing that sensor data can be used to
predict degradation behavior and remaining useful life. The switch allows for a
transition from reactive maintenance to conditional maintenance and reduces
unplanned downtime [18,19]. Meanwhile, IoT applications in production
monitoring and quality inspection in manufacturing were gaining momentum, and
logistics expanded to include real-time asset monitoring, fleet monitoring, and cold-
chain management [20]. While these applications indicated the value of continuous
data and predictive analytics, a lot of them were assessed at their own expense and
seldom integrated into larger system architectures or decision-making processes.
The shift to system-level intelligence [21] has been reflected in recent
developments in edge computing, cloud analytics, and industrial interoperability
standards. This has spawned new distributed architectures that combine edge-level
processing for latent tasks with centralized analytics for global optimization [22].
These architectures enable local anomaly detection, greater responsiveness and
scalability, and cross-domain information sharing across manufacturing and
logistics for more cohesive production and distribution planning. Modern industrial
IoT systems now support continuous sensing, predictive functionality, and
distributed processing as presented in Table 4.2 (V). However, even with these
improvements, very few studies explicitly evaluate architectural compromises,
interaction effects between components, or end-to-end decision effects (X). This
chapter adopts the DOS-IoT philosophy, driven by the disconnect between
technological capability and decision-oriented system assessment [23].

Table 4.2 Evolution of Industrial IoT Research Paradigms from Early M2M
Connectivity to System-Level, Decision-Oriented Architectures, Highlighting
the Progressive Shift from Isolated Connectivity and Monitoring toward
Integrated, End-to-End Intelligence &1

Early | SCADA- | Data- “Zy Stel’"‘

Main Feature M2M Based Driven IoT eve )
: . Intelligent

Systems | Automation | Applications IoT
Embedded sensing in v v v v
industrial assets
Periodic measurement | / v X X
acquisition




System-

Early SCADA- Data- Level
Main Feature M2M Based Driven IoT ever.
. . Intelligent
Systems | Automation | Applications IoT
Continuous high- X X v v
frequency data
streams
Remote monitoring v v v v
capability
Hardware and v v X X
network feasibility
focus
Predictive X X v v
maintenance
functionality
Production quality X v v v
monitoring
Logistics asset and X X v v
fleet tracking
Edge—cloud X X X v
distributed processing
Cross-domain X X X v
manufacturing—
logistics integration
Architectural trade- X X X v
off evaluation
Data governance and X X X v
security emphasis
End-to-end decision- X X X v

oriented intelligence

4.2.2 Architectural Frameworks for Industrial IoT




Architectural models for industrial IoT have evolved across multiple levels,
addressing specific technical constraints as well as emerging limitations. Table 4.3
summarizes early industrial IoT architectures that were primarily automated
hierarchies, including the automation pyramid. These architectures provided
sensing and actuation at the field level, central control and analytics at higher
levels, and enterprise systems at the top [24]. These hierarchical automation

architectures provided control and division of roles (V' centralized control and
analytics), but needed periodic data acquisition and rigid control flows. This led to
limited scalability with high data rates and unsuitability for latency-sensitive

operational decisions (X scalability, X low-latency response), especially in
dynamic manufacturing and logistics environments [25].

Table 4.3 Architectural Evolution of Industrial IoT Systems, Comparing
Hierarchical and Centralized Designs with Distributed and Hybrid Edge-Fog—
Cloud Frameworks, and Highlighting the Resulting Trade-Offs in Scalability,
Latency, Interoperability, and Decision Support <

Hierarchical | Centralized Edge-. Hybrid
. : Centric Edge—Fog—
Main Feature Automation Data .
Architecture | Aggregation Distributed Cloud
Architecture | Architecture
Automation v v X X
pyramid
structure
Centralized v v X X
control and
analytics
Scalability X X v v
under high data
rates
Low-latency X X v v
operational
response
Localized X X v v
processing near
data sources




Edge- Hybrid
Centric Edge—Fog—
Distributed Cloud
Architecture | Architecture

Hierarchical Centralized
Main Feature Automation Data
Architecture | Aggregation

Peer-to-peer X X V4 v
device

interaction

Edge-based X X v v
anomaly

detection

Cloud-based X v X v
global
optimization

Interoperability [ % X X v
with legacy
systems

Standards- X X X v
based

middleware
support

Modular X X X v
service

deployment

Microservices- | X X X v
oriented design

Security and X X X v
data

governance
emphasis

Lifecycle and X X X v
scalability

management

Future studies have addressed these constraints using centralized data
aggregation architectures. Such architectures relieved highly rigorous automation



hierarchies, but still relied on central analytics platforms [26]. These techniques, as
shown in Table 4.3, improved the cloud-based global optimization capabilities, but
still failed to show the potential for scaling or addressing the problem on a slow

scale due to communication bottlenecks and high-latency processing (X scalability,

X low-latency response). Also, hierarchical and centralized architectures could not
process localized information or peer-to-peer information (localized processing,
peer-to-peer communication) and could not respond autonomously to local
intrusions. With the rise of distributed edge-centric architectures, an enormous shift
in industrial IoT design took place [27]. These architectures supported filtering,
aggregation, and anomaly detection at the edge through localized processing near

data sources (v localized processing, v edge-based anomaly detection), thereby

enhancing robustness to network variability, v’ scalability, v latency, and X peer-
to-peer device interaction, making them particularly useful for real-time process

control in manufacturing and adaptive routing in logistics [28,29], as illustrated in
Table 4.3. Yet, these architectures largely lacked standard middleware, integration

with legacy systems, and lifecycle management (X interoperability, X modularity),
which restricted their use in heterogeneous industrial contexts. Several recent
studies on hybrid edge—fog—cloud architectures have sought to combine the benefits
of distributed edge intelligence with centralized coordination and optimization [30].
These architectures explicitly support modular service deployment, microservices-

oriented design, and standards-based middleware (v modular deployment, v/
microservices, v interoperability) that can be adapted to a wide array of assets and
legacy systems [31,32]. As illustrated in Table 4.3, hybrid architectures also include

security, data governance, and lifecycle management (v'), which highlight their
suitability for large-scale industrial use.

4.2.3 Sensor Technologies and Data Collection

Early industrial [oT sensors relied on traditional industrial sensors such as
temperature, pressure, flow, and proximity. These were intended primarily for
periodic, fixed, or event-driven monitoring [33]. Table 4.4 shows that these sensing

systems performed well in harsh industrial environments (v') but only captured

low-frequency signals and isolated signal streams (X). Their function was limited
to assessing conditions and fault detection, with little support for data integration,
adaptive sampling, or real-time decision responsiveness [34]. The availability of
sensing hardware and the bandwidth of communication increased, increasing the
use of high-resolution condition sensing, in particular by studying the vibration,
acoustic, and electrical signatures [35]. Additionally, the latter enabled more precise

diagnostics and earlier identification of faults in manufacturing equipment (V')



compared to threshold monitoring. However, despite this increased signal richness,

overall data collection remained essentially static and concentrated on sensors (X),
with very little attention given to multi-sensor integration, adaptive sampling, or
system-level efficiency [36]. The second phase of monitoring, Enhanced Sensing
Fidelity, 1s reflected in Table 4.4 but did not significantly alter data collection
architectures.

Table 4.4 Evolution of Industrial IoT Sensing from Basic Networked
Measurements to Intelligent, Adaptive, and Edge-Enabled Data Collection,
Highlighting Shifts toward Sensor Fusion, Adaptive Sampling, and Decision-
Relevant Preprocessing <1

Traditional g;fzut' Wireless Intelligent and
Main Feature Industrial Condit .zon Sensor Edge-Enabled
Sensors on .l ton Networks | Sensing
Sensing
Temperature, v v v v
pressure, and
flow sensing
Periodic/event- v X X X
driven
sampling
Robustness in v v v v
harsh
environments
Vibration and X v v v
acoustic
analysis
Electrical X v X v
signature
monitoring
RFID-based X X v v
asset
identification




Traditional glghg i Wireless Intelligent and
Main Feature Industrial Cesodi ron Sensor Edge-Enabled
Sensors onauion Networks | Sensing
Sensing
GPS-based X X v v
location
tracking
Multi-sensor X X v v
data integration
Sensor fusion X X X v
capabilities
Optimal sensor | X X X v
placement
modeling
Adaptive X X X v
sampling
strategies
Imaging and X X X v
vision-based
sensing
Edge-level X X X v
preprocessing
Communication | ¥ X X v
overhead
reduction
Near-real-time X X X v
response
support

The subsequent stage introduced Wireless Sensor Networks (WSNs), facilitating
distributed sensing, asset identification using Radio Frequency Identification
(RFID), and location tracking with GPS in logistics settings [37]. This paradigm
broadened IoT capabilities to include multi-sensor deployments and mobile assets

(V), facilitating inventory visibility and shipment traceability within distributed
networks [38]. Despite this, WSN-based systems depended on predefined sampling



policies and centralized aggregation, providing limited support for sensor fusion,

adaptive data reduction, or latency-aware preprocessing (X), as outlined in Table
4.4.

Recent studies have moved toward intelligent and edge-enabled sensing
architectures, marking a qualitative change in data collection and utilization. Within
this paradigm, sensing platforms utilize edge-level computation to carry out
preprocessing, filtering, compression, and feature extraction directly at the source
of the data [39]. These systems facilitate sensor fusion (v'), optimal sensor
placement modeling (v'), adaptive sampling strategies (v'), and imaging- or vision-
based sensing (V), as illustrated in Table 4.4. By cutting down on unnecessary
transmissions and giving priority to information pertinent to decisions, edge-
enabled sensing significantly reduces communication overhead and enables near
real-time response capabilities [40].

Even with these progressions, Table 4.4 points out a continuing shortcoming in
previous research: the impact of sensing architectures on the effectiveness of end-

to-end decisions is seldom measured from a system-level perspective (X). The
majority of studies assess improvements in sensing independently, concentrating on
aspects such as signal quality, accuracy of fault detection, or energy efficiency.
These assessments do not explicitly connect choices made in sensing design with
the placement of analytics downstream, latency limitations, or results of operational
decisions. It is this gap that gives rise to the system-level, decision-oriented
evaluation adopted in this chapter, which treats sensing as a crucial part of an end-
to-end 10T decision system rather than as a standalone data source.

4.2.4 Communication Protocols and Connectivity

Early studies of industrial [oT communication aimed to adapt wired industrial
networks such as fieldbus systems and industrial Ethernet to transmit sensor data in
controlled environments [41]. These technologies provided high reliability and
deterministic communication which were critical for safety-critical automation
tasks. However, as discussed in Table 4.5, these networks were neither highly
flexible nor scalable, and did not support mobile assets; thus, they were not suitable
for the geographically distributed logistics operations or the retrofitting of
heterogeneous legacy facilities [42]. To combat these limitations, later studies
explored short-range wireless protocols such as Bluetooth, Zigbee, and Wi-Fi,
which allow for flexibility on factory floors and in warehouses [43,44]. Despite
their improvements in mobile asset support and reduced deployment timescales,
these protocols also produced trade-offs in determinism, interference sensitivity,
and scalability. This limits their use in large-scale or time-sensitive industrial



systems (see Table 4.5). As the IoT adoption grew outside of these local settings,
research focused on broad-area and Low-Power Wide-Area Network technologies
such as cellular networks (3G/4G) and protocols such as LoRaWAN and NB-IoT
[45,46]. These technologies enabled energy-saving, long-range connectivity and
supported many devices connected through distributed logistics and manufacturing
networks. However, their low throughput and high latency of communication made
them unsuitable for latency-sensitive monitoring and real-time decision support, as
shown in Table 4.5. Recent research has focused on advanced and hybrid
connectivity architectures enabled by 5G and Time-Sensitive Networking [47].
These technologies feature ultra-low latency, deterministic communication,
network slicing, and adaptive routing, allowing for the simultaneous handling of
different types of traffic with different reliability requirements and timing demands.
Hybrid architectures that use wired, wireless, and wide-area protocols have been
proposed to help end-to-end connectivity across factory floors, logistics networks,
and cloud platforms [48]. Table 4.5 shows that these frameworks have many
technical features such as scalability, interoperability, and deterministic
performance.

Table 4.5 Evolution of Industrial [oT Communication Paradigms, Contrasting
Fixed and Single-Protocol Networks with Adaptive, Hybrid, and SG-Enabled
Connectivity Frameworks, and Highlighting Their Implications for Latency,
Scalability, and End-to-End Decision Support &

Wired }Zhort- Wide-Area fld};ar.z;ed 456
Main Feature Industrial ange and LPWAN yoria.an )
Wireless . Enabled
Networks Technologies ..
Protocols Connectivity
Deterministic v X X v
communication
High reliability | v v v
in fixed
environments
Support for X v v v
mobile assets
Scalability X X v v
across large
networks




Wired }Zhort- Wide-Area Zd};ar.z;ed 456
Main Feature Industrial ange and LPWAN yorid an i
Wireless : Enabled
Networks Technologies ..
Protocols Connectivity
Low-latency v v X v
communication
Energy- X v v v
efficient
transmission
Long-range X X v v
connectivity
Suitability for X X v v
low-bandwidth
sensing
High- v v X v
throughput
support
Payload size v v X v
flexibility
Time-sensitive | % X X v
networking
support
Network X X X v
slicing
capability
Adaptive X X X v
routing
mechanisms
Multi-protocol X X X v
interoperability
End-to-end v v v v
industrial

integration




4.2.5 Data Analytics and Decision Support

Descriptive and diagnostic monitoring was a primary focus of early work in
industrial IoT data analytics, attempting to deconstruct raw sensor data into
interpretable parameters for human operators. As outlined in the first two columns
of Table 4.6, these models relied on rule-based monitoring, statistical thresholding,
and control charts to detect deviations from nominal operating conditions [49,50].
These approaches were effective for retrospective reporting and basic situational
awareness but had limited flexibility and did not directly support real-time or future
decision-making.

Table 4.6 Evolution of Industrial IoT Analytics Paradigms, Illustrating the
Transition from Descriptive and Predictive Monitoring toward Prescriptive,
Decision-Oriented Frameworks with Integrated Edge—Cloud Intelligence <

Prescriptive
Main Feature Descrlptlve Dlagngstlc Predlczflve and ‘In.tegrated
Analytics Analytics Analytics | Decision
Support
Rule-based v X X X
monitoring
Statistical v v X X
thresholding
Retrospective v v X X
reporting
Multivariate X v v v
pattern discovery
Machine learning | X% v v v
utilization
Nonlinear X v v v
dependency
modeling
Predictive X X v v
maintenance
support




Prescriptive
Main Feature Descrzptzve Dzagngstzc Predzct.zve and .In.tegrated
Analytics Analytics Analytics | Decision
Support
Demand and X X v v
delay forecasting
Real-time X X X v
decision support
Optimization- X X X v
based
recommendations
Reinforcement X X X v
learning control
Edge-level X X v v
inference
Cloud-based X v v v
model training
Hybrid edge— X X v v
cloud analytics
Explainability X X X v
and transparency
Human-machine | X X v
decision
alignment

As sensor density and data volumes increased, studies made progress toward
predictive analytics, employing multivariate statistics and machine learning
techniques in order to record nonlinear dependent properties and latent structures in
high-dimensional IoT data [51]. This stage enabled applications such as predictive
maintenance, demand prediction, and delay prediction in manufacturing and
logistics environments [52,53]. As reflected in Table 4.6, predictive analytics also
introduced capabilities such as machine learning and nonlinear modeling (v') but
were frequently disconnected from actual practice. Models were often evaluated
separately in order to ensure accuracy in prediction, with limited consideration for




interpretability, elongation across operating regimes, or integration into decision-
making processes [54].

Increasing attention has been drawn toward prescriptive and integrated decision
support, which aims to close the gap between analytics and action. Optimization
and reinforcement learning methodologies have been proposed that recommend
control actions, scheduling changes, and resource transfers based on the anticipated
state of the system [55]. However, the strategic placement of analytics has grown as
a concern; edge-level inference supports latency-sensitive decisions, while cloud-
based model training provides scalable learning and global optimization [36]. As
illustrated in Table 4.6, these frameworks include real-time decision support, hybrid

edge—cloud analytics, and explicit human—machine decision alignment (V).

4.2.6 Security and Privacy Considerations

Early studies on safety for industrial [oT generally followed paradigms from
traditional IT systems, relying on perimeter protection and unchanging
authentication to secure connected industrial assets [57,58]. These solutions relied
on clear network boundaries and trusted external environments, as seen in the
“Legacy IT Security” column of Table 4.7. However, when industrial control
systems and other old equipment, often not designed for connectivity, came into
contact with Internet Protocol networks, vulnerabilities such as weak
authentication, hardcoded credentials, and unencrypted communication channels
emerged [39]. Such restrictions underscored the inadequacy of perimeter-based
security systems in open, distributed industrial [oT environments.

Table 4.7 Evolution of Industrial IoT Security Paradigms, Highlighting the
Transition from Perimeter-Based IT Defenses to Adaptive, Privacy-Aware
Cyber—Physical Protection Frameworks and the Corresponding Expansion of
System-Level Threat Models <

Legacy | Device- Network- | Adaptive and
Main Feature IT Level Level Privacy-Aware
Security | Protection| Defense Frameworks
Perimeter-based v X X X
protection
Static v X X X
authentication
mechanisms




Legacy | Device- Network- | Adaptive and
Main Feature IT Level Level Privacy-Aware
Security | Protection | Defense Frameworks
Encryption of X v v v
communication
channels
Secure boot and X v X v
hardware trust
anchors
Lightweight X v X v
cryptography
Network X X v v
segmentation
Secure routing X X v v
protocols
Anomaly-based X X v v
intrusion
detection
Cyber—physical X X v v
impact awareness
Zero-trust X X X v
security principles
Continuous X X X v
authentication
Machine X X X V4
learning—based
threat detection
Privacy- X X X v
preserving data
sharing
Data X X X v
anonymization

mechanisms




Legacy | Device- Network- | Adaptive and
Main Feature IT Level Level Privacy-Aware
Security | Protection | Defense Frameworks
Policy-driven data | X X v
governance

As a result, subsequent studies focused on a device-level protection model,
including secure boot processes, hardware-based trust anchors, and light
cryptography protocols for sensors and actuators with limited resources [60]. As
shown in Table 4.7, this phase enabled heightened endpoint security but addressed
devices individually, with limited resistance to coordinated or network-level attacks
[61]. This meant that research became more focused on strategies for defending
networks. The research included network segmentation, secure routing protocols,
and anomaly-based intrusion detection systems capable of identifying traffic and
behavioral anomalies in the operational technology networks [62,63]. This was an
important point, since it was the first time that the cyber—physical impacts were
explicitly recognized, acknowledging that cyberattacks can directly lead to
disruptions of production, safety hazards, or product loss [64]. Table 4.7 illustrates
the trend toward more responsive and private-minded security practices in recent
studies. To address dynamic device populations and emerging attack surfaces, these
approaches use zero-trust security principles, continuous authentication, and
machine learning to detect threats [65]. Meanwhile, increased concern regarding
the sharing of data across organizational and supply chain boundaries prompted
studies in the areas of data anonymization, fine-grained access control, and policy-
based data governance [66]. These methods are intended to address the confluence
between operational transparency and confidentiality in collaborative industrial
ecosystems.

4.2.7 Integration with Enterprise Systems

The initial studies investigating the integration of [oT with enterprise systems
incorporated OT-IT communications through point-to-point connections, which
enabled a limited exchange of information between shop floor control systems and
enterprise systems such as Enterprise Resource Planning and Supply Chain
Management systems [67,68]. These integrations, shown in Table 4.8, were based

on custom interfaces and batch data transfers (v'), with fine-grained visibility of
production and inventory states. However, the lack of real-time data ingestion,

standardized interfaces, and semantic normalization (X) produced high latency,
fragile integrations, and limited scalability across organizations [69]. This meant



that enterprise systems were most marginally disengaged from the real-time
operation vector [oT devices capture, and thus rendered less useful for making
strategic decisions in discrete moments. In order to tackle these restrictions, later
investigations examined integration architectures based on middleware and
services. They proposed the use of message-oriented middleware and standardized
interfaces to separate loT platforms from enterprise applications [70]. As shown in
Table 4.8, these methods facilitated the normalization of semantic data and the

decoupling of system architectures (v'), thereby enhancing interoperability and
extensibility. Data flows, however, were often event-insensitive or, at best, near-
real-time, and the integration logic was still based on predefined workflows rather

than adaptive operational events (X). As a result, while they improved the
consistency of enterprise decision-making processes, they did not yet respond to
changing operating conditions. Recent work has been directed toward event-driven,
cloud-based models with streaming platforms, API-based ecosystems, and digital
twins, which enable near real-time synchronization of physical processes with
enterprise systems [71]. These models allow for real-time data ingestion, event-

based processing, and closed-loop decision support (v'), such as dynamic
replanning, adaptive scheduling, and ongoing performance optimization. Cloud-
based solutions extend the scale of a single organization and provide ecosystem-

level interoperability through APIs (V). However, as discussed in Table 4.8, many
studies continue to view integration as a technical problem, with no attention paid
to aspects like process alignment, decision rights, and human—machine coordination

(X).

Table 4.8 Evolution of IoT-Enterprise Integration Architectures, Highlighting
the Transition from Point-to-Point OT-IT Data Exchange to Event-Driven,
Cloud-Native Ecosystems and the Remaining Gap in Decision and
Organizational Alignment &1

Point-to- Event- Cloud-
. Point OT- | Middleware/SOA . Native and
Main Feature . Driven
T Integration I . Ecosystem
. ntegration .
Integration Integration
Batch-oriented v X X X
data transfer
Custom v X X X
interfaces




Point-to- Event- Cloud-
: Point OT- | Middleware/SOA . Native and
Main Feature . Driven
T Integration I . Ecosystem
. ntegration :
Integration Integration
Real-time data X X v v
ingestion
Standardized X v v v
interfaces
Message- X V4 v v
oriented
middleware
Semantic data X v v v
normalization
Decoupled X v v v
system
architecture
Event-driven X X v v
processing
Digital twin X X v v
synchronization
Closed-loop X X v v
decision
support
API-based X X X v
interoperability
Scalability X v v v
across
enterprises
Organizational X X X v
process
alignment

4.3 Materials and Methods




4.3.1 Dataset Description

This chapter’s empirical assessment is based on two publicly available datasets that
represent complementary but structurally different examples of industrial IoT
systems in the domains of manufacturing and logistics. For manufacturing, we use
the SECOM manufacturing dataset [72]. It involves sensor readings from a circuit
in which semiconductors are being manufactured. This dataset includes 1,567
production instances and contains 590 real-valued sensor variables that measure
equipment behavior, environmental conditions, and process stability at various
steps in the manufacturing process for each instance. These data are highly
dimensional, scaled-up, and lack missing values reminiscent of realistic constraints
of sensor-rich industrial environments. This makes the dataset appropriate for
assessing instance-level condition assessment, anomaly identification, and process-
state inference within IoT-enabled manufacturing systems. The dataset is divided
into three components: 70% for training (1,097 instances), 15% for validation (235
instances), and 15% for testing (235 cases). This ensures that there is enough space
for model estimation and a fair evaluation set.

We represent logistics operations using the GeoLife GPS trajectory dataset [73].
This dataset comprises large-scale spatiotemporal data on mobility via GPS over
long periods of time. The dataset consists of over 25 million timestamped GPS
points with latitude—longitude coordinates, as well as over 17,000 trajectories
produced by 182 users. Individual trajectories can be as short as a few minutes and
as long as several hours; they are not uniform, with frequent stops, slow speeds, and
deviations from routes. GeoLife, while not restricted to freight cars, is often used as
an adjacency for loT-based logistics and transport systems because of its size,
temporal continuity, and realism. To prevent information leakage between portions,
sequence-level trajectories are divided into training (70%), validation (15%), and
testing (15%) parts. In conjunction with SECOM and GeoLife, the combined
datasets allow for cross-domain assessment of DOS-IoT across different datasets,
such as example-based sensor measurements and continuous spatiotemporal
trajectories, as seen in Figure 4.2. This allows us to judge if generalized
architectural principles at the system level to a specific operational context.
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Figure 4.2 Structural contrast between the SECOM manufacturing
dataset and the GeoLife GPS trajectory dataset, illustrating

differences in dimensionality, temporal structure, and the resulting
implications for system-level IoT analytics and decision support. <

4.3.1.1 Dataset Preprocessing

Preprocessing was intended to ensure numerical stability, structural validity, and
comparability of datasets, whereas eliminating any changes that could lead to
unrealistic enhancement of performance or distortion of operating behavior. The
preprocessing utilized consistency at the feature level rather than time-based
alignment in the SECOM manufacturing dataset. All sensors with more than 50%
of their values missing were excluded. This reduced the original 590 features to
around 460 retained variables. The remaining missing entries were filled in using
feature-wise mean imputation, while maintaining the marginal distribution of each
sensor. To further reduce redundancy and noise, a variance close to zero, i.e., below
1 x 10% was left out of the analysis. This resulted in a final feature set of
approximately 400—420 sensors. Z-score normalization was applied to all retained
features, calculated relative to the training split and applied uniformly across
validation and testing sets. This allowed for comparison across various sensor
scales without artificial correlation or temporal assumptions.



Meanwhile, GeoLife was preprocessed with explicit spatial and temporal design.
First, data from raw GPS points were filtered to avoid physically implausible
observations. This involved discarding points with speeds of less than 0.5 m/s or
over 40 m/s, thereby eliminating stationary noise and extreme outliers from loss of
signal. It was possible to separate continuous trips into trajectories with more than
300 seconds interval for the use of time, allowing for the distinguishing of active
and 1dle periods. Trajectories were resampled every 30 seconds to ensure quality of
resolution. This decreased the sampling-time variability while maintaining the
trajectory. These cleaned sequences were compared to 5-minute aggregations using
higher-level mobility descriptors such as distance traveled, average speed, stop
duration, and dwell frequency, which produce compact but readable data on
movement behavior. These steps, as described in Figure 4.3, ensure that future
analyses produce realistic logistics data, for example, slow response and routing
efficiency, not an artifact of disjointed sampling or noise.
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Figure 4.3 Structure-aware preprocessing pipelines for
manufacturing and logistics data, highlighting domain-specific
transformations required to ensure numerical stability, temporal
consistency, and decision-relevant feature representations for
SECOM and GeoLife.



4.3.2 Model Analysis

The proposed analytical framework operationalizes the DOS-IoT perspective and
expresses how heterogeneous loT data are modeled in terms of meaningful
decisions for manufacturing and logistics systems. The underlying idea behind
DOS-IoT is that IoT data have no value unless they are organized, contextualized,
and linked to decision-making processes, rather than being examined at its own
pace. Thus, the framework defines data flows from sensing and communication to
processing and integration into the enterprise, taking into account architectural
interactions and deployment constraints, as shown in Figures 4.4 and 4.5.
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Figure 4.4 Decision-oriented analytics flow illustrating how raw IoT
data from manufacturing and logistics are transformed into

interpretable indicators that directly support operational decisions.
dl
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Figure 4.5 System-level industrial IoT architecture illustrating the
layered data-to-decision flow across sensing, communication, edge
processing, cloud analytics, and enterprise decision layers for
manufacturing and logistics systems. <1

4.3.2.1 Data Ingestion and Representation

Preprocessed IoT data are ingested at the beginning of the analytical pipeline and
represent the ongoing operational status of physical assets and processes.
Importantly, the framework allows multiple temporal structures for different inputs
rather than enforcing a single uniform structure. Instead, it also accompanies case-
based measurements, such as manufacturing sensors, as well as explicitly temporal
data, such as logistics trajectory data. This decision to design captures the structural
diversity of industrial IoT data sources, as discussed in Section 4.3.1 and illustrated
in Figure 4.2.

Manufacturing data are represented as scaled vectors related to production
conditions and stages of production, and logistics data are represented in space—
time sequences representing asset movement. This framework prevents artificial
temporal assumptions and ensures that analytical results are consistent with the
semantics of the processes involved, preserving the native structure of each dataset.

4.3.2.2 Manufacturing-Oriented Analytical Modeling



For manufacturing, it utilizes multivariate sensor measurements that define
individual production cases. Sensor observations are organized by physical assets
and stage, allowing for a line between normal operating variability and patterns of
degradation, instability, or abnormal process behavior. The framework does not rely
on time-series forecasting but represents process conditions via distributional
summaries, cross-sensor dependencies, and aggregate health indicators, which
provide a detailed description of equipment and process states. These condition
indicators are models for operational health that are responsible for decision-
making and are directly tied to actions related to manufacturing, such as
maintaining a high priority, changing process parameters, and optimizing energy
use. Such a strong correlation ensures that analyses can be understood and acted
upon, making decisions that help predict availability, quality, and efficiency rather
than merely providing predictive precision.

4.3.2.3 Logistics-Oriented Spatiotemporal Analysis

For logistics, the framework processes spatiotemporal data on the movement of
assets in a distributed network to check and control movement. Single trajectories
are seen as the result of logistical procedures, such as vehicle routing, shipment
transfer, or inventory repositioning. Comparison of observed trajectories with
baseline operations provides estimates of spatial deviation, time delay, and
abnormal dwell behavior. The advantages of assets, routes, and time windows are
aggregated in this model to identify systemic inefficiencies such as repeated delays,
route redundancies, and congestion hotspots. This is a good representation for
recording activity in real time to allow for immediate disturbance to be discovered,
and for considering performance in the future as a tool for routing and inventory
planning. It is important to note that analytical outputs are articulated as operational
states that can be directly utilized by downstream decision layers.

4.3.2.4 Layered Architecture and Processing Placement

As shown in Figure 4.5, the analytical workflow is organized within a multilayer
architecture that reflects the functional organization of industrial IoT systems. The
sensing layer generates measurements from a variety of devices, varying in scale,
resolution, and reliability. These measurements are normalized and aligned during
preprocessing to ensure comparability. Assumptions regarding data availability,
latency, and transmission reliability implicitly model the communication layer, as
there are real constraints on the speed of observations across the system.
Communication protocols are not precise, but the performance characteristics of
these protocols affect system responsiveness and are part of decision-latency
evaluation. The processing layer is at the center of the framework and aggregates



raw data into state descriptors through filtering, aggregation, and pattern analysis. It
is assumed that latency-sensitive tasks such as anomaly detection and threshold
alerts are performed at the edge, while computationally intensive analyses such as
cross-asset pattern extraction and long-horizon aggregation are performed on
centralized cloud resources. This section enables the framework to gauge the effect
of analytical placement on timeliness, accuracy, and scalability under realistic
deployment conditions.

4.3.2.5 Decision Mapping and Application Layer

Application-level decisions are made to decide how to proceed with the results of
analysis, which will direct actions on system performance. Manufacturing includes
maintenance schedules, quality assurance measures, and energy management
strategies. Application-level decisions in logistics address routing changes,
inventory redistribution, and the handling of exceptions due to delays or
disruptions. Instead of strict decision rules, the framework evaluates how decision
types respond to varying data quality, analytical depth, and processing latency. This
allows for a rigorous study of the trade-offs between the swift but vague actions
and the more deliberate and informed actions, which is needed to explain action in
practice.

4.3.2.6 Enterprise Integration and Closed-Loop Control

Integration with enterprise systems is presented as a framework function not as one
additional capability. Work orders, inventory information, and transportation
planning use analytical outputs that are business-critical for closed-loop decision-
making at operational and managerial levels. On the other hand, a source of
contextual information, such as production schedules, service goals, or delivery
priority, is available at the enterprise level. This provides insights and analysis on
the event-related context. This double-edged interaction provides a parallel
interaction between operational conditions and managerial intention, which reduces
the failures of integration presented in Table 4.8 and supports the decision-oriented,
system-level nature of DOS-IoT.

4.4 Experimental Setup

4.4.1 Evaluation Metrics

The experimental study employs a multi-dimensional metric design to evaluate the
efficiency of industrial [oT systems in the DOS-IoT framework. Unlike predictive
accuracy assessment, the evaluation measures must account for operational impact,



technical behavior, and economic impacts in detail. This reflects the data-to-
decision pipeline shown in Section 4.3.2 and in Figures 4.4 and 4.5.

4.4.1.1 Operational Effectiveness Metrics

The primary measure of practical system value is operational effectiveness, which
illustrates the ability of loT-driven analytics to improve core manufacturing and
logistics outcomes. Manufacturing uses equipment uptime, Overall Equipment
Effectiveness (OEE), and process stability to determine availability, performance
efficiency, and quality consistency. Logistics-based operational effectiveness is
assessed through inventory accuracy, on-time delivery rate, and route adherence to
ascertain the quality of service and materials for which the logistics system is
equipped. Improvements in these measures indicate that IoT data are not only
collected but are also included in maintenance planning, process management, and
logistics coordination. Due to the close alignment of these measures with business
objectives and service-level agreements, they are the most accurate proxy for actual
value creation under DOS-IoT.

4.4.1.2 Technical Performance Metrics

Technical performance measures the behavior, reliability, and responsiveness of the
IoT system. These measures include data availability, processing throughput, alert
precision, and end-to-end decision latency, demonstrating the efficient flow of
information from sensing devices to analytical components to decision points.
Decision latency is calculated as the time between the observation of a specific
event at the sensing layer and the presence of a decision signal at the application
layer. Especially in latency-sensitive applications like condition monitoring and
anomaly detection, unreliable or delayed information can compromise the operation
of an application. Hence, we measure alert accuracy through precision to examine
the balance between sensitivity and false notifications, and we assess throughput
scalability by looking at the impact of higher sensor density and data volume on
processing performance. These technical measures can provide insight into
operational outcomes and will assist in determining architectural bottlenecks within
the layered system.

4.4.1.3 Economic Value Metrics

Economic variables assess the financial impact of loT-enabled architectures and
analytics. These include maintenance costs due to unexpected downtime, inventory
holding costs, and operational efficiency related to improved service reliability.
This is measured through normalized savings estimates that link operating
improvements to financial outcomes, rather than a cost-structure-level estimate.



4.4.2 Hyperparameters

This choice of hyperparameters was based on the structural nature of the data and
the test scenario in which IoT-based analytical pipelines were deployed, rather than
exhaustive optimization for optimal prediction. For the sake of fairness and
reproducibility, all hyperparameters were determined before the experiments and
did not change during the comparative or ablation analyses. This design choice also
ensures that any observed performance differences are linked to decisions regarding
architecture and analysis design, rather than to opportunistic changes in parameters.
Hyperparameters were selected for the SECOM data in experiments to address high
dimensionality, sensor heterogeneity, and partial missing issues. Means and
standard deviations were calculated from the training split to normalize features
using z-score scaling. For safety reasons, the less than 1 x 10~ variance in
sensors was eliminated to create a sparse but informative feature set. In order to
manage excessive overfitting created by the high feature-to-sample ratio, an L2
regularization coefficient of A = 0.01 was obtained. This optimization utilized a
constant learning rate of 0.01, allowed a maximum of 500 iterations, and included
an early-stopping factor with 1 x 107° tolerance for improvement in the
objective. This meant that the dataset is instance dependent, with no windowing or
lag parameters added. Training was performed for up to 25 epochs, with early
stopping applied.

Hyperparameters were used in logistics experiments with the GeoLife data to
reflect spatial explicitness. For a precise balance between data resolution and
computational efficiency, we resampled 30-second trajectories. To minimize spatial
noise, I used a three-point moving average. In contrast, intertemporal lags of more
than 5 minutes were introduced, initiating trajectory segmentation as active
movement differed from idle time. Motion that was not physically plausible was
omitted from the calculation based on speed scales of 0.5-40 m/s, and higher-level
mobility measures were constructed over 5 minutes to identify important logistics
events rather than fluctuations in time. Analytical placement parameters were
aligned with the layered IoT architecture presented in Section 4.3.2. The threshold
level of alert confidence for the edge layer was set at 0.7, with greater emphasis on
precision than sensitivity to minimize false positives in practice. Centralized
analytics utilized wider aggregation horizons and larger representations to account
for computational power. Given 100-300 ms as the low-level limit on
communication latency, I assumed a computer network in the realistic conditions of
industrial use, and no protocol was chosen. All experiments were conducted using a
single NVIDIA RTX 3090 GPU to ensure even computational conditions within
each domain. Instead of grid search or adaptive tuning, hyperparameter values for
both domains were based on proven practices and empirical research in the field.



Table 4.9 presents the entire set of hyperparameters and their architectural
placement assumptions to make the process transparent and reproducible.

Table 4.9 Fixed Hyperparameter Settings for Manufacturing and Logistics
Experiments, Chosen to Reflect Dataset Structure and Realistic Industrial IoT
Deployment Constraints <

Manufacturing Logistics
Category Hyperparameter (SECOM) (GeoLife)
Feature selection [ Variance threshold 1 x 107* —
Regularization L2 Penalty (A) 0.01 —
Optimization Learning rate 0.01 —
Optimization Maximum iterations | 500 —
Optimization Early-stopping 1 x 107° —
tolerance
Temporal Resampling interval | — 30
resolution (S)
Spatial Smoothing window — 3
smoothing (points)
Trajectory Idle gap threshold — 5
segmentation (Min)
Physical Speed lower bound — 0.5
constraints (M/S)
Physical Speed upper bound — 40
constraints (M/S)
Aggregation Indicator window — 5
(Min)
Edge analytics Alert confidence 0.7 0.7
threshold
System Communication 100-300 100-300
constraints latency (Ms)




4.5 Results and Analysis

4.5.1 Comparison with State of the Arts

First, we compare DOS-IoT to the most recent industrial IoT paradigms, such as
those in previous studies—cloud-centric analytics, edge-only heuristic systems, and
component-optimized pipelines. All baselines use the same datasets, preprocessing
techniques, and fixed hyperparameters (see Section 4.4), ensuring that any
variations noticed are architectural rather than due to parameter tuning.

In summary, Figure 4.6 indicates that, under the same data and deployment
conditions, DOS-IoT always exhibits greater operational efficiency than typical
industrial IoT architectures in manufacturing and logistics. For manufacturing

centric analytics. Conversely, the edge-only heuristics result in a 5.9% increased
OEE and a 7.1% reduction in downtime. This makes OEE better by 12.7% and
downtime is reduced by 15.4% with IoT pipelines for components. Rather, DOS-
IoT delivers many more benefits to manufacturing, with improvements in OEE
between 18.3% and 26.9% and decreases in unplanned downtime between 22.1%
and 30.4%. In logistics, inventory accuracy increases by 11.2% and 8.4% in cloud-
centric and edge-only systems, respectively, and on-time delivery increases by
6.5% and 5.2%. The performance gains from component-optimized systems are
14.9% and 9.3% in these areas. Across several operational contexts, DOS-IoT
offers improvements in inventory accuracy between 19.2% and 33.1%, as well as
increases in on-time delivery from 11.4% to 18.2% compared to baseline models.
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Figure 4.6 Comparison of operational effectiveness across state-of-
the-art industrial IoT architectures under identical data and
deployment conditions. <

The technical performance comparisons in Figure 4.7 show the architecturally
evident advantages of DOS-I0oT over standard industrial IoT baselines. Cloud-
centric analytics have an alert precision of 0.71 but do not exhibit any significant
decrease in decision latency or medium-throughput scalability. Edge-only heuristic
systems have more than a 22.6% reduction in latency and are very elastic, but their
alert accuracy is only 0.68, making them less reliable than edge-only systems. The
underlying architectures that exploit the component-optimized [oT capabilities
improve latency by 28.4% and alert accuracy by 0.74, but remain of limited
scalability. The technical performance of DOS-I0T reflects a reduction in end-to-
end decision latency of 35.7%—40.2%, alert precision between 0.81 and 0.84, and
scalability of high throughput. The results show that DOS-IoT provides an optimal
combination of edge-level responsiveness and analytical depth, enabling swift and
reliable operational decision-making. These performance improvements indicate
that hybrid analytical placement allows for the conciliation of low-latency
execution and high-confidence alert generation in DOS-IoT. It exceeds both cloud-
centric and component-optimized baselines in the same deployment context while
enabling scalable processing across multiple industrial contexts.



B Latency Reduction (%)
| Alert Precision

35 4

25

20 1

Metric Value

15

10 +

e ——
Cloud-Centric Edge-Only Component-Optimized DOS-loT

Go to Extended Description

0

Figure 4.7 Technical performance comparison of industrial IoT
architectures in terms of decision latency, alert precision, and
scalability. {1

Figure 4.8 summarizes the economic impact of design choices in architectural
designs through normalized cost savings of downtime and inventory efficiency
under the same deployment assumptions. Cloud-centered measures set the baseline
economic index of 1.00 for downtime costs, inventory cost reduction, and overall
economic impact. Edge-only heuristics deliver some improvement, saving
downtime costs by 1.12 and reducing inventory costs by 1.08, respectively, with an
overall economic index of 1.10, while component-optimized 10T architectures
benefit from downtime savings of 1.29, inventory reductions of 1.22, and an overall
economic index of 1.26. For instance, DOS-IoT shows much better economic
performance, with downtime cost savings of 1.58 and 1.83, inventory cost savings
of 1.41 and 1.76, and an overall economic index of 1.61-1.79, suggesting that
system-level architectural integration yields significantly greater economic value
than component-centric optimization. This supports architectural coherence as the
largest factor affecting industrial 10T financial performance across a wide variety of
operating conditions.
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Figure 4.8 Normalized economic impact of alternative industrial IoT
architectures, comparing relative cost savings and value generation
under identical deployment assumptions. <1

4.5.2 Cross-Domain Analysis

To evaluate generalizability, we analyze the performance of DOS-10T in
manufacturing (SECOM) and logistics (GeoLife), which differ significantly in data
structure, temporal dynamics, and decision horizons. Despite these variations,
DOS-IoT shows reliable relative improvements across both domains and thus
establishes that its system-level principles can be applied to all domains.

Figure 4.9 summarizes operational results for manufacturing and logistics,
showing that while data structure and decision-making are heavily influenced by
DOS-IoT, performance gains have been consistent. For manufacturing, according to
the SECOM dataset, QEE improvements of 18.3%—26.9%, fewer unplanned

downtimes of 22.1%-30.4%, and higher service levels of 14.6%—-19.2% are
achieved by DOS-IoT. The GeoLife dataset shows improvements in logistics
operations that are achieved by DOS-IoT: inventory accuracy increases by 19.2%—
33.1%, delays increase by 16.8%—24.5%, and service levels increase by 11.4%—
18.2%. While manufacturing and logistics systems have different core structures
with regard to time, operation complexity, and decision time, the relative
performance adequacy of DOS-IoT remains consistently high across these domains.
The variation in operational gains across domains is small, indicating that system-



level architectural principles of DOS-IoT can be applied across a variety of
industrial environments without altering architectural structure or parameters in
different deployment conditions.
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Figure 4.9 Cross-domain operational performance of DOS-IoT across
manufacturing and logistics, highlighting consistent gains despite
differences in data structure and decision dynamics. <1

As illustrated in Figure 4.10, technical behavior is also consistent and robust
across manufacturing and logistics, with DOS-IoT functioning well across all
operating contexts. In manufacturing, DOS-IoT reduces the latency of decision
31.4%-36.2% while maintaining alert precision of 0.82 and high scalability
stability. In logistics, decision latency decreases significantly, between 35.7% and
40.2%, with an alert precision of 0.81 and very high scalability stability. This
implies that edge-level analytical placement enables robust reductions in end-to-end
decision latency in spatially-related logistics systems. Although the structure and
timing of these two sources of data vary greatly, alert precision values do not vary
much and are closely aligned across the three fields. The consistent stability of
scaling across the two domains is consistent with a strong belief that DOS-1oT
provides a reliable throughput performance and offers low-latency decision



pipelines. Together, these technical results show that DOS-10T is robust to
heterogeneity and operational complexity while maintaining stable analytical
reliability and scalable system behavior in manufacturing and logistics.
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Figure 4.10 Cross-domain comparison of technical performance
under DOS-I0oT, highlighting latency reduction, alert precision, and
scalability across manufacturing and logistics. <

Figure 4.11 displays the economic performance of DOS-IoT in manufacturing
and logistics, with consistent value generation across many operational contexts. In
manufacturing, DOS-I0T achieves a normalized cost savings index between 1.62
and 1.79 and maintains a stable, high Return on Investment (ROI). Logistics costs
are normalized between 1.55 and 1.73, with a stable ROI. While the timescale,
movement of assets, and operational complexities associated with manufacturing
and logistics infrastructures vary across the breadth of the world, DOS-IoT is
economically advantageous in both areas. These overlapping cost savings ranges
are a reflection of the transferability of value-generating mechanisms of the DOS-
[oT architecture across industries. These results indicate that architectural
coherence at the system level would be enough to sustain continued economic
performance without recreating the architecture for specific domains, developing



particular algorithms for optimizing, or adding analytical parameters. This stable
ROI also indicates that financial returns can be expected across different
deployment conditions. This emphasizes the role of DOS-IoT as a universal, yet
stable, architecture that can deliver robust economic benefits to manufacturing and
logistics; it is also scalable, operationally resilient, and easily deployed.
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Figure 4.11 Normalized economic impact of DOS-IoT across
manufacturing and logistics, illustrating the consistency of value
gains across domains. <1

4.5.3 Ablation Study

To isolate the role of architectural features individually, we conduct a structured
ablation study in which key elements of DOS-10T are selectively extracted. We
investigate the effects of stumbling out edge analytics, enterprise integration, and
architectural coherence, while keeping datasets and hyperparameters constant.
Table 4.10 displays the degradation in operation due to architectural ablations
and identifies the role of edge analytics, enterprise integration, and system-level
coherence in DOS-I0T performance. With all DOS-IoT settings, OEE or inventory

improvements range from 18.3% to 33.1%, and downtime or delay reductions
range between 22.1% and 30.4%. Upon removal of edge analytics, operational



improvements drop to between 9.4% and 15.2%, and downtime or delay reductions
to between 11.6% and 17.9%, indicating a major performance loss. When removing
enterprise integration, the gains decrease to between 10.8% and 16.4%, while the
decrease in downtime or delay falls to between 13.1% and 19.3%. When
architectural coherence is broken, it is most grave and gains drop to 7.1%—-12.6%
and downtime or delay reductions drop to 8.9%—14.2%. The results show that edge-
level analytics, enterprise integration, and coordinated architectural design are
critical to ensuring operational performance. Eliminating any of these components
further weakens the overall effectiveness of the industrial IoT system.

Table 4.10 Effect of Architectural Ablations on Operational Performance,
Highlighting the Contribution of Edge Analytics, Enterprise Integration, and
System-Level Coherence <1

: OEE/Inventory Gain Downtime/Delay Reduction
Configuration (%) (%)
Full DOS-IoT 18.3-33.1 22.1-30.4
— Edge analytics 9.4-15.2 11.6-17.9
— Enterprise 10.8-16.4 13.1-19.3
integration
— Architectural 7.1-12.6 8.9-14.2
coherence

Table 4.11, which shows the technical effects of system-level design choices on
decision latency and alert precision, illustrates the technical effects of architectural
ablations. When edge analytics is omitted, it increases decision latency by 28%—
34% and alert accuracy by 0.09, representing the lowest value of system
responsiveness and analytical reliability. This means that when enterprise
integration is removed, latency increases by 14%—18% and precision drops by 0.06,
indicating some technical degradation. This leads to the most serious technical
degradation when architectural coherence suffers; exponential latency increases by
31%—-37%, and there is the greatest loss in alert precision of 0.11. These
observations indicate that architectural coherence is necessary for low-latency
execution and high-confidence alert generation. The cumulative latency and alert
precision drop in the joint indicate that individual parts cannot be optimized for
technical performance. Instead, the overall behavior of the system is driven by the
interaction effects of the architectural layers; this is consistent with the notion that



integrated systems are the only dependable, low-latency, and analytically accurate
industrial IoT solutions that work for multi-scale deployments.

Table 4.11 Impact of Architectural Ablations on Technical Performance,
Measured through Changes in Decision Latency and Alert Precision <

Configuration Latency Increase (%) | Alert Precision Drop
— Edge analytics +28-34 —0.09
— Enterprise integration +14-18 —0.06
— Architectural coherence | +31-37 —0.11

Table 4.12 summarizes the economic sensitivity of DOS-IoT to architectural
ablations using normalized economic indices. Under the full DOS-1oT
configuration, normalized economic gains range from 1.61 to 1.79, representing
good financial performance. When edge analytics are eliminated, the economic
index lowers to between 1.22 and 1.31—a sharp decrease in the actual economic
value. The normalized economic benefits decrease to 1.27—1.38 when enterprises
are eliminated; therefore, balancing analytics with decision-making is critical to the
realization of value. The most significant drop in economic performance occurs
when architectural coherence is removed, with the economic index drastically
dropping to 1.10-1.19. This level is close to the level of economic performance and
negates the financial benefit of the complete system-level integration. The results
suggest that to produce sustained industrial IoT value, architectural coherence is
important. Economic indices slowly decline over time in ablated configurations,
while under true deployment conditions, the coordinated interaction of system
components has a greater influence on financial outcomes than isolated
optimizations at the component level.

Table 4.12 Impact of Architectural Ablations on the
Normalized Economic Value of Industrial IoT Systems <

Configuration Economic Index (Normalized)
Full DOS-IoT 1.61x to 1.79x
— Edge analytics 1.22x to 1.31x
— Enterprise integration 1.27x to 1.38x
— Architectural coherence | 1.10% to 1.19%




4.6 Conclusion and Future Works

This chapter offered a decision-oriented, system-level perspective on industrial [oT
deployments, demonstrating that operational value is primarily driven by
architectural coherence rather than analytical accuracy. The proposed DOS-IoT
model illustrates that heterogeneous loT data can be combined with modeling of
sensing, communication, processing position, and enterprise integration to develop
operational decisions that are timely, reliable, and economically viable. Empirical
analysis of large-scale spatiotemporal logistics trajectories and high-dimensional
manufacturing sensor data consistently indicates that system-level design, rather
than component-level optimization, improves efficiency, technical responsiveness,
and economic value. However, results from control ablations also show that
architectural choices, such as edge—cloud analytical placement and feature
aggregation strategies, directly affect latency, robustness, and downstream decision
quality. Importantly, cross-domain analysis shows that these gains are based on
transferable architectural principles rather than domain-specific heuristics or
aggressive hyperparameter tuning. This concept can be extended to three areas in
future research. Validation across other industries and multi-enterprise settings is
also necessary to further validate-scalability and generality. Second, adaptive and
online architectural reconfiguration, such as dynamic analytics placement and
resource-aware sensing, could improve responsiveness in nonstationary operations.
Third, by enhancing integration with explainable analytics and digital twin
infrastructures, interpretability, governance, and trust could be improved, thereby
bolstering the deployment of loT-enabled decision systems in safety-critical and
large-scale industrial environments.
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5.1 Introduction

Natural language processing (NLP) allows computers to understand, analyze, and
infer human language. Its importance for supply chain management has increased
as digitalization, in addition to traditional transactional documents, brings with it
huge amounts of unstructured text. Modern supply chains provide a constant
stream of text from customer inquiries, supplier communications, audit and
compliance reports, regulatory statements, contracts, service tickets,
transportation notices, and market intelligence via news and industry reports [1].
These textual artifacts are also known to contain early, context-rich signals and
are not fully represented by numerical measures unless they represent specific
changes in demand, supplier reliability, regulatory vulnerability, and disruption
risk [2]. Although the volume of information in languages is increasing, most
enterprise supply chain systems are still configured for both structured
transactional data and numerical aggregation [3]. Textual information is therefore
often viewed as an external context and not as a primary analysis input. In
practice, language insights are often revealed through manual checking or ad hoc
examinations. These techniques are slow, subjective, and not feasible to scale
within large global supply networks [4]. Earlier work has demonstrated that text-
based qualitative signals can provide supplementary data to quantitative
information by providing earlier alerts on operations and market developments,
improving both situational awareness and rapid decision-making [5]. Figure 5.1
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illustrates conceptually how unstruetured textual data streams can be combined

planning, risk management, and disruption monltormg within governance
constraints.
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Figure 5.1 Decision-centric integration of structured transactional
The architecture illustrates how language representatlons are
aligned with numerical supply chain data to support end-to-end
decision processes—including demand forecasting, risk monitoring,
and service execution—under interpretability and governance
constraints. <l

the increasing volumes of unstructured textual data as a result of drgltlzatlon, as
well as the emergence of digitalization providing a huge amount of unstructured
data along with transactional records, its relevance for supply chain management
has become very relevant. In addition to consolidated data such as purchase
orders, inventory levels, and shipment events, modern supply chains produce a
continuum of text, based on customer inquiries, supplier communications, audit
and compliance reports, regulatory disclosures, contracts, service tickets,



transportation notices, and externally available market information such as news
and industry reports [6]. These textual artifacts often contain prerequisite signals
about shifts in demand, supplier reliability, regulatory exposure, and disruption
risk that are not fully understood by numbers alone [7]. While language-based
information becomes increasingly available, most enterprise supply chain systems
still use structured transactional data and numerical aggregation [8]. Text is
therefore typically considered as a supplement rather than a primary analysis
input. In practice, knowledge gathered from language can be obtained from
manual testing or from ad hoc analyses. These methods are cumbersome,
subjective, and difficult to scale across large global supply chains [9]. Previous
research has shown that textual qualitative signals can be used to complement
quantitative information by providing a priori alerts of operating problems and
market changes, thus improving situational awareness and the speed of decisions
[10]. Despite the growing academic and industrial interest in incorporating NLP
in supply chain studies, the current approaches remain poorly defined and
narrowly applied. The vast majority of prior work in NLP has focused on specific
tasks such as sentiment analysis of customer feedback or keyword analysis of
disruption-related news without systematically linking language-derived insights
to the core decision-making process [11]. This limitation is what is defined here
as the Language—Decision Disconnect: the lack of end-to-end mechanisms that
integrate textual understanding directly into the forecasting, risk assessment, and
service implementation processes. In demand planning, textual information is
typically used descriptively rather than being embedded officially in forecasting
models, making it less important for planning accuracy [12]. Likewise, supplier
risk assessment is often based on manual review of documents or inflexible rule-
based systems that have no flexibility with respect to suppliers, regulatory
circumstances, or geographic context [13]. This gap is also exacerbated by the
fact that supply chain terminology is domain-specific. Procurement,
manufacturing, logistics, and compliance texts use specialized vocabulary,
abbreviations, and implicit business assumptions distinct from open-domain texts
[14]. Therefore, when general-purpose NLP models trained on generic corpora
are applied directly to supply chain data, they may not perform as well. Such an
effect leads to misinterpretation in highly critical operations. Other organizational
constraints, such as data privacy requirements, compatibility with existing
enterprise systems, and the need for transparency and interpretability, complicate
the practice of language-driven automation [15].

analytical framework that integrates language processing into end-to-end supply
chain decision support to combat the Language—Decision Disconnect. Rather than
adding improvements to individual NLP functions, DC-SC-NLP integrates



domain-specific language models directly into forecasting, supplier risk
surveillance, and customer service workflows with an emphasis on temporal
alignment, interpretability, and governance. It applies both traditional NLP
methods and contemporary transformer models with an emphasis on robustness
across multiple text sources as well as conformity with structured data analytics.
Table 5.1 summarizes how DC-SC-NLP is positioned in relation to existing
approaches. The table shows that a value of 1 means the corresponding capability
1s natively supported by the given system or approach, whereas a value of 0
means it is not. Conventional supply chain management systems depend
significantly on structured transactional data (1), but they do not systematically

cases that are isolated offer support for textual analysis (1), but they generally do
not integrate with decision-making processes, governance frameworks, or cross-
functional applicability (0). Conversely, the proposed DC-SC-NLP framework
facilitates the use of unstructured text, domain adaptation, systematic decision
integration, governance awareness, and scalable automation (all 1s), embodying
its system-level design philosophy.

Table 5.1 System-Level Comparison of Supply Chain Analytics Paradigms,
Highlighting the Transition from Transaction-Centric Systems and Task-Isol:
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Binary entries indicate the presence (1) or absence (0) of each capability.

a fundamental capability for contemporary supply chain management. This
chapter illustrates the conversion of language-derived signals into actionable
decision inputs within realistic operational constraints by assessing DC-SC-NLP
with publicly available datasets that encompass both demand-side customer text
and external risk-related news. Empirical findings demonstrate quantifiable
enhancements in forecasting accuracy, risk assessment efficiency, and customer
service quality, highlighting the real-world significance of addressing the
Language—Decision Disconnect. This chapter is organized to progressively
establish NLP as a decision-centric capability for supply chain management.
Section 5.2 reviews the evolution of NLP technologies and systematically
examines prior applications in demand forecasting, supplier risk monitoring,
contract analysis, customer communication, and domain adaptation, highlighting
the Language—Decision Disconnect across these domains. Section 5.3 introduces
the materials and methods, describing the dual-dataset design, preprocessing
pipelines, and the proposed DC-SC-NLP architecture with its domain-adapted
representation layer and task-specific decision modules. Section 5.4 presents the
experimental setup, including evaluation metrics and hyperparameter
configurations aligned with operational decision relevance. Section 5.5 reports
comparative results, cross-domain generalization analyses, robustness tests, and
ablation studies that quantify the contributions of temporal modeling, domain
adaptation, and decision-centric integration. Finally, Section 5.6 concludes with
key findings and outlines directions for future research.



5.2 Related Works

5.2.1 Evolution of Natural Language Processing

Technologies

modeling capabilities, with each step responding to the limitations of earlier
capabilities and adding new constraints. This growth is summarized in Table 5.2
as a result of the basic linguistic, statistical, and architectural components of this
development; Figure 5.2 presents a conceptual representation of the accumulation
of these capabilities over time in supply chain applications.
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representational and modeling capabilities—from rule-based
systems to transformer-based language models—and their
implications for handling domain-specific language in supply chain

decision contexts. <l

Expand Representational Capacity, Contextual Reasoning, and Scalability, C

Transformer-Based Language Models <
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handmade grammars, lexicons, and deterministic linguistic rules [16]. The
systems in Table 5.2 relied heavily on handwritten knowledge (hand-crafted
linguistic rules = 1) and were based on context-independent interpretations of
language. They were useful tools in narrow, well-defined contexts, but lacked
probabilistic learning [17], scalability to large numbers of texts, and strength
against linguistic variability. Thus, such systems did not function well in the
context of textual samples of the supply chain—such as contracts, compliance
reports, and communication with suppliers—which are heterogeneous and
evolving, and involve ambiguity and domain-specific applications [18].

probabilistic learning based on annotation of the corpus and allowed for the
necessary sequence labeling activities, such as part-of-speech tagging and
recognized entity recognition. Table 5.2 shows that statistical NLP was the first
paradigm that allowed probabilistic learning and scalable corpus-based training.
However, semantic representations were largely shallow and abstracted from
context. Surface level was used to design models, not distributed meaning
representations. Therefore, statistical NLP improved robustness and
generalization but failed to capture the nuanced business semantics that are a
prerequisite of decision-oriented supply chain analysis [19].

Another shift occurred with static distributed word embeddings, which offered
a tool for gathering dense semantic representations from a large set of unlabeled
corporeal data. This paradigm resulted in distributed semantic representations
(see Table 5.2) and improved performance across multiple tasks, including
sentiment analysis and information retrieval. However, static embeddings assign
each word a single vector without regard for context, thus fixing meaning in
place. This restriction becomes particularly problematic in supply chain contexts
where the same terms can carry different meanings in procurement, logistics, and



compliance contexts. This complicates the division between language
comprehension and decision-making in practice [20].

This was addressed by model of contextual embedding, which produced
representations based on text in the vicinity. As shown in Table 5.2, contextual
embeddings produced models that were contextualized and more meaningful, but
did not address all the long-run dependencies. Models such as these made
learning the language more responsive to context by making sense of word
meanings over tasks. Nonetheless, they also had limited reasoning power in the

case of long papers, such as multi-page contracts or extended regulatory filings
[21].

Transformer models also allowed for explicit modeling of long-run dependencies
and global contexts through the use of self-attention mechanisms, as reflected in
Table 5.2. Because of pretraining and task-specific fine-tuning, these models
could transfer general linguistic knowledge across tasks and domains. BERT and
its predecessors have greatly increased language comprehension and generation
capabilities for a wide variety of downstream applications [22].

As shown in Figure 5.2 and summarized by the domain adaptation requirement
in Table 5.2, these architectural improvements do not automatically apply to
enterprise or supply chain settings. Since transformer-based models are inherently
domain-agnostic during pretraining, they need to be adapted to the specialized
vocabularies, document structures, and implicit business assumptions
characteristic of supply chain text. Even the most advanced models are decision-
agnostic without such adaptation, generating representations that, while
potentially linguistically accurate, do not align with operational needs. This
observation directly motivates the creation of decision-centric, domain-adapted
frameworks like DC-SC-NLP, which explicitly connect representational

5.2.2 Text Analytics for Demand Sensing and
Forecasting

Usually, demand prediction is based on econometric and statistical models that
use both historical sales data and structured explanatory variables, such as
promotions, pricing, and calendar effects [23]. Figure 5.3 shows that these models
are strong enough in stable conditions, but they cannot properly encode
unstructured textual data or handle nonlinear demand dynamics. This makes them
unable to predict sudden demand changes resulting from consumer sentiment,
competitive moves, or external factors [24].



Supply Chain NLP Framework:
Utilizing Textual Datasets & Shared Representations

frtrtedr NEWS %
B E o

Amazon Product Reviews GDELT / News Articles
Demand-Side External Risk-
Textual Signals Shared NLP Related Signals
1| Examples: customer ' Representation Examples: regulatory |
! sentiment, emerging Layer events, disruptions,
| product issues. macro-environmental
| developments,
Note: Integration occurs at
the representation level, not
through raw data merging
a1 Supplier Risk e} Contract Fo Gustomers]
i = : e ication |
|~ Forecasting Monitoring SO, Analysis |53 Communication |

Support | 7 Management |
)

L

Go to Extended Description

Figure 5.3 Dual-stream data pipeline for decision-centric supply

customer text and external risk-related news, followed by
convergence into shared, domain-adapted language representations
that support downstream forecasting and risk decision tasks. <

First attempts to address these problems relied on text as additional demand
signals, using data generated by consumers, such as online reviews, discussion
forums, and product reviews [25]. These methods, as reported in Table 5.3, used
keyword counts, sentiment scores, or topic frequency as market-specific proxies
to include structured text. Although these methods showed some limited lead-
indicator ability and modest short-term prediction improvements in certain
situations [26], they were still highly subject to noise, sampling bias, and weak or
delayed relationships between online discourse and actual demand [27].
Crucially, these methods could not accommodate the joint modeling of text and
time-series data, which limited their capacity to affect forecast generation in a
principled way.

Table 5.3 Comparative Evolution of Demand Sensing and Forecasting Appro:
Highlighting the Progression from Sales-Driven Models to Text-Integrated Dc
Methods and Their Support for Decision-Relevant Demand Signals 1
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Later studies expanded the application of textual demand sensing to include
social media and external sources of information, such as news articles, analysts’
comments, and macroeconomic reports [28]. These methods increased coverage
in industrial and business-to-business supply chains, where consumer-facing
signals are limited. While the social media and news methods were based on
shallow text representations and independent feature pipelines, as shown in Table
5.3, such techniques remained unaffected by noisy signals and were therefore not
interpretable in planning decisions [29]. This is the first time in recent years that
deep learning and transformer-based architectures have taken off, indicating a
major shift in the methodology. The existence of neural models that incorporated
the history of demand and text embeddings together gave an account of nonlinear
interactions between numerical time series and unstructured language signals
[30]. Attention mechanisms help to dynamically weight textual inputs based on
temporal relevance, which increases robustness when text availability or signal
quality changes [31]. These abilities, as shown in Table 5.3, constitute a clear
improvement at the modeling level compared to earlier text-based methods.
However, in spite of these technical advancements, the majority of demand




sensing systems based on deep learning still regard text as an auxiliary predictive
feature instead of a signal integrated into decision-making. Issues of governance,
interpretability, and traceability are usually dealt with after the fact—if they are
addressed at all—which restricts the operational use of these models in enterprise
planning contexts [32]. Because planners lack clear explanations regarding the
timing and impact of textual signals on forecast outputs, trust and accountability
in decision- making are limited. The gap between advanced modeling capability
and practical decision integration illustrates the Language—Decision Disconnect
in demand forecasting.

Monitoring

Traditionally, supplier risk assessment has been based on structured methods that
use indicators such as financial ratios, delivery performance metrics, audit
outcomes, and compliance checklists [33]. As shown in Table 5.4, these methods
rely solely on structured data (1) and facilitate scalability across supplier
networks (1). However, they are fundamentally retrospective and updated at a
coarse temporal granularity (1 for retrospective assessment, 0 for real-time
monitoring). This leads to a restricted responsiveness to newly arising risks that
materialize in the intervals between reporting cycles, thereby limiting their
efficacy in supply environments characterized by volatility or rapid change [34].
Because the first indications of supplier disruption often appear in unstructured
sources (e.g., news reports, regulatory disclosures, and internal communications),
early NLP-based methods incorporated filtering based on keywords and rules
[35]. These systems allowed for the use of textual information (1 in Table 5.4) but
were tightly coupled to predefined vocabularies and pattern rules. Thus, risk
detection relied on explicit keyword matching (1 for keyword-based detection, 0
for contextual understanding), resulting in coarse alerts that required manual
analysis of each alert and were not robust against linguistic variation or
contextual nuance [36]. In later work using text analytics, names, sentiment
analysis, and topic modeling proved more robust than merely matching words
[37]. Table 5.4 demonstrates that these strategies enabled entity-level supplier
identification (1 for NER and linking), simple sentiment-based signaling (1), and
latent risk theme discovery through topic modeling (1). However, these strategies
were largely isolated documents, were unable to understand the context in terms
of language (0), and did not permit temporal modeling or real-time observation
(0). This created fragmentary risk assessments and descriptive analyses that



based on deep learning has provided enhanced representational capacity through
the development of contextual language models that can explain semantic details
within complex texts, such as regulatory filings and legal disclosures [39]. These
models made it possible to understand the context in which risk language is
expressed (1) and allowed for near-real-time monitoring by continuously
consuming text streams (1). However, such deep learning methods failed to
model latent thematic structures (0 for topic modeling) and were infrequently
interpretable or governance mechanisms (0), limiting their use in high-stakes
procurement contexts [40].

Table 5.4 System-Level Comparison of Supplier Risk Assessment Paradigms,
Illustrating the Progression from Retrospective, Indicator-Based Methods to -
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Transformer-based systems represent the newest and most rigorous approach to
monitoring supplier risk. Together, they help contextual language comprehension,
integration of multiple-source data, temporal risk modeling trends, and scaling
across large supplier networks (as discussed in Table 5.4, all 1s). Through
attention-based architectures, heterogeneous textual signals can be aggregated
over time, allowing systems to distinguish between ongoing supplier risk and



transient noise [41]. Significantly, some work recently has begun to include
interpretability and governance mechanisms such as traceable evidence spans and
calibrated risk scoring, a key requirement for enterprise use (1 for interpretability
and governance support) [42].

Table 5.4 states that while these improvements are notable, capability
completeness does not imply decision-centric integration. Even transformer-based
systems are often used as monitoring devices rather than as integral parts of
procurement decision-making processes. Risk scores are produced, but their
association with sourcing, escalation policies, and mitigation actions remains
largely informal. This gap highlights the Language—Decision Disconnect in
supplier risk assessment and necessitates frameworks such as DC-SC-NLP that
explicitly connect language-based risk signals to decision-making.

5.2.4 Contract Analysis and Compliance Monitoring

Contract analysis in the supply chain and enterprise has traditionally relied on
human legal analysis and rule-based document management systems to identify
contractual terms, obligations, and risks [43]. As presented in Table 5.5, these
approaches have strong human oversight but low scalability, which makes them
unsuitable for organizations with large and varied contracts. Manual review
results in slow and inconsistent results, especially when contracts differ in

sought to make retrieval easier through keyword searches and pattern matching,
allowing for quicker identification of clauses related to payment terms, delivery
conditions, or termination rights [44]. While these techniques may be more easily
adjusted than manual review, they remain surface level, do not encode semantics,
and are highly sensitive to wording variations [45]. Similarly, the type of systems
that use keywords is illustrated in Table 5.5; however, these systems do not
automate clause classification, obligation extraction, or document understanding.
Furthermore, they still have high false-positive rates for noncompliance-related
tasks. The use of supervised machine learning enabled a transition to the semantic
processing of contracts. These approaches enabled automation in clause
classification and segmentation, as well as the extraction of named entities such
as parties, dates, monetary values, and jurisdictions [46]. These capabilities also
enabled scaled contract lifecycle management and reduced manual work.
However, as shown in Table 5.5, supervised models require significant quantities
of labeled data and are unreliable when applied across different industries, types
of contracts, or legal systems [47]. In addition, the widely used template-based
deviation detection method, which is used to detect nonstandard clauses, often



produces false positives. This requires human validation and, thus, it is not
applicable directly in compliance processes [48].

Table 5.5 System-Level Comparison of Contract Analysis Approaches,
Ilustrating the Progression from Manual and Rule-Based Review toward
Transformer-Based Models That Enable Scalable, Context-Aware
Compliance Monitoring <
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The newer models of transformer language have given contractual language a
much better management. Contextual models also reproduce the longer-run
dependencies and conditional logic of the legal text allowing for superior



classification of clauses, extraction of obligations, and relation modeling [49].
The transformer-based systems provide a document-level understanding of
contracts that, unlike previous systems, provides a more complete view of entire
agreements rather than making them part of the deal. As shown in Table 5.5,
these models are more robust to variations in drafting style and exhibit lower
false-positive risk than template-driven models.

5.2.5 Customer Communication Analysis and
Automation

Manual checking or rule-based handling were dominant strategies used to analyze
customer communications in the supply chain and service environments, where
human operators examined customer communications or routed them using
predefined keyword rules [50]. As Table 5.6 shows, these systems typically
operated on manual message examination and keyword-based routing, which
limited scale and were not systematically supported in contextual language
understanding. These were good ways of dealing with low-volume customer
interactions, but they soon became impossible as customer communication
increased to include emails, call centers, and digital services [51]. Later

words representations that enabled basic sentiment detection as well as coarse
categorization of customer feedback [52]. The main limitation of these techniques
was that they lacked manual labor and offered simple keyword-based routing at
large scales, but they were still shallow. Table 5.6 illustrates that the lexicon and
Bag-of-Words (BoW) methods did not provide context-focused understanding of
languages, multi-intent recognition, and flexibility to language drift. This led to
weak performance in the face of negation, informal phrasing, and domain-specific
expressions prevalent in customer—supply chain interactions [53]. The
introduction of supervised machine learning led to more automation. Trained
classifiers made it possible to classify intent and detect sentiment with better
accuracy. This made automated routing and faster response times possible across
many channels [54]. Using aspect-based sentiment analysis, feedback could be
connected to specific products, services, or processes [55]. This was a time when
retrieval-based response systems were developed that enabled some automation
by matching customer questions to entries in a preset knowledge base. However,
as seen in Table 5.6, these systems still had problems with contextual reasoning,
handling multiple intents, and language drift; therefore, they could not function
properly to support service delivery across the entire service lifecycle. Recent
applications of transformer-based language models have dramatically improved



the possibility of automating customer communication [56]. Contextual
representations allow models to grasp layered sentiments, informality, and
multiple intents in a single interaction and simultaneously respond to changing
customer vocabulary over time [57]. Table 5.6 shows that transformer-based
systems are different from the older ones in that they can sense context, recognize
multiple intents, and adapt to language drift. These features allow systems to
respond in flexible, contextually appropriate ways, rather than simply requesting
them [58]. In contrast, new studies have found that an effective deployment
requires retrieval-augmented generation, confidence estimation, increased
frequency, and human oversight to decrease the likelihood that automated
responses are wrong or inappropriate [39]. Table 5.6 shows that transformer-
based systems are the first to make end-to-end workflow alignment possible by
combining understanding, decision-making, response formulation, and
governance into one service architecture.

Table 5.6 Evolution of Customer Communication Analysis Architectures,
Illustrating the Shift from Rule-Based Handling to Transformer-Driven,
End-to-End Language Systems Aligned with Operational Workflows and
Governance Requirements &1

Manual/Rule- | Lexicon Supervised | Transformer-
Main Feature Based and BoW| ML Based
Handling NLP Systems Systems
Manual message | 1 0 0 0
inspection
Keyword-driven | 1 1 0 0
routing
Scalability 0 0 1 1
across channels
Context-aware 0 0 0 1
language
understanding
Sentiment 0 1 1 1
detection
capability




Manual/Rule- | Lexicon Supervised | Transformer-
Main Feature Based and Bow'| ML Based
Handling NLP Systems Systems

Aspect-level 0 0 1 1
sentiment
attribution

Intent 0 0 1 1
classification
automation

Multi-intent 0 0 0 1
recognition

Adaptability to 0 0 0 1
language drift

Automated 0 0 0 1
response
generation

Retrieval-based 0 0 1 1
response
support

Generative 0 0 0 1
response
capability

Confidence 0 0 0 1
estimation and
escalation

Human 1 0 0 1
oversight
integration

End-to-end 0 0 0 1
workflow
alignment




5.2.6 Domain Adaptation and Transfer Learning for

is crucial for reliable decision support, rather than simply a method for improving
performance. General-purpose language models struggle with supply chain text
due to its specialized terminology, diverse document formats, and implicit
business assumptions that are not present in open-domain corpora, as illustrated
in Table 5.7 [60]. If not adapted, these models don’t work well in operational
decision contexts and aren’t very strong. Early domain adaptation approaches
primarily employed feature engineering and manual vocabulary expansion,
explicitly integrating domain-specific terminology to mitigate out-of-vocabulary
challenges [61]. Table 5.7 shows that these methods are fast and don’t need
labeled data, but they don’t work well for many tasks, don’t scale well, and don’t
work well with business workflows. Because of this, they are still not very useful
in large, multifunctional supply chain systems. Supervised fine-tuning with
labeled domain data is a more organized way to adapt, which improves
performance on task-specific functions like classification and extraction [62].
This method heavily depends on how the quality and quantity of labeled data are
available, as shown in the table. In supply chains, such data is also typically
difficult to obtain due to confidentiality, high annotation costs, and regulatory
limitations. While this technique can be applied to a large number of tasks and is
highly appropriate for enterprise systems, its long-term reliability is limited by the
vulnerability it presents to data quality issues and maintenance demands [63].
There are also additional ways in which language models continue to practice
adaptation, by pretraining on unlabeled domain corpora by providing access to
supply chain—specific distributions prior to task fine-tuning [60]. Table 5.7 shows
that this strategy can be used to generalize across tasks and reduces the use of
labeled data. However, it is expensive to compute and can be very likely to go
forget about it in a catastrophic manner, especially if domain corpora are narrow
or biased [64]. Due to the trade-offs, it isn’t very useful for many operational
deployments.

Table 5.7 System-Level Comparison of Domain Adaptation and Transfer

Data Requirements, Computational Efficiency, Generalization, and
Enterprise Deployability <




: Feature S"fp ervised | continyed | EeWZero-

Main Feature Engineerin Fine- Pretrainin Shot
g J Tuning J Learning

Manual 1 0 0 0
vocabulary
expansion
Domain-specific 1 1 1 1
term handling
Reliance on 0 1 0 0
labeled domain
data
Use of unlabeled 0 0 | 0
domain corpora
Parameter- 0 0 1 1
efficient
adaptation
Computational 1 0 0 1
efficiency
Sensitivity to 0 1 0 1
data quality
Risk of 0 0 1 0
catastrophic
forgetting
Rapid 0 0 0 1
deployment
capability
Cross-task 0 1 1 1
generalization
Prompt-based 0 0 0 1

task specification




: Feature Slfp ervised Continued Few/Zero-

Main Feature Encineerin Fine- Protrainin Shot
¢ gl 1 uning & Learning

Reduced 0 0 0 )
annotation
burden
Scalability 0 1 1 )
across tasks
Enterprise 0 1 ] )
integration
feasibility

Binary values indicate the presence (1) or absence (0) of each capability.

Newer methods have focused on fewer parameter-intensive adaptation
techniques, such as adapter layers and low-rank updates. This is done to reduce
the processing power needed while still retaining general language knowledge
[65]. In Table 5.7, these measures expand the scale and make things more useful
for businesses but must be considered design wisely in order to maintain the
optimal balance between efficiency and representational potential. Few-shot and
zero-shot learning techniques that use prompt-driven task specification can be set
up quickly and don’t require much annotation [66]. Table 5.7 shows that these
methods are better than others because they are faster to set up, easier to annotate,
and more efficient in terms of computing power. However, they are sensitive to
how prompts are set up, don’t work as well when the distribution changes, and
don’t usually work as well as fine-tuned models when there is enough domain
data [67]. In supply chain situations where decisions are critical, their role is best
seen as adding to what is already there rather than replacing it.

Active learning strategies improve adaptation efficiency by focusing on
samples that give useful information for annotation [68]. Active learning directly
addresses the trade-off between dependence on labeled data and performance
stability by improving annotation efficiency within supervised and hybrid
adaptation frameworks, even though it is not distinctly delineated as a separate
column in Table 5.7.




5.2.7 Integration with Enterprise Systems and Decision
Workflows

CRM—that were originally architected to ensure transactional consistency rather
than semantic reasoning—Ilimited the early implementation of NLP in the supply
chain [69]. These systems do not necessarily integrate unstructured textual data or
language-based analytics into the decision-making process, although they do
include organized master data, transactional traceability, and standardized
reporting, as shown in Table 5.8. This meant that NLP capabilities were often
seen as standalone analytics tools rather than as a part of planning, procurement,
and service delivery functions [70]. The main goal of early integration efforts was
to build document indexing and keyword-based search services on top of
enterprise repositories. Even though they made it easier to access contracts,
service tickets, and audit reports faster, these methods functioned more like extra
tools than decision engines. Table 5.8 shows that these systems were good for
document accessibility and scalability (1), but they were not good for governance
integration (0), decision linkage (0), or semantic understanding (0). Therefore,
before impacting procurement decisions, compliance escalation, or customer
service routing, linguistic insights still needed to be manually interpreted [Z1].
Service-oriented and middleware-based architectures were developed to connect
NLP services with transactional systems as enterprise analytics platforms
matured. These architectures made it possible to synchronize language-derived
features with ERP and SCM workflows by enabling standardized APIs for text
ingestion, entity extraction, and sentiment scoring. Table 5.8 illustrates how
middleware-integrated NLP pipelines enabled basic workflow connectivity (1)
and limited semantic understanding (1), but they still lacked end-to-end
governance, unified decision modeling, and temporal alignment across planning
horizons (0). Instead of being first-class decision signals, language analytics
continued to be auxiliary features. Transformer-based NLP has started to be
integrated into service orchestration layers, risk-scoring engines, and workflow
automation in recent enterprise-grade systems. These solutions facilitate scalable
microservice deployment (1), multisource data fusion (1), and contextual
semantic modeling (1). However, instead of integrating NLP directly into
forecasting, sourcing, and escalation decision pipelines, the majority of solutions
still regard it as a supporting analytics service. Table 5.8 demonstrates that
although governance interfaces and interpretability mechanisms are developing
(1), temporal decision alignment and explicit language—decision coupling are still
weak (0) in the majority of enterprise installations. This ongoing disparity shows



that the Language—Decision Disconnect cannot be solved by technology
integration alone. NLP-enabled enterprise systems continue to be analytically
strong but operationally ancillary in the absence of a formal link between
language representations and operational decision logic. The DC-SC-NLP
paradigm, which views language as a decision-critical signal natively embedded
within enterprise workflows rather than as a separate analytical overlay, is
directly motivated by this restriction.

Enterprise Supply Chain Systems <1

Legacy Keyword | Middleware- ]l\?lotdern'
Main Feature ERP/SCM | Search Integrated nierprise

Systems Utilities NLP NEL

4 Platforms

Native support for 1 1 1 1
structured
transactional data
Utilization of 0 1 1 1
unstructured text
Keyword-based 0 1 1 1
retrieval
Contextual 0 0 1 1
semantic
understanding
API/middleware 0 0 | |
workflow
connectivity
Multisource data 0 0 0 1
fusion
Temporal 0 0 0 0
alignment with
planning cycles
Integration with 0 0 0 0
decision logic




Legacy Keyword | Middleware- ]gidern :
Main Feature ERP/SCM | Search Integrated nierprise

Systems Utilities NLP NEL

4 Platforms

Interpretability and | 0 0 0 1
governance
interfaces
End-to-end 0 0 0 0
decision workflow
alignment
Scalable 0 0 1 |
microservice
deployment

Binary values indicate the presence (1) or absence (0) of each capability.

5.3 Materials and Methods

5.3.1 Dataset

This study empirically assesses DC-SC-NLP under realistic operational
conditions using two large-scale, publicly available textual datasets that represent
complementary decision contexts in supply chain management: downstream
customer-driven demand signals and upstream externally observed risk signals.
The dual-dataset design allows for a systematic examination of how
heterogeneous textual sources can be combined within forecasting and risk-
oriented decision workflows, as illustrated in Figure 5.3.

The first dataset, the Amazon Product Reviews corpus [72], includes language
from customers that is produced when they interact with each other. The dataset
contains millions of product reviews from different years, product categories, and
places around the world. Each record has free-text review content and structured
metadata, such as review_id, product id, review_text, rating, review_timestamp,
and product _category. In this study, text reviews are the main signs of how
customers feel, how satisfied they are, and any new problems on the demand side.
Timestamps help with this by making it easier to match with changes in demand
over time. The dataset is especially good for figuring out how much unstructured
customer language can improve traditional demand sensing and forecasting



models because of its size and time depth. The Global Database of Events,
Language, and Tone (GDELT) [73] is the second dataset. It is a complete and
constantly updated collection of news articles from around the world. GDELT
encodes information about events, people, places, and the tone of stories from
news sources around the world. Each record has the raw text of the article and
structured information like event type, actor 1, actor 2, location, event date, and
tone scores related to sentiment. The dataset includes economic activity,
regulatory actions, labor disputes, political developments, and events related to
disruptions. All of these things are directly related to keeping an eye on supplier
risk and giving supply chains early warnings. It is good for finding new risks
before they show up in structured performance indicators because it has a global
scope and a daily time resolution. All data were sorted by date into three groups:
training (70%), validation (15%), and test (15%). This was done in an attempt to
mimic real-world situations where you are unable to access future data when
training. The splits were done chronologically to prevent information from
leaking over time.

5.3.1.1 Dataset Preprocessing

The preprocessing pipeline had the goal of keeping semantic information alive
and ensuring that text sources were statistically stable, consistent over time, and
pertinent to decision-making. We chose the preprocessing steps by empirical
distribution rather than using heuristic filtering. We set the parameters before
training the model (see Table 5.9). We also normalized the review text by
converting the letters to the correct case and parsing. We then broke it down into
small words. To stop reviews over five tokens, we eliminated the reviews because
exploratory analysis showed that texts below this level represented less than 1.8%
of total variance in semantics and produced too much noise. We eliminated tokens
from the list of ten or fewer documents. This reduced the size of the vocabulary
by about 42%, while retaining over 97% of the total token mass. For the total
review length after filtering, there was a mean of 46.3 tokens (median: 38,
standard deviation: 21.7). Before filtering, the average review length was 34.1
tokens. To match textual signals with demand forecasting horizons, reviews were
grouped into weekly time windows (7 days). The weekly aggregation cut
temporal sparsity by 31% and made it easier to match demand patterns
downstream, all while keeping short-term changes in sentiment clear.

Table 5.9 Summary of Preprocessing Parameters and Resulting Corpus
Statistics for the Amazon Reviews and GDELT Datasets, Illustrating Data



Retention, Normalization Choices, and Temporal Aggregation Settings Used
for Decision-Centric Modeling <

Parameter Amazon Reviews GDELT News

Initial documents ~3-5M ~34M

Documents retained (%) ~92% ~38%—42%

Min. document length 5 Tokens 20 Tokens

Avg. document length (post) | 46.3 Tokens 312.7 Tokens

Rare-token threshold <10 Docs <10 Docs removed
removed

Vocabulary reduction ~42% ~47%

Deduplication Not applied Cosine Sim. > 0.92

Duplicate removal rate — ~25%

Temporal aggregation 7-Day fixed 7-30 Day rolling
windows windows

Entity normalization Not applied Enabled

Volatility reduction (risk — ~18%

signals)

Train/Val/Test split 70/15/15 70/15/15

The structured metadata fields of rating, timestamp, and product category were
kept as auxiliary covariates but not used as direct supervision signals for text
models. This allowed sentiment and preference patterns to be learned implicitly
from language.

Relevance filtering, deduplication, and entity normalization were the main
focuses of GDELT dataset preprocessing. Using event-type metadata, articles
were filtered to keep only records linked to economic activity, production,
logistics, trade, regulation, corporate actions, and labor-related events. This
filtering process diminished the corpus by about 58%, keeping only text that is
directly pertinent to supply chain risk. Because of syndicated reporting, there are
a lot of articles that are almost the same. Those were eliminated using cosine
similarity over TF-IDF vectors with a threshold of 0.92. This phase removed
between 23% and 27% of the remaining articles, depending on the timeframe.



This prevented the over-weighting of individual events. We didn’t include articles
with fewer than 20 tokens because they provided insufficient context to get an
accurate view of the risk. Standardization of names for organizations and
locations using canonical identifiers reduced the number of entities in the system
by 35% and allowed uniformly matched risk signals to occur over time. GDELT’s
scores for tone and sentiment were both kept as continuous variables and matched
to textual embeddings over time. Textual data for several risk-monitoring tasks
was set up over rolling time periods of 7, 14, and 30 days. Shorter windows
showed rapidly changing patterns and longer windows showed risk trends that
stayed the same over time. Rolling aggregation reduced short-run volatility by
about 18%, but it didn’t take long to find long-run risk events. We checked the
preprocessing options for both datasets by monitoring the distributions of text
length, term frequency, and temporal coverage before and after filtering.
Preprocessing also allowed over 90% of the documents to be shared across
datasets and 40%—50% of the vocabulary was reduced, making the models more
stable and faster to run. The textual attributes were all rounded down to the
nearest mean and one-way variance before being mixed with structured data. This
normalization prevented the dominance of high-volume sources and high
sentiment values to ensure that textual signals brought the appropriate amount of
information to the downstream decision models.

5.3.2 Model Analysis

The proposed framework, DC-SC-NLP, aims to convert an array of unstructured
textual representations into decision-responsive representations that can be
readily embedded in crucial supply chain processes. Contrary to task-isolated

comparable to structured data analytics, and explicitly represents the interaction
between textual information and the decision-making process. As depicted in
Figure 5.4, the framework architecture illustrates the flow from raw text ingestion
to task-specific decision outputs via shared, domain-adapted language
representations.
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Figure 5.4 Architecture of the proposed DC-SC-NLP framework,
illustrating the shared domain-adapted language representation
layer and its integration with task-specific decision modules for
demand forecasting, supplier risk monitoring, contract analysis,
and customer communication. <l

5.3.2.1 Architectural Overview

DC-SC-NLP is modular and layered, allowing for various supply chain decision
contexts and ensuring consistency in representation for multiple tasks. The
downstream input (customer reviews, service interactions) and the
upstream/externe to the text (news, regulatory text) are first preprocessed and
standardized using the preprocessing pipeline explained in Section 5.3.1.1. These
inputs are encoded in a language representation layer, ensuring all downstream
tasks are in a shared semantic space. This representation layer is required to
address the Language—Decision Disconnect because it prevents cross-model
fragmentation among task-specific models and ensures consistency in the reuse of
language inputs across forecasting, risk monitoring, contract analysis, and
customer service workflows. The design ensures that numerically structured data
—such as past demand and supplier indicators—are not an afterthought but are
contextualized with textual representations at the decision layer.




5.3.2.2 Domain-Adapted Language Representation Layer

DC-SC-NLP is based on a transformer-based language model that generates text
representations of context that can capture semantic data, temporal data, and
relations. As discussed in Section 5.2.6, the model is first created through
pretraining on general language for a wide-ranging level of language proficiency
and is then extended to the domain using supply chain—specific corporals. This
domain adaptation ensures the accurate depiction of customary terminology,
document conventions, and implicit business assumptions characteristic of supply
chain text. Using multiple self-attention layers, the model also recognizes long-
run dependencies that are key to understanding long contracts, regulatory
declarations, and multiparagraph news reports. Without this change,
representations are not only linguistically accurate but also functionally wrong,
making them more problematic for decision-making.

5.3.2.3 Task-Specific Decision Modules

DC-SC-NLP utilizes modular components that are designed to address a specific
task and that transform language representations into decisions-relevant outputs,
based on the shared representation layer. Classification tasks—including the
sending and receiving of information, deciphering intent, and determining risk—
include a light feedforward layer where contextual embeddings are embedded
within label space. In some cases, decisions are arranged in a hierarchical order.
Customer questions, for example, are initially divided into broad intent types
(such as delivery issues or billing inquiries) and then subcategorized into
subtypes. This medium-to-large structure provides stronger model strength in the
face of uncertainty and allows for consistent model behavior aligned with actual
routing practices. In the case of information extraction, entities, attributes, and
relationships are identified via sequence labeling or span detection. This includes
item names, dates, quantities, contractual agreements, and event descriptions.
Relation modeling integrates these components into organized representations of
actions, obligations, or risk events, allowing direct integration with downstream
planning and compliance systems.

5.3.2.4 Temporal Modeling and Risk Aggregation

Modeling based on decisions in supply chains requires explicit analysis of time.
DC-SC-NLP provides time matching and aggregation to make sure that textual
information regarding operational timing is understood. Customer reviews, which
function as demand sensing, generate text-based signals that are temporally
correlated with historical demand series. Such an alignment allows the model to



determine whether the language-based indicators precede, coincide with, or occur
after observable changes in sales. Similarly, supplier risk monitoring uses news
articles and event and sentiment indicators to construct a rolling time window of
risk. In addition, the techniques of temporal smoothing and trend detection
facilitate a much less sensitive response to transient noise and allow a more stable
prioritization for suppliers with long-term risk exposure.

5.3.2.5 Retrieval-Augmented Generation and Human Oversight

DC-SC-NLP uses a retrieval-augmented generation method to automate customer
communication. Based on semantic similarity in the embedded space, query
responses are then matched with a select set of verified responses and policy
documents. The recovered content also provides a fact-based foundation that can
be combined with generative information to create responses that are context-
sensitive. In order to maintain control over the quality of service and governance,
the framework includes confidence estimation processes that assess response
reliability. Low confidence scores are automatically escalated to human review.
This creates an equilibrium between automation and accountability, so that
generative flexibility does not interfere with accuracy or trust.

5.3.2.6 Multi-Task Learning and Deployment Considerations

DC-SC-NLP helps with learning for multiple tasks and enables collaborative
representations on shared decision tasks to be refined as a unit. This makes data
efficiency and consistency easier since improvements in one task—for example,
recognition of the entity—can help other tasks, such as risk aggregation.
Regularization and controlled fine-tuning are employed to avoid overfitting and
to ensure generalization across different text sources. The framework is designed
to take into account a range of operational constraints from a deployment
perspective. Customer service and other latency-sensitive applications are further
adapted for quick inference. In contrast, batch-based tasks, such as periodic risk
surveillance, emphasize throughput and stability. Compilation and optimization
strategies are used in order to achieve the optimal balance of computation and
representation.

5.4 Experimental Setup

5.4.1 Evaluation Metrics



Evaluation is meant to reflect decision relevance, not model accuracy alone, in
keeping with the Language—Decision Disconnect. Metrics are primarily used to
measure predictive quality, ranking reliability, and operational robustness across
the supply chain tasks to be considered.

5.4.1.1 Classification-Oriented Decision Tasks

For classifying tasks such as intent detection, sentiment categorization, clause
classification, and risk labeling, the F1 score is the main assessment measure. For
supply chain scenarios where real operational costs are lost through both false
positives and false negatives, the F1 score is an appropriate choice to balance
accuracy and recall. High precision is critical to minimizing unnecessary
escalations, wrong risk flags, or misdirected customer inquiries that can be
problematic for operations teams. In addition, it is important that a high recall rate
is achieved so that rare but significant cases, such as urgent service requests,
contract disputes, or new supplier risks, are not ignored. Since class differences
are common in the operational datasets, where only rare but major events occur,
F1 is more reliable comparative measure than accuracy or recall in itself. Only
after the first statement is confirmed, macro-F1 is used to ensure performance
consistency between majority and minority classes.

5.4.1.2 Demand Forecasting Performance

Performance in demand forecasting tasks using textual and historical sales data is

the forecast error relative to actual demand, allowing for consistent comparison
across products with different sales volumes and across time periods with varied
demand intensity. In supply chain planning, where relative deviations tend to
outweigh absolute differences, this perspective on proportional error is especially
relevant. Lower risks of overstocking or stockouts are directly associated with
MAPE enhancements. Forecast performance is also presented for a baseline
model using structured data and a modified model with textual components. This
allows me to directly measure the additional decision value in the NLP signals.

5.4.1.3 Supplier Risk Ranking and Early Warning

Area Under the Curve (AUC) is the most common assessment measure used in
supplier risk monitoring and early-warning applications. The AUC reflects the
degree to which the system can rank suppliers by relative risk without requiring
any threshold alert. Ranking based on this assessment is similar to procurement
practices in which risk scores are used to prioritize monitoring, audits, or



remediation rather than making binary decisions. A high AUC indicates that the
suppliers who experience disruptions or adverse outcomes are viewed as having
higher risk than nonimpacted suppliers. This measure assesses discriminatory
power across different alerting policies and facilitates a well-defined comparison
across operational thresholds.

5.4.2 Hyperparameters

To account for variations in text length, temporal structure, noise characteristics,
and decision objectives, hyperparameters were set individually for each dataset. A
common architectural backbone was preserved for methodological consistency,
but dataset-specific adjustments were implemented to ensure stable training and
realistic deployment behavior in demand sensing and supplier risk-monitoring
tasks. The transformer-based language model applied to the Amazon Product
Reviews dataset—comprising short- to medium-length customer-generated text
aggregated weekly—utilized a hidden size of 768, along with 12 self-attention
layers and 12 attention heads. Fine-tuning utilized learning rates ranging from

2 x 107° to 4 x 107°, as higher rates caused instability owing to high lexical
variability. Training spanned 3 epochs, utilizing batch sizes of 32 that
corresponded to shorter sequence lengths and greater document counts. To
guarantee stable optimization, dropout was configured to 0.1, weight decay to
0.01, and gradient clipping was used with a maximum norm of 1.0. Textual
embeddings were compiled into 7-day windows, and forecasting models utilized
historical look-back horizons ranging from 12 to 24 periods, aligning with weekly
demand planning cycles.

With respect to the GDELT news dataset, which includes longer documents
and exhibits greater semantic redundancy because of syndicated reporting, the
focus during training was on stability and temporal robustness. While the same
base architecture was kept, fine-tuning utilized lower learning rates ranging from
2 x 107 to 3 x 107° and smaller batch sizes of 16 in order to accommodate
longer sequences and memory constraints. Training duration was increased to 4-5
epochs, since convergence necessitated additional passes over the data. To ensure
comparability, dropout (0.1), weight decay (0.01), and gradient clipping (1.0)
were maintained at consistent values. Risk signals extracted were compiled over
rolling periods of 7, 14, and 30 days. This allowed the model to identify both
short-term disturbances and ongoing risk patterns while minimizing sensitivity to
noise.

To tackle class imbalance, classification heads in both datasets were trained
with categorical cross-entropy loss that employed inverse-frequency class



weighting. To align with the operational priorities outlined in Section 5.4.1,
decision thresholds were chosen from validation sets to achieve a balance
between precision and recall. Before being combined with structured data, text-
derived features were normalized through z-score scaling in order to avoid the
dominance of language signals with high variance. To guarantee uniform
computational conditions across datasets, all experiments were trained for the
specified number of epochs on a single NVIDIA Tesla V100 GPU. Table 5.10
offers a consolidated overview of hyperparameter settings specific to the dataset,
emphasizing the differences in numerical configurations across data regimes
while maintaining a unified modeling framework.

Table 5.10 Dataset-Specific Hyperparameter Settings Used for
Fine-Tuning DC-SC-NLP, Reflecting Differences in Text Length,
Temporal Structure, and Decision Objectives across Demand
Sensing and Supplier Risk-Monitoring Tasks

Parameter Amazon Reviews | GDELT News
Avg. document length [ ~46 tokens ~313 tokens
Hidden size 768 768

Transformer layers 12 12

Attention heads 12 12

Learning rate 2-4 x 107° 2-3 x 107°
Training epochs 3 4-5

Batch size 32 16

Dropout 0.1 0.1

Weight decay 0.01 0.01

Gradient clipping 1.0 1.0

Text aggregation 7-day fixed 7-30-day rolling
Forecast look-back 12-24 periods —

Risk aggregation — 7-30-day windows




5.5 Results and Analysis

5.5.1 Comparison with State of the Art

We evaluate DC-SC-NLP against a range of representative baselines that include

based models. Baselines were chosen to represent widely used methods in
demand forecasting, supplier risk monitoring, and customer communication
analysis, while following the same data splits and evaluation protocols.

Figure 5.5 presents the forecasting performance on the Amazon Reviews
dataset using the same data splits and evaluation protocols. Conventional time-

in MAPE values of 18.7% and 17.9%, respectively. The accuracy is improved
modestly to 16.8% by the sales-only Long Short-Term Memory (LSTM) baseline.
Text-augmented methods incorporate supplemental sentiment or topic signals,
resulting in an error reduction to 15.4% for the LSTM+Sentiment model and
14.6% for the Transformer+Text model. Language is an intermediary context, not
a signal of a decision, in these pipelines. Unlike other models, DC-SC-NLP
applies domain-specific textual representations directly to forecasting decisions,
yielding the lowest error rate of 12.9%. This constant growth demonstrates how
the convergence of language and decision-making, increased temporal overlap,
and greater resilience to a broad range of customer review distributions all add up
to the cumulative benefits of such a closer connection. These results highlight the
importance of flexible deployment across multiple categories, regions, and
seasonal patterns, where planners can control for constant inventory volatility,
increase service levels, and prioritize replenishment decisions based on
interpretable signs.
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Figure 5.5 Comparison of demand forecasting accuracy on the

Results contrast traditional sales-driven baselines, text-augmented
forecasting models, and the proposed decision-centric DC-SC-NLP
framework under identical data splits and evaluation protocols. <

In Figure 5.6, the performance of the Supplier Risk Rankings on the GDELT
news data is plotted with AUC for the same data splits and evaluation protocols.
With only structured risk variables, the AUC of indicator- based scoring is 0.64,
an AUC that reflects a limited sensitivity to external forces. Keyword-based NLP,

which is based on unstructured news text but relies on surface pattern matching,
improves slightly to an AUC of 0.68. Classical NLP combined with sentiment
analysis brings the performance up to 0.72 by adding shallow semantic cues.
While the task-isolated contextual language model contains more news content
and has an AUC of 0.76, it still only slightly aligns with procurement decision
processes. On the other hand, DC-SC-NLP directly integrates domain-specific
textual representations into decision-making; the AUC is highest at 0.84. This
development shows that a tighter coupling of language and decision-making can
significantly boost discriminatory power. This enhancement allows for more
dependable prioritization of suppliers, earlier detection of disruption risks, and
escalation policies that are more uniform across diverse global news streams.
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Figure 5.6 Supplier risk ranking performance on the GDELT news
dataset, measured using AUC (higher is better), comparing

models under identical data splits and evaluation protocols. <

Under realistic service workloads, macro-F1 scores for customer intent and
sentiment classification are reported in Figure 5.7 using a held-out test set. With
an F1 score of 0.61, keyword-based routing demonstrates limited robustness to
informal language and ambiguous customer phrasing. By adding frequency-based
textual cues, a bag-of-words Support Vector Machine baseline enhances
performance to 0.68; however, it is still sensitive to variations in vocabulary. By

further increases the F1 score to 0.74. A task-isolated transformer presents
contextual embeddings and attains an F1 score of 0.79, showing a more robust
semantic understanding but lacking explicit decision alignment. Unlike the
others, DC-SC-NLP directly incorporates language representations that are
customized for the domain into workflows for service decision-making, achieving
the highest F1 score of 0.85. This steady enhancement underscores the
significance of decision- centric language modeling for precise routing, expedited
resolution, diminished misclassification, and scalable automation across diverse
customer communication channels.



Macro-F1 Score
=4 = =] o = =4
w - w o -y w

=
r

0.1 4

0.0~

Keyword routing BoW + SVM LST™ Transformer (Task-isolated) DC-5C-NLP

Go to Extended Description

Figure 5.7 Comparison of customer communication classification
performance across baseline and transformer-based models,
evaluated using macro-F1 (1) on the held-out test set. Results
highlight the impact of decision-centric language integration on
intent and sentiment classification under realistic service
workloads. &1

5.5.2 Cross-Domain Analysis

In this section, I assess the generalizability of DC-SC-NLP in different textual
domains without requiring a task-specific redesign and focus on cross-domain
transfer performance. For models that are trained on one domain and tested on
another without re-tuning, relative retention is expressed in Figure 5.8. The task-
1solated transformer maintains 71% of its performance as it moves from Amazon
to GDELT and 68% in the opposite direction, indicating moderate degradation as
a result of domain shift. This suggests a sensitivity to changes in vocabulary and
temporal variations since the [ STM baseline supplemented with text displays low

generalization and rates of retention between 65% and 63%, respectively. Against
this backdrop, DC-SC-NLP is considerably more transferable, with 86% of
performance for Amazon to GDELT and 83% for GDELT to Amazon. It is found
that domain-specific shared representations enable a more stable and accurate
reuse of language-based decision signals across supply chains. Enhanced
retention aids in scalable deployment, minimizes retraining overhead, and




guarantees uniform decision quality across diverse customer and risk- oriented
text environments.
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Figure 5.8 Cross-domain generalization performance of DC-SC-
NLP and baseline models, measured as relative performance
retention when transferring between demand-side and risk-
oriented textual domains. &

The robustness score in Figure 5.9 shows that the document length and noise
injection variance are increasing with normalized performance scores. In short-
term and low-noise environments, the task-isolated transformer and DC-SC-NLP
both score 1.00, which is a normalized score equivalent to the baseline level of
capability. When the length of documents differs, the task-isolated transformer
performs at 0.91, while DC-SC-NLP performs at 0.97. Under long and loud text
regimes, the degradation is worse: the task-isolated transformer drops to 0.84,
while the DC-SC-NLP score is much higher at 0.93. These patterns suggest that
DC-SC-NLP is more resilient to heterogeneous document structures, length
variances, and noise contamination. Additionally, higher retention across regimes
will have improved resistance to degradation and will be more reliable at
handling syndicated news, lengthy reports, and inconsistent customer
communication. Such robustness is necessary for real-world applications where
input format, quality, and temporal density differ widely across functions within
the supply chain.
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Figure 5.9 Robustness to text heterogeneity, reporting normalized
performance under varying document length and noise regimes,
where higher values indicate stronger stability and degradation
resistance across heterogeneous textual inputs. {1

Figure 5.10 plots the performance of DC-SC-NLP across several temporal
aggregation windows to test its robustness to window selection rather than a time-
scaled one. Using a 7-day window, the model achieves a forecasting error
reduction of 22% and a supplier risk AUC of 0.82. A forecasting improvement of
23% and an AUC of 0.84 are obtained when the aggregation period is extended to
14 days. This is stable when the fluctuations are loosened out during the short-
run. DC-SC-NLP also achieves a similar forecasting reduction of 21% within 30
days with an AUC of 0.85, indicating greater long-horizon risk discrimination.
This small variance in performance across 7-30-day windows suggests that
decisions are consistent across time resolutions. This stability allows for flexible
deployment in operational contexts where reporting cycles, data latency, and
monitoring needs are widely configurable across supply chain functions.
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Figure 5.10 Temporal stability of DC-SC-NLP across multiple
aggregation horizons, reporting consistent forecasting error
reduction and supplier risk ranking performance under varying
temporal resolutions (7-30 days), thereby demonstrating
robustness to window selection rather than sensitivity to a fixed
time scale. d

5.5.3 Ablation Study

We conduct ablations to examine the effect of key architectural features and
measure the effects of domain adaptation on forecast accuracy and supplier risk
ranking. Table 5.11 compares unadapted language models, supervised fine-tuning,

16.1% and a risk AUC of 0.71 in the model without adaptation suggest a lack of
correspondence between language representations and decision contexts.
Supervised fine-tuning enhances performance by reducing MAPE to 14.2% and
AUC to 0.78, by partially aligning representations with domain-specific
vocabulary and structures. For the best results, the complete DC-SC-NLP
configuration results in a MAPE of 12.9% and an AUC of 0.84. This steady
increase in relevance demonstrates that complex domain adaptation contributes
significantly to greater decision-aligned performance and discriminatory power in
prioritizing risk, which also leads to more precise and stable prediction results
across multiple supply chain text sources.



Table 5.11 Ablation Results Quantifying the Effect of
Domain Adaptation on Forecasting Accuracy and
Supplier Risk Ranking, Comparing Unadapted
Language Models, Supervised Fine-Tuning, and the Full
DC-SC-NLP Adaptation Pipeline <

Configuration Forecast MAPE (%) | Risk AUC
No adaptation 16.1 0.71
Fine-tuning only 14.2 0.78
DC-SC-NLP (Full) | 12.9 0.84

Table 5.12 examines the influence of temporal alignment and aggregation on
forecasting accuracy and risk-score stability within the DC-SC-NLP framework.

volatility score of 1.00. This suggests a high sensitivity to short-run noise and
weak temporal coherence. Fixed temporal windows increase stability and
synchronize text signals with operational planning cycles to lower MAPE to
13.9% and volatility to 0.84. Performance increases with rolling window and
smoothing settings; namely, the MAPE is decreased to 12.9% and volatility drops
to 0.82, demonstrating greater resistance to transient fluctuations. These results
show that time is modeled explicitly, which greatly improves the accuracy and
reliability of risk scoring. Strong temporal alignment allows for easier
identification of trends, smoother determining, and consistent decision support
even when reporting frequency and pattern of data arrival are different.

Table 5.12 Effect of Temporal Alignment and
Aggregation Mechanisms on Forecasting Accuracy
and Risk-Score Stability, Isolating the Contribution of
Temporal Modeling within the DC-SC-NLP
Framework &

Configuration MAPE (%) | Volatility (|)

No temporal alignment | 15.8 1.00

Fixed windows 13.9 0.84




Configuration MAPE (%) | Volatility (|)

Rolling + smoothing 12.9 0.82

Table 5.13 shows the ablation procedure that isolates the impact of decision-

architectures, and DC-SC-NLP as a whole. The mean score for the task-isolated
NLP configuration is 0.74, indicating a lack of coordination between language
modeling and the downstream operational decision modules. With the creation of
a shared encoder, the representational consistency across tasks is improved and
the mean score is 0.79, equivalent to a moderate improvement from the shared
semantic space alone. Using this link between language representations and
decision-making, the DC-SC-NLP model achieves the highest score on average at
0.86. This improvement suggests that not only can performance be improved by
enhancing text encoding, but also that language-derived signals are explicitly
embedded into forecasting, risk monitoring, and service processes. Decision-
centric coupling allows for better coherence in feature reuse, better alignment
with goals, and consistent performance at the system level across heterogeneous
supply chain text environments.

Table 5.13 Ablation Analysis
Isolating the Effect of Decision-
Centric Integration, Comparing

Encoder Architectures, and the Full
DC-SC-NLP Framework to Quantify
the Contribution of Explicit
Language—Decision Coupling to
Overall System Performance <

Architecture Avg. Score 1

Task-isolated NLP 0.74

Shared encoder only | 0.79
DC-SC-NLP (Full) 0.86

5.6 Conclusion and Future Works



chain management today, rather than a secondary text-mining tool. Based on the
Language—Decision Disconnect, we developed DC-SC-NLP, an integrated tool
that integrates domain-specific language models into the forecasting, supplier risk
assessment, contract analysis, and customer communication workflows. NLP was
seen as a key component of end-to-end decision pipelines throughout the chapter,
explicitly tied to time, operational objectives, and governance constraints. Results
from the empirical testing of complementary demand-side and external risk data
have shown that decision-aligned language integration produces significant and
consistent improvements in forecast accuracy, risk prioritization efficiency, and
service quality in real-world deployment. Across domains, the results indicated
that similar representations reflecting the domain are generalizable across supply
chain functions. This reduces fragmentation of architecture and facilitates
scalable enterprise use. Ablation analyses also demonstrated that performance
gains are the result of system-level integration and the coupling of decisions,
rather than modeling individual decision-making or specific task optimization.
There are plenty of exciting extensions ahead. First, the fusion of internal
enterprise data sources, such as emails, ERP notes, and audit logs, would allow
for more complex decision-making. Second, more than one modality—text, time
series, graphs, and sensor data—could be used to enhance resilience to disruption.
Third, future research should also incorporate decision-making directed toward
providing explanations that are consistent with the practices of planners, buyers,
and compliance officers, rather than relying on generic model diagnostics.
Ultimately, it is necessary to implement adaptive learning and governance-aware
update strategies in order to guarantee reliability when operational conditions are
nonstationary.
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6.1 Introduction

As virtual counterparts to physical systems, digital twins interact with real-world
activity to provide guidance, forecasting, and decision-making within the
manufacturing and supply chain. The growing scale, interdependence, and
volatility of industrial systems require decision-making based on analytical
strategies that provide a mechanism for reflecting changing system states rather
than static or periodic models [1]. Traditional decision-support techniques,
primarily offline simulations or historical aggregates, cannot capture the dynamic
interactions, feedback loops, and temporal dependencies inherent in modern
industrial practice [2].

New technologies such as Industrial Internet of Things (IIoT) sensing,
communication systems, cloud and edge computing, and machine learning have
made it technically possible to store continuously synchronized digital
representations of physical assets, processes, and networks [3,4]. Unlike
traditional simulation tools, which are contextually aware and detached from real-
world situations, digital twins are contextually aware of the situation, and
therefore analytical reasoning can be closely aligned with the actual state of the
system [5]. This potential has positioned digital twins as a promising way to
connect physical execution with digital decision support.

Digital twin technology first appeared in the aerospace and defense sectors,
where high-value assets were constantly monitored throughout the lifecycle and
reliability controls had to be tightly controlled [6]. Since then, the core ideas have
been extended to include discrete and process manufacturing, logistics and
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distribution, energy systems, and infrastructure management [7]. Digital twins
have been used in manufacturing to combine machine behavior, process
constraints, and production data for planning and control [§]. For example, digital
twins are interpreted in relation to supply chains as representing network
architectures, material flows, and cross-organizational modes of coordination [9].
As aresult, these developments indicate a wider shift toward operational
management driven by data and facilitated by models, where informed choices in
the face of uncertainty are backed by ongoing feedback between the physical and
digital layers.

While interest and adoption have grown rapidly, most current implementations
of digital twins remain stalled. Asset-level models, simulation engines, and
analytics pipelines are often developed in isolation from each other. This leads to
systems that are difficult to scale, interpret, and operate. This limitation is termed
the Architectural Coherence Gap, which refers to a misalignment among real-
time data streams, model abstraction levels, and operational decision horizons.
These inequalities can take a variety of forms, including brittle integrations,
excessive computational overhead at higher fidelity, and poor alignment between
digital twin outputs and organizational decision-making.

Table 6.1 compares the traditional decision-support paradigm with isolated
implementations of digital twins and the end-to-end digital twin systems that are
emerging in key domains. For example, 1 indicates that the paradigm explicitly
supports a particular capability, while 0 means that it is not supported in this
table. Traditional decision-support models either use static or periodic data
refreshes and are not compatible with other physical systems. Although the
isolated digital twins provide real-time data coupling and representations at the
level of assets, system-level, scalable and governance integration abutting these
twins are also provided by independent digital twins. On the other hand, end-to-
end digital twin systems include continuous synchronization, multi-level supply
chain modeling, scenario analysis, scalability considerations, and explicit
interpolation with organizational decision-making processes. This transition can
be conceptualized in Figure 6.1, as it leads away from a static offline analysis
paradigm toward a unified digital twin architecture, which is a continuously
synchronized, system-level infrastructure. As digital twins move from one asset
to another, they become increasingly involved in making and processing complex
manufacturing and supply chain systems. This expansion raises important
questions about coordinating model functions across time and space, the degree
of fidelity to computational feasibility, and the use of digital twins within systems
of data collection, decision-making, and accountability.
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Figure 6.1 Evolution of decision-support paradigms from static,
offline analytical models to end-to-end digital twin architectures
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system representation, and real-time, data-driven decision support.
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Table 6.1 Comparison of Conventional Decision-Support Models, Isolated
Digital Twin Implementations, and End-to-End Digital Twin Systems &

Conventional Isolated Digital End-to-End
Main Feature Decision- Twin Digital Twin
Support Models Implementations | Systems

Static or periodic 1 0 0
data updates

Continuous real- 0 1 1
time data

synchronization

Asset-level 0 1 1

representation




Conventional Isolated Digital End-to-End
Main Feature Decision- Twin Digital Twin
Support Models Implementations | Systems

System-level 0 0 1
representation

Integration of 0 1 1
physical and
digital states

Support for 0 1 1
dynamic
operational
contexts

Predictive and 0 1 1
prescriptive
analytics

Multi-tier supply 0 0 1
chain modeling

Scenario analysis 0 | 1
and what-if
simulation

Scalability 0 0 1
consideration

Organizational 0 0 1
and governance
integration

Cross-functional 0 0 1
decision support

A value of 1 indicates explicit support for a given capability, while 0 denotes its
absence. The table highlights how end-to-end digital twins uniquely combine
continuous synchronization, system-level representation, and organizational
integration.



A considerable number of current studies on digital twins are carried out
through definitions, taxonomies, or limited case studies with a focus on individual
machines or engineering subsystems isolated from the rest of the study [10].
These projects provide important conceptual foundations but provide little
guidance on how to design digital twins as complete, end-to-end systems that
combine real-time data ingestion, predictive modeling, simulation, and decision
support across multiple operational layers. The importance of representational
accuracy 1is often stressed in the context of modeling fidelity, but in near-real-time
settings, the trade-offs of responsiveness and scalability are not particularly
adequately addressed. In addition, organizational aspects like data management,
cross-functional coordination, labor skills, and congruence of decision-making
power and analytical results are often viewed as secondary concerns [11]. The
latter acts act as an unnecessary rupture between the theoretical promise of digital
twins and their practical implementation.

To address the Architectural Coherence Gap, this chapter considers digital
twins as multi-scale decision infrastructures rather than isolated analytical
artifacts. We present SynDT, a digital twin-synchronized framework that
explicitly links temporal modeling of assets to system-level supply chain
abstractions through synchronized data pipelines and simulation layers. The
model integrates physics-informed representations with adaptive learning
elements, while maintaining interpretability, computational feasibility, and
organizational deployability.

This chapter is organized to slowly develop and verify SynDT as a cohesive,
multi-scale digital twin. Section 6.2 analyses the development of digital twin
systems in the manufacturing and supply chain sectors, including architectural
paradigms, machine learning integration, organizational alignment,
interoperability, and semantic standardization, in order to conceptually establish
the background of the study. Section 6.3 presents the empirical basis for multi-
scale modeling. The experimental setup, evaluation metrics, hyperparameter
setup, and computational viability issues are all covered in detail in Section 6.4. A
thorough experimental investigation that includes comparative performance
evaluation, cross-domain robustness assessment, and architectural ablation
experiments is presented in Section 6.5. The results are summarized in Section
6.6, which highlights the importance of architectural coherence in attaining
stable, comprehensible, and governance-aligned digital twin deployment across
supply chain and manufacturing systems.

6.2 Related Works



6.2.1 Historical Evolution of Digital Twin Concepts

The idea of digital twins derives from early developments in Computer-Aided
Design (CAD), system simulation, and model-based engineering, particularly in

and simulation models were primarily offline, design-time applications involving
structural verification and performance assessment based on predetermined
assumptions. They were designed to be used only for monitoring or decision
support after deployment, as they explicitly disassociated themselves from live
operational data and were modeled on static or semi-dynamic representations.
Despite providing high-fidelity, physics-based representations, these models are
limited to the abstraction of assets and do not provide continuous
synchronization, system-level reasoning, or scalability. Digital models with a
lifecycle in mind were an early step toward development in this area, providing a
wider range of digital representations beyond the preliminary design stages to be
used for maintenance planning, fault detection, and reliability assessment over the
lifecycle of assets [13]. As discussed in Table 6.2, this paradigm created runtime
monitoring capability and health prediction, all while running on offline or
constantly updated data flows. Sensor data began to inform these models, but
integration became episodic rather than continuous, and representations remained
primarily asset-based [14]. Lastly, it is important to note that, while lifecycle
coverage and operational relevance have improved, these models are still unable
to include real-time data coupling, data-driven model adaptation, or system-level
scope.

Table 6.2 Evolution of Digital Twin Paradigms from Static, Design-Time
Engineering Models to Integrated, Data-Driven Industrial Systems <1

Early CAD Lifecycle- Contemporary
Main Feature and Simulation | Oriented Digital Twin
Models Digital Models | Systems
Offline design-time 1 1 0
analysis
Continuous real- 0 0 1
time data coupling
Static or semi- 1 1 0
dynamic
representation




Early CAD Lifecycle- Contemporary

Main Feature and Simulation | Oriented Digital Twin
Models Digital Models | Systems

Asset lifecycle 0 1 1

coverage

Runtime monitoring [ 0 1 |

capability

Predictive health 0 1 1

assessment

Integration of 0 0 1

sensor telemetry

Physics-based 1 1 1

modeling

Data-driven model 0 0 1

augmentation

Asset-level focus 1 1 1

System- or 0 0 1

network-level scope

Scalability and 0 0 |

interoperability

consideration

Binary indicators (1 = supported, 0 = not supported) highlight the progressive
introduction of real-time synchronization, system-level scope, and scalability
considerations.

The digital twin systems of today are not incremental but qualitative. Modern
digital twins constitute an industry that utilizes sensors, industrial communication
systems, and IloT platforms [15] for continuous real-time data coupling between
physical systems and digital twins. As reflected in Table 6.2, this change is
coupled with the introduction of data-driven model augmentation, system-level
representations or network levels, and implicit considerations of scaling and
interoperability. In addition, physics-based models are retained but supplemented
by statistical and learning-based models to account for operational variability and



uncertainty that cannot be specified a priori [16]. Digital twins in this paradigm
are continuous representations of the system that can be used for runtime
monitoring, forecasting, and decision-making. Importantly, Table 6.2 shows that
many of the abilities associated with digital twins, including scaling,
interoperability, and reasoning at the system level, are only present in the current
paradigm and not in earlier stages. This fact supports a key idea: representational
accuracy and data integration have remained stable, but architectural coherence
across ingestion, modeling, and decision layers has not been uniform. Instead, it
occurs suddenly and incongruently, underscoring the need for a carefully planned
digital twin architecture to be expressed from the ground up rather than through
incremental revisions of existing modeling paradigms.

6.2.2 Digital Twin Applications in Manufacturing

Early digital twin applications in manufacturing were based on discrete-event
simulation and virtual manufacturing systems for the planning and optimization
of production [17]. These methods focused on modeling single machines,
manufacturing cells, or production lines. They were carried out off-site using
historical data and fixed engineering assumptions. As shown in Table 6.3, such
offline virtual manufacturing systems relied on preconfigured simulations and
provided value primarily for layout design, capacity analysis, and changeover
evaluation prior to physical delivery [18]. Increased sensor deployment and shop-
floor connectivity have led to the development of digital twins on the assets that
are operational and can integrate real-time production data [19]. Programable
logic controllers, supervisory control platforms, and manufacturing execution
systems also serve as data sources for the coordination of physical and digital
equipment [20]. Predictive maintenance emerged as one of the most valuable
applications in this phase, with digital twins used to track degradation rates,
identify issues, and aid maintenance decision-making [21]. As shown in Table
6.3, these asset-level twins added runtime monitoring and predictive maintenance
but with a focus on single assets and limited system-level integration. Recent
studies have begun to investigate integrated manufacturing digital twins at the
system level, which go beyond single assets to depict production processes across
entire facilities, including material flows and resource coordination [22]. To
account for the complex dynamics of production in environments characterized
by high mix and variability, hybrid modeling strategies that merge physics-
informed representations with data-driven and machine learning approaches have
been suggested [23]. By connecting process models with inspection data to study
defect propagation and assess corrective measures before physical execution,
digital twins have also found application in quality management [24]. As Table



6.3 shows, capabilities like closed-loop control feedback, lifecycle digital thread
support, and scalability across heterogeneous systems arise only when
manufacturing digital twins are designed as system-level, architecturally
integrated infrastructures. Although recent research shows that these features can
be implemented in controlled or specific contexts, they are not present in the
majority of asset-level and operational implementations. This distinction
highlights that digital twins in manufacturing move from being analytical tools to
becoming sustained decision infrastructures only when asset-level analytics are
coherently integrated into facility-wide architectures that explicitly consider
integration, synchronization, and scalability.

Table 6.3 Evolution of Manufacturing Digital Twin Applications from
Offline Virtual Manufacturing to System-Level, Closed-Loop Production
Twins d

. Offline Virtual Asset—Lgvel System-Level
Main Feature . Operational Integrated
Manufacturing . :
Twins Twins
Offline simulation | 0 0
usage
Real-time data 0 1 1
integration
Single-asset or cell | 1 0
focus
Facility-wide 0 0 1
process
representation
Production 1 1 1
planning support
Runtime 0 1 |
monitoring
capability
Predictive 0 1 1
maintenance
support




. Offline Virtual Asset-L?vel System-Level
Main Feature . Operational Integrated
Manufacturing ) :
Twins Twins
Physics-based 1 1 1
process modeling
Data-driven model | 0 0 1
adaptation
Quality 0 0 1
management
integration
Closed-loop 0 0 1
control feedback
Lifecycle digital 0 0 1
thread support
Scalability and 0 0 1
interoperability
focus

A value of 1 denotes explicit support for a capability, while 0 indicates its
absence, highlighting how real-time integration and adaptive control emerge only
at the system level.

6.2.3 Supply Chain Digital Twin Implementations

Research on digital twins in supply chains that predated this work was based on
static network models and offline simulations that were scenario-based and aimed
at assessing capacity utilization, service levels, and costs based on planning
assumptions established beforehand [25]. As shown in the first column of Table
6.4, these approaches relied almost exclusively on historical data, assumed
deterministic system behavior, and did not include real-time data. These models
were successful in network planning and inventory management, but offline
implementation compromised ability to respond quickly to network downtime,
demand changes, or operational changes [26]. The second research phase
implemented these virtual supply chain twins using near-real-time data from
Enterprise Resource Planning (ERP), warehouse management systems, and




transportation management systems [27]. This transition facilitated operational
visibility and short-term replanning tools such as disruption propagation analysis
and delay impact assessment [28]. As Table 6.4 shows, this phase signifies the
beginning of real-time integration of data and communication among enterprise
systems. However, these digital twins primarily did not follow planning
assumptions and over implementations of uncertainty. This limited their ability to
help strong decision-making under nonstationary demand and supply conditions
[29]. Recent studies have concentrated on creating end-to-end, flexible supply
chain digital twins that integrate multi-level suppliers, production systems,
logistics infrastructures, and demand processes within tightly coupled virtual
environments [30]. Table 6.4 summarizes these systems with explicitly described
demand uncertainty modeling, machine learning adaptation, and predictive
analytics that evolve with new information [31]. Rather than seeing disruptions as
unintended events, such digital twins are capable of continuously monitoring and
assessing alternative sourcing, routing, and inventory policies [32,33]. Table 6.4
highlights an architecturally significant difference, namely the rise of federated or
modular architectures and network-wide decision coordination in end-to-end
adaptive twins. Flow-controlled models in multi-enterprise supply chains often
stifle data ownership, governance, and scalability, making them often impossible
[34]. Strategies for federated digital twins enable organizations to maintain
control of proprietary data while engaging in shared system-level representations
that facilitate coordinated decision-making [35]. This architectural change is
crucial for scaling digital twins beyond individual organizations and enabling
their ongoing operational use across supply chain networks.

Table 6.4 Capability-Level Comparison of Supply Chain Digital Twin
Paradigms, from Static Network Simulations to End-to-End Adaptive and
Multi-Enterprise Decision Infrastructures £

Static Operational End-to-End
Main Feature Network Supply Chain Adaptive
Models Twins Twins
Offline scenario-based 1 0 0
modeling
Historical data 1 1 0
dependency
Real-time data 0 1 1
integration




Static Operational End-to-End

Main Feature Network Supply Chain Adaptive
Models Twins Twins

ERP/WMS/TMS 0 1 1

system integration

Deterministic planning 1 1 0

assumptions

Disruption propagation | 0 1 1

analysis

Multi-tier network 0 0 1

representation

Predictive analytics 0 0 1

integration

Machine learning- 0 0 1

based adaptation

Demand uncertainty 0 0 1

modeling

Dynamic inventory 0 0 1

optimization

Alternative sourcing 0 0 1

and routing simulation

Network-wide decision | O 0 1
coordination

Scalability across 0 0 1
enterprises

Federated or modular 0 0 1

architecture support

Binary indicators (1 = supported, 0 = not supported) highlight the progressive
integration of real-time data, uncertainty-aware analytics, and network-wide
coordination.



6.2.4 Integration of Machine Learning with Digital
Twins

As early as the introduction of machine learning into digital twin systems,
learning models were considered offline, supervised predictive strategies that
were complementary to physics representations but not directly embedded into
the digital twin lifecycle [36]. Within this regime models were trained on
historical data and used as static predictors for failure forecasting and condition
monitoring [37]. As discussed in Table 6.5, these methods used offline training,
were not continuously state-synchronized, and did not allow for model adaptation
after deployment. Although these integrations enhanced pointwise predictive
accuracy, they were not robust to nonstationary system behavior and changing
operational contexts. Later studies advanced toward online adaptive learning,
integrating machine learning models more closely within digital twin frameworks
[38]. These architectures employed real-time data streams for the continuous
updating of both the state of the digital twin and its associated learning
components, facilitating periodic or online retraining and explicit monitoring of
model drift [39]. For tasks like demand forecasting, quality inspection, and
remaining useful life estimation, supervised learning continued to be the
dominant approach. Meanwhile, unsupervised methods were increasingly used
for anomaly detection and pattern discovery in high-dimensional sensor data
[40,41]. Table 6.5 shows that this stage brought about real-time data-driven
updates, ongoing synchronization, and adaptive learning; however, the authority
to make decisions was mostly external to the digital twin.

Table 6.5 Evolution of Machine Learning Integration in Digital Twin
Systems, from Offline Supervised Predictors to Tightly Coupled, Learning-
Enabled Decision Architectures &l

Offline Online éeaz;)nllrclig—

Main Feature Supervised | Adaptive nante
: Autonomous
Models Learning :
Twins

Offline model training 1 0 0
Static predictive 1 0 0
components




Learning-

Offline Online
Main Feature Supervised Adaptive Enabled
: Autonomous
Models Learning :
Twins
Supervised learning 1 1 1
usage
Real-time data-driven 0 | 1
updates
Continuous state 0 1 1
synchronization
Model drift monitoring 0 1 1
Periodic or online 0 1 1
retraining
Unsupervised pattern 0 1 1
discovery
Anomaly detection 0 | 1
capability
Dimensionality reduction | 0 1 1
for high-dimensional
data
Reinforcement learning 0 0 1
integration
Policy optimization via 0 0 1
simulation
Autonomous decision 0 0 1
support
Safe learning via virtual 0 0 1
experimentation
Human oversight and 0 0 1

governance alignment




A value of 1 indicates native support for a capability, while 0 denotes its absence,
highlighting how adaptivity and autonomy emerge only with continuous state
synchronization and governance alignment.

Recently, it has been proposed that self-directed digital twins can be learned,
wherein machine learning models become core components of decision-making
rather than predictors [42]. Reinforcement learning has been adopted in order to
maximize policy by engaging with the digital twin environment. This also allows
for exploration of various control, scheduling, and inventory strategies without
interrupting physical operations [43]. The digital twins are virtual worlds that are
secure places to experiment and where the learning agent can assess the long-run
effects of actions in an environment of uncertainty [44]. This regime is
characterized by policy optimization via simulation, autonomy in decision
support, and a strong dependence on virtual experimentation, as shown in Table
6.5. Moreover, the literature within this category shows that autonomy can
function only when learning-based decisions are limited by governance
mechanisms, human oversight, and regulation at the system level [45]. Without
such alignment, there is potential for autonomous learning to lead to unsafe or
unbalanced actions relative to operating goals. As shown in Table 6.5, governance
alignment exists only in learning-enabled autonomous twins, emphasizing that
architectural coherence, not just the existence of better learning algorithms, is
critical to reliable autonomy.

6.2.5 Digital Twin Architectures and Data Pipelines

Early digital twin architectures were predominantly influenced by simulation
systems, cyber—physical systems, and industrial automation [46]. These were
designed with a series of layers between physical objects, digital models, and user
interfaces, primarily based on batch transfers from operational systems to the
analytical environments [47]. As Table 6.6 shows, although these architectures
could not provide real-time synchronization or continuous data pipelines, they did
not provide modular abstraction. As a result, they were not very responsive to any
time-sensitive monitoring or operational decision-making [48]. As industrial
connectivity and data integration technologies evolved, architectural research
began focusing on service-oriented digital twin frameworks in real time. Such
architectures provided continuous data pipelines, middleware-based integration,
and event-based data streaming, enabling near-real-time synchronization between
physical systems and digital systems [49]. The hybridization of cloud and edge
computing infrastructures progressed with the goal of balancing latency,
scalability, and computation. As Table 6.6 shows, this architectural regime marks



the onset of real-time synchronization and heterogeneous data support. However,
despite these trends, service-oriented architectures remained generally centrally
coordinated, missing modular microservice decomposition, federated
coordination, and explicit governance. The latest research has addressed these
limitations by creating modular and federated digital twin architectures for large-
scale, heterogeneous, and changing industrial systems. This paradigm decouples
the functions of a digital twin into loosely integrated microservices that provide
data ingestion, estimation, analytics, visualization, and decision support [30].
While hierarchy and federation allow for spatial, organizational, or functional
representation of subsystems through a variety of interrelated digital twins,
higher-level coordination is also available. The importance of such a pattern is
that it explicitly addresses data governance, semantic consistency, and version
control as important for continued use among several businesses and stakeholder
groups [31]. This model architecture is vital as it provides for data governance,
semantic consistency, and version control—critical elements for continuous use in
multi-enterprise and multi-stakeholder configurations [52]. The architectural
advancement is summarized in Table 6.6 using binary indicators (1 = supported, 0
= not supported), while keeping in mind that real-time synchronization alone does
not guarantee architectural coherence. The only coherence that can be achieved
occurs when continuous data pipelines, modular decomposition, federated
coordination, and governance are in sync. This observation directly leads to the
need for architectures such as SynDT that emphasize data pipelines and
architectural alignment as core design considerations rather than an afterthought
in implementation.

Table 6.6 Architectural Comparison of Digital Twin Systems, Illustrating the
Transition from Layered, Batch-Oriented Designs to Modular and Federated
Infrastructures with Continuous Data Pipelines <1

Early g(ealelme Modular and
Main Feature Layered ervice- Federated
: Oriented .
Architectures ) Architectures
Architectures
Layered separation of 1 1 1
physical and digital
components
Batch-oriented data 1 0 0
transfer




Real-Time

Early Sorvi Modular and
Main Feature Layered er'vzce— Federated
: Oriented )
Architectures ) Architectures
Architectures
Real-time data 0 1 1
synchronization
Continuous data 0 1 1
pipelines
Middleware-based 0 1 1
integration
Event-driven data 0 1 1
streaming
Cloud computing 0 1 1
integration
Edge computing 0 1 1
support
Modular functional 0 0 1
decomposition
Microservices-based 0 0 1
architecture
Support for 0 1 1
heterogeneous data
types
Standardized 0 1 1
information models
Interoperability across | 0 1 1
systems
Federated digital twin 0 0 1
coordination
Hierarchical multi- 0 0 1

scale representation




Early geelfzvllfgelme Modular and
Main Feature Layered . Federated
} Oriented )
Architectures . Architectures
Architectures
Data governance and 0 0 1
version control

Binary indicators (1 = supported, 0 = not supported) highlight the architectural
capabilities that enable scalable, real-time digital twin operation.

6.2.6 Scalability, Deployment, and Organizational
Considerations

Early digital twin implementations were largely pilot tests aimed at demonstrating
technical efficacy in limited use cases [33]. As described in Table 6.7, these
deployments were often individual- or process-specific, relatively small, and
more of a proof of concept than permanent implementation. While these pilots
showed the merits of digital twins, we did not learn much about how to build
systems such as these beyond very small spaces or how to maintain them in
service. Since the digital twin dimension was beginning to grow and the model
fidelity was growing, it was time to shift to technical implementation strategies
with a variety of flexible applications. In Table 6.7, the transition to real-time data
integration, higher-fidelity modeling, and computational efficiency were the main
concerns [54]. Archaeologists proposed methodologies based on hierarchical
decomposition, selective synchronization, and cloud-edge workload distribution
to address the growing complexity [55,56]. Similarly, incremental rollout efforts
were initiated to gradually convert digital twins from descriptive monitoring tools
to predictive and prescriptive systems [37]. Even though these models provided
increased scalability and responsiveness, they generally viewed deployment as a
technical problem, with little consideration given to organizational embedding.
The issue of organizational integration has only been explored in recent research
with the intent of ensuring sustained operational value. The capability to
coordinate across functions, linkage to decision-making, data governance
regimes, and workforce skill fusion emerge only at this point [38,59]. Aiming to
address this issue is to find that without the right to ownership, accountability,
and governance, digital twins are likely to become technically advanced but
operationally marginalized artifacts. Organizational mechanisms beyond technical



design are needed to manage model maintenance over time, technical debt, and
multi-enterprise deployment [60].

Table 6.7 Maturity Progression of Digital Twin Deployment from Pilot-Scale
Technical Feasibility to Organizationally Integrated, Sustainable Systems <

Early Pilot- ica;laéle / Organizationally
Main Feature Oriented echnicd Integrated
: Deployment S :
Implementations ) Digital Twins
Strategies
Pilot-scale 1 0 0
deployment
focus
Limited system | 1 0 0
scope
Emphasis on 1 1 0
technical
feasibility
Real-time data 0 1 1
integration
High model 0 1 1
fidelity
Computational 0 1 1
efficiency
optimization
Hierarchical 0 1 1
decomposition
Selective 0 1 1
synchronization
Cloud-edge 0 1 1
workload
distribution
Incremental 0 1 1
rollout strategy




Early Pilot- L;ca}llal?le / Organizationally
Main Feature Oriented ecnnicd Integrated
: Deployment S :
Implementations ) Digital Twins
Strategies
Cross- 0 0 1
functional
coordination
Alignment with | 0 0 1
decision
processes
Data 0 0 1
governance
frameworks
Multi- 0 0 1
enterprise
deployment
support
Workforce skill 0 0 1
integration
Long-term 0 0 1
model
maintenance
Technical debt 0 0 1
management
Focus on 0 0 1
sustained
operational
value

Binary indicators (1 = supported, 0 = not supported) highlight how sustained
operational value emerges only when scalability mechanisms are coupled with
organizational coordination and governance.




6.2.7 Interoperability, Semantic Modeling, and
Standardization in Digital Twin Systems

Prioritizing syntactic compatibility between diverse systems over semantic
alignment of model meaning and decision intent, early digital twin research
approached data interoperability as a technical data-exchange challenge [61].
Early implementations depended on hard-coded mappings between sensors,
enterprise systems, and simulation models, proprietary schemas, and point-to-
point adapters, as Table 6.8 summarizes. Although limited data transfer was made
possible by these methods, their weak integrations, poor reusability, and high
maintenance costs significantly hindered scalability and adoption by multiple
stakeholders [62].

Table 6.8 Evolution of Interoperability and Semantic Modeling in Digital
Twin Systems <1

Proprietary Semantic Governance-
Main Feature Data Model-Based | Aligned
Integration Twins Interoperable Twins
Proprietary/custom | 1 0 0
data schemas
Point-to-point 1 0 0
system adapters
Standardized 0 1 1
information
models
Ontology-based 0 1 1
semantic
representation
Reusable digital 0 1 1
twin components
Platform- 0 1 1
independent
integration




Proprietary Semantic Governance-

Main Feature Data Model-Based | Aligned
Integration Twins Interoperable Twins

Federated multi- 0 0 1

enterprise support

Decision logic 0 0 1

semantics

encoding

Policy and 0 0 1

constraint

representation

Governance-aware | 0 0 1

data contracts

Versioned 0 0 1
semantic models

Long-term model 0 0 1
consistency

Binary indicators (1 = supported, 0 = not supported) highlight how sustained
multi-enterprise coordination emerges only when semantic alignment and
governance are explicitly integrated.

Semantic interoperability, in which data, models, and analytics are
synchronized not just at the format level but also at the conceptual level, is
necessary for scalable digital twins, according to later research [63]. In order to
represent physical assets, processes, and system states using common semantic
concepts, this phase developed standardized information models and domain
ontologies. Reusable model components, platform-independent integration, and
improved traceability between digital abstractions and physical processes were
made possible by frameworks like Asset Administration Shells, industrial
reference architectures, and ontology-driven digital twins. Although decision
logic and governance remained weakly tied, this paradigm facilitated cross-
system communication and allowed for consistent representation of system
entities, as Table 6.8 demonstrates. In recent work, digital twins clearly encode
not just asset semantics but also decision intent, constraint logic, uncertainty
semantics, and policy rules within standardized representations, expanding



semantic modeling toward decision-aware interoperability. This paradigm
facilitates federated digital twin ecosystems, which allow several firms to
collaborate while sharing system-level decision-making processes without
disclosing private raw data. Digital twins can remain consistent over time, even
when physical systems, data streams, and analytics pipelines change thanks to
semantic contracts, versioned ontologies, and governance-aligned data schemas.

To allow these digital twins to serve as long-term multi-enterprise decision
infrastructures rather than analytical platforms, semantic and governance-aware
interoperability is a critical architectural requirement, as noted in Table 6.8. This
directly echoes SynDT’s architecture philosophy, where abstractions are anchored
in governance and semantically coherent pipelines to support shared coordination,
interpretation, and cross-scale synchronization at all levels of manufacturing and
supply chain.

6.3 Materials and Methods

6.3.1 Dataset Descriptions

We use two publicly available datasets that show very different operational layers
to test SynDT as a coherent, multi-scale digital twin framework (see Table 6.9).
These datasets show (i) asset-level manufacturing dynamics and (ii) system-level
supply chain conditions. The fact that these two things go together on purpose
shows the main point of the chapter: that architectural coherence should be
examined across a range of decision scopes, temporal resolutions, and data
semantics—not just one area.

Table 6.9 Summary Statistics of the Datasets Used to Evaluate SynDT, Highli;
Scale, Temporal Resolution, and Feature Dimensionality across Asset-Level M
System-Level Supply Chain Data £

Dataset Domain Samples/Entities Time : Features
Scope Resolution

NASA Asset-level 100 Engines Per 21 Sensors

C- manufacturing operational | + 3

MAPSS cycle settings




Dataset Domain Samples/Entities Time : Features
Scope Resolution
World System-level ~160 Countries Biennial Six
Bank supply chain indicators
LEl (+
composite)

The National Aeronautics and Space Administration (NASA) published the
NASA C-MAPSS Turbofan Engine Degradation Dataset, which is the dataset for
the manufacturing layer [64]. The dataset includes recordings of multiple time
series from simulated turbofan engines running in different modes and with
different types of faults. Each engine instance is shown as a series of operational
cycles, and sensor data records thermal, mechanical, and performance-related
information over time. There are 100 engine instances in the dataset, and each
one is observed until it breaks down. Each cycle has 21 sensor channels and three
operational setting variables. The lengths of sequences vary from engine to
engine, ranging from about 130 to 360 cycles. This shows that the degradation
paths are different. At the engine level, we use a 70%/15%/15% train-validation-
test split to prevent temporal leakage across degradation trajectories. This is in
line with established prognostics benchmarks. This dataset is suitable for
evaluating asset-level digital twins because it includes gradual degradation,
behavior that depends on the regime, and temporal dependencies, all of which are
important for condition monitoring and predictive maintenance. The supply chain
layer is the Logistics Performance Index (LPI) dataset of the World Bank [65]. It
has country-level indicators that measure how well the logistics system is
working every two years. This data set consists of six key measures: customs
efficiency, infrastructure quality, international shipments, logistics competence,
tracking and tracing, and timeliness. These indicators are combined into a
composite index. Between 2007 and 2023, measures were taken every two years
in over 160 countries and constituted about 1,200-year-old records. Unlike
transactional supply chain data, the LPI’s structural and institutional logistics
conditions are looked at rather than short-run operational events. This makes it
useful for system-level digital twin representations, where macro-level constraints

dataset is an additional context layer in SynDT that has implications for
manufacturing decisions but does not directly impact asset behavior.



6.3.1.1 Dataset Preprocessing

The goal of preprocessing was to keep the original temporal structure and
semantic meaning of each dataset, while also making sure that they could be
easily integrated into the SynDT architecture. Instead of using a standard
transformation pipeline, decisions about preprocessing were made based on the
unique features of each dataset. This method recognized that asset-level sensor
data and system-level logistics indicators serve different purposes. For the NASA
C-MAPSS dataset, each engine instance was treated as a separate degradation
trajectory indexed by operational cycle. The dataset is created in a controlled
simulation environment, which guarantees that all sensor readings are complete
and in the right order. So, there are no missing values, and no imputation was
needed. We used z-score normalization to standardize sensor readings and prevent
information leakage. We only calculated the mean and variance on the training
split. We kept the operational setting variables the same so that we could see how
the sensors behaved in different regimes. We removed sensors that didn’t change
much between cycles, which brought the number of sensor channels down from
21 to 14. There was no temporal smoothing, interpolation, or window
aggregation, which kept the fine-grained degradation dynamics across sequences

dataset, preprocessing was done in a way that matched its structure based on
macro-level indicators. The dataset has observations every two years at the
country level. Some entries are missing because the survey didn’t cover all
countries, not because the data was corrupted. The percentage of missing country-
year observations is between 8% and 12%, depending on the indicator. These
entries were left out instead of being filled in. To make sure that the numbers
could be compared during integration, all six LPI indicators were kept and
linearly normalized to fit within the [0, 1] range. We limited the indicator weights
to the range [0.15, 0.25] and made sure they added up to one so that no single
logistics dimension would control system-level behavior. Temporal aggregation
was only used to align biennial observations with longer analysis periods of 2—4
years, which is how LPI indicators are structured. We kept outliers because
extreme values often show real differences in the way national logistics systems
work. Table 6.10 shows only the numerical preprocessing parameters for both
datasets. These choices preserve the temporal fidelity of assets and the structural
meaning of systems, allowing SynDT to operate across different scales while still
being easy to understand and keeping the architecture consistent.

Table 6.10 Numerical Preprocessing Parameters for the Datasets Used in
SynDT {4




Preprocessing Step NASA C-MAPSS World Bank [ P]

Data granularity Per operational cycle Biennial country
level

Missing value handling | None (dataset complete) [ Restricted to
observed years

Normalization method Z-score (train split only) | Min—max scaling to
[0, 1]
Feature selection Low-variance sensors All indicators
removed (21 — 14) retained
Operational context Operating settings Indicator semantics
handling preserved preserved
Temporal Not applied Not applied
smoothing/Interpolation
Temporal aggregation Not applied Multi-year alignment
only
Outlier handling Not applied Not applied
Weighting constraints Not applicable 0.15-0.25 per
indicator
Preprocessing objective | Preserve degradation Preserve structural
dynamics logistics meaning
6.3.2 Model Analysis

It explains SynDT, a proposed synchronized, multi-scale digital twin architecture,
and how to achieve architectural coherence across multiple data streams,
abstraction levels, and decision horizons. SynDT’s design addresses the
Architectural Coherence Gap discussed in Section 6.1 by linking asset-level
temporal modeling and system-level supply chain representations into a single,
modular architecture.

6.3.2.1 Multi-Scale Digital Twin Representation



SynDT supports the presence of digital twin representations that are explicitly
disjointed but synchronized across scales of operation. Digital twins are
instantiated at the asset level in the manufacturing layer, in which multivariate
time-series sensor data is correlated with virtual copies of physical equipment. An
asset-level digital twin is coupled to a latent internal state that identifies current
operating conditions, degradation accumulation, and regime-specific context from
historical behavior. Temporal dependence is clearly maintained, allowing the
digital twin to account for gradual processes like wear, drift, and performance
degradation rather than observe them as discrete events. SynDT constructs digital
twins at the system level based on log-aggregated logistics features that describe
the outside world in which manufacturing assets operate. Structural constraints,
logistics performance, and regional variability are presented in these figures but at
much larger time scales. Instead, system-level twins are contextual boundary
models that affect planning horizons, inventory location, and risk exposure rather
than transactional supply chain details. This separation also ensures that asset-
level calculations are comprehensible while allowing manufacturing decisions to
adapt to changes in a wider supply chain context.

6.3.2.2 Cross-Scale Synchronization and Coupling

A synchronization mechanism accommodates variations in time resolution, data
frequency, and abstraction between digital twins at the asset level and those at the
system level. As illustrated in Figure 6.2, state-level attributes are periodically
grouped to produce performance indicators at the facility or system level.
Alternatively, system-level conditions limit and transform the configuration of
asset-level decision variables. This double-edged connection ensures that local
operational knowledge is always compared to system-wide conditions. External
disruptions, such as variations in logistics performance or supply constraints,
impact asset-level planning and scenario analysis. Conversely, the collective
behavior of assets influences higher-level assessments of capacity, risk, and
responsiveness. By managing synchronization directly instead of forcing all
layers to be in sync, SynDT maintains semantic integrity across layers and
enables coherent reasoning across scales.
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Figure 6.2 Cross-scale synchronization mechanism in SynDT
illustrating bidirectional coupling between asset-level digital twins
and system-level supply chain representations. Asset states are
aggregated upward to inform facility- and network-level indicators,
while system-level constraints propagate downward to condition
asset-level decision variables, enabling coherent multi-scale
reasoning. <1

6.3.2.3 Layered Architecture and Data Flow

As depicted in Figure 6.3, the architecture of SynDT is organized into layers, with
each layer fulfilling a specific function and designed to be loosely coupled for
enhanced scalability and extensibility. The data ingestion and integration layer
takes on the responsibility of acquiring, validating, and aligning diverse data
sources, including high-frequency sensor streams and low-frequency contextual
indicators. This layer ensures that consistent schema, temporal alignment, and
quality checks are in place prior to data input into the modeling environment. The
modeling layer contains digital twin representations at multiple abstraction levels.
While information-based components are based on physical observations and are
rooted in known system interactions and constraints, data-driven components can




identify patterns and dependencies that are difficult to analyze. With this hybrid
formulation, SynDT can adjust to observed behavior while still being
interpretable and physically plausible.
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Figure 6.3 Layered architecture of SynDT showing the separation
and interaction of data ingestion, modeling, simulation, and
analytics layers. The architecture supports heterogeneous data
sources, hybrid physics- and learning-based models, and scalable
execution while preserving architectural coherence across
abstraction levels. &1

6.3.2.4 Simulation and Scenario Execution

The simulation layer also provides for two different ways to run the digital twin.
During synchronized execution, the digital twin watches and reacts to the data
and constantly adjusts its state in the background to that of the actual system.
When the digital twin is running in accelerated mode, it works within a short time
to test various maintenance strategies, production schedules, or supply chain
issues. Explicitly managing the dependencies between models at the asset and
system levels ensures consistent state propagation across layers. Uncertainty
caused by changes in data and modeling assumptions is spread through
simulation runs. This lets you perform risk-aware analysis instead of relying on



deterministic point estimates. This feature allows SynDT to perform what-if
analyses and stress testing in one place.

6.3.2.5 Analytics and Learning Integration

The analytics layer utilizes the information produced by the simulation layer to
provide insight into model states for use in decision-making. At this level of
analysis, it supports both trend analysis and the detection of anomalies, as well as
comparative evaluation of various scenarios. Rather than making prescriptive
recommendations as to what course of action to take, the analytics serve instead
as structured evidence of trade-offs across multiple dimensions of performance
and provide a basis for informed human judgment when faced with uncertainty.
As demonstrated in Figure 6.4, machine learning components are built using a
lifecycle-managed learning framework. Predictive models utilize both historical
and simulation-based data, and they are tested against withheld observations prior
to incorporation into digital twin components. The behavior of models is kept
consistent with the observed dynamics of the system through ongoing monitoring,
and retraining is performed in a controlled manner once there is drift or
degradation in the model. This approach allows learning components to remain
adaptive while ensuring stability within the representation of the complete
system.
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Figure 6.4 Execution and learning workflow in SynDT. Digital twin
states evolve through synchronized and accelerated simulation
modes, feeding an analytics layer for scenario comparison and
decision support. Machine learning components are integrated via
lifecycle management to ensure adaptivity while maintaining
alignment with observed system dynamics and governance
constraints. <

6.3.2.6 Interaction, Visualization, and Governance

SynDT’s uppermost level creates interaction and visual interfaces that
accommodate users in specific roles. The interfaces display the system’s state,
trends within the system, and possible outcomes based on likely future scenarios.
They also provide visibility into the data sources used in deriving decisions, as
well as model assumptions regarding influencing factors. Access control
mechanisms are provided so that users can view only sensitive information about
the results relevant to their role; thus, the access control mechanism provides
improved governance and accountability for organizations that include many
different stakeholders. By decoupling user interaction and visualization from the
core simulation and modeling logic, SynDT ensures that all components that are



visible to users are allowed to evolve separately from each other, while neither of
these developments impacts the architecture’s integrity or affects the validity of
user analysis.

6.4 Experimental Setup

6.4.1 Evaluation Metrics

The goal of SynDT’s evaluation is to reflect its main goal: to close the
Architectural Coherence Gap by making reliable forecasting, scalable
implementation, and decision-relevant influence possible across different
operational scales. As a result, there are three complementary dimensions for
evaluation metrics (see Figure 6.5): predictive fidelity, computational feasibility,
and operational impact. Together, these dimensions assess the correctness,
deployability, and real-world relevance of the analysis.
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Figure 6.5 Evaluation workflow for SynDT illustrating the
relationship between predictive fidelity, computational feasibility,
and operational impact. Metrics are computed across synchronized
and accelerated execution modes to assess accuracy, scalability, and
decision relevance under realistic operational constraints. <1

6.4.1.1 Predictive Fidelity

Predictive fidelity checks how well SynDT can capture and predict how a system
will behave at both the asset level and the system level. We compare predictions
of how asset-level digital twins will degrade over time using the NASA C-
MAPSS dataset to actual trajectories over several forecast horizons. Metrics show
how important both absolute deviation and systematic bias are. They make sure
predictions do not always overestimate or underestimate remaining useful life or
degradation trends. This difference is important in practice, because biases in
predictions may mean that maintenance is performed too late or interventions are



delayed even when the average error is still acceptable. The assessment is focused
on finding the correct balance between true detections and false signals for events
such as anomaly detection or transitions in degradation phases. When there are
too many false positives, operators give up and make more unnecessary changes.
But when too many false negatives are present, systems are at greater risk. To
ensure the robustness of performance in both normal and stressful situations, it is
tested across a number of different operating modes. This assessment, considering
regimes, is in line with SynDT’s time-series approach rather than prediction
independent of points.

6.4.1.2 Computational Feasibility

Computational feasibility tests are conducted to ensure that SynDT can function
in the obtainable time and infrastructure. The metrics include the time it takes to
update the state, the time it takes to run the simulation, and the time it takes to
consume and analyze the data. Latency during continuous data inflow is
important since digital twins are operational and must respond within planning
and control cycles, not just batch processing cycles. To check for scalability, you
can gradually expand the system scope by adding asset instances, expanding the
time window, or adding more supply chain contexts. The impact these changes
have on computation time and resource use can then be evaluated. This paper has
shown that the consistency of the architecture does not require a lot of CPU
power. Typically, these measurements are drawn from synchronized or
accelerated execution modes, as shown in Figure 6.5, to ensure that they are
suitable both for monitoring and analysis of situations in real time.

6.4.1.3 Operational Impact

The operational impact measures the extent to which the insights that SynDT
gives deliver real-world improvements in system performance rather than
providing specific technical outputs. In manufacturing, this means increasing
availability of assets, stable maintenance schedules, and minimizing unexpected
downtime. In the supply chain, this is considered in relation to managing a
stronger connection of production decisions to the transport environment, being
more resilient to disruption, and minimizing variability within planning
outcomes. Importantly, stability is important in evaluation along with average
performance. Industrial decision-support systems require the ability to predict and
replicate outcomes. Thus, the measure of effectiveness is considered to be
minimizing variance. These three categories of metrics, when considered
together, yield a balanced evaluation of SynDT’s analytical validity, practical
deployability, and decision relevance.



6.4.2 Hyperparameters

In SynDT, hyperparameter configuration is guided by two principles: operational
realism and analytical stability. This chapter is more about making sure that the
architecture is consistent than about aggressively improving each predictive
model. So, hyperparameters are chosen carefully and according to best practices.
This method makes it easier to reproduce results and prevents models from fitting
too closely to specific datasets or operating conditions. Table 6.11 shows the
numerical hyperparameter settings used for asset-level, system-level, and cross-
layer components. For asset-level digital twins using the NASA C-MAPSS
dataset, the lengths of the temporal sequences for learning degradation dynamics
are set to be between 30 and 50 operational cycles. This range includes the slow
buildup of wear while avoiding too much smoothing, which could slow down
responsiveness. Every operational cycle, the model’s state is updated, ensuring
that the states of virtual assets change in line with what is observed in the real
world. Sensor normalization is based on statistics that are calculated only from
the training population. The learning rates for predictive components are limited
to the range of 0.001-0.01, which lets the model adapt slowly while maintaining
stable convergence. The regularization strength is set to low to moderate, which is
similar to how the dataset is structured but not real. Training lasts for 30—40
epochs, and early stopping is used to make sure that convergence is stable. One
NVIDIA Tesla V100 GPU runs the model. When digital twins are constructed at

dataset’s macro-scale and low-frequency traits. Temporal aggregation windows
are aligned with the dataset’s biennial resolution, treating indicators as reflections
of structural logistics capacity instead of transient variations. Individual weights
are kept between 0.15 and 0.25, and indicator weights are normalized so that their
total is one. This makes sure that no single part of logistics can take over. Cross-
layer synchronization parameters manage how data is exchanged between asset-
level and system-level twins. To deal with the difference between high-frequency
sensor data and low-frequency logistics indicators while keeping computational
costs low, update intervals for cross-scale coupling are purposely set to cover
multiple operational cycles. The simulation’s hyperparameters set limits on
scenario horizons and acceleration factors that are small multiples of real time.
This keeps the simulation easy to understand and follow. Historical variability is
used to set the parameters for uncertainty propagation, which supports risk-aware
analysis while preventing volatility from going up.

Table 6.11 Numerical Hyperparameter Configuration Used in SynDT &




Component Scope Hyperparameter Value/Range

Asset level (C- Temporal sequence length 30-50 cycles

MAPSS)

Asset level (C- State update frequency 1 cycle

MAPSS)

Asset level (C- Learning rate 0.001-0.01

MAPSS)

Asset level (C- Regularization strength Low—moderate

MAPSS)

Asset level (C- Normalization statistics Training split

MAPSS) only

System level (LPI) Temporal aggregation 2 years
window

System level (LPI) Indicator weight sum 1.0

System level (LPI) Individual indicator weights 0.15-0.25

Cross-layer integration | Synchronization interval Multiple cycles

Simulation execution Scenario horizon Bounded

Simulation execution Acceleration factor Modest (>1x%)

Uncertainty modeling Variability bounds Historical

Values are selected to reflect dataset temporal scales and architectural constraints,
ensuring stable execution and reproducible evaluation rather than task-specific
tuning.

6.5 Results and Analysis

6.5.1 Comparison with State of the Art

This section assesses SynDT against representative state-of-the-art asset-level
digital twins, system-level simulation-based supply chain models, and hybrid
analytics pipelines to determine whether architectural coherence yields



measurable enhancements in predictive stability, scalability, and operational
relevance, as opposed to just marginal accuracy improvements. To ensure a fair
comparison, all baselines are assessed using the same data splits, preprocessing
methods, and infrastructure limitations. The NASA C-MAPSS dataset is utilized
to evaluate the prediction of asset-level degradation. While isolated Long Short-
Term Memory prognostics yield an Root Mean Square Error (RMSE) of 23 .4,
MAE of 18.9, bias of 4.2, and variance of 6.8, physics-based RUL models show

RMSE values of 26.1, MAE values of 20.7, bias values of 5.1, and variance
values of 7.4. For hybrid asset twins lacking cross-scale synchronization, the error
metrics are as follows: RMSE is 21.6, MAE is 17.3, bias is 3.6, and variance is
5.9. In contrast, SynDT achieves the lowest RMSE of 18.2, MAE of 14.8, bias of
1.9, and variance of 3.7, indicating its superior temporal coherence, predictive
stability, and consistent asset-level performance across diverse operating
conditions (see Figure 6.6).
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Figure 6.6 Asset-level degradation prediction performance on the
NASA C-MAPSS dataset. Results report mean error and stability
metrics across forecast horizons. Lower error and variance indicate
improved temporal coherence. &




This section assesses the robustness of system-level planning in the face of
logistics variability, utilizing scenarios driven by the World Bank [ PI, as outlined

in Figure 6.7. The aim is to ascertain whether architectural coherence enhances
the stability of operational decision outcomes. To guarantee methodological
consistency, all baseline frameworks are evaluated using the same preprocessing
pipelines, evaluation windows, and infrastructure limitations. The simulation of a
static network shows the greatest variability, with a cost variance of 18.6%,
service-level standard deviation of 9.4%, and replanning frequency of 5.8.
Operational supply chain twins decrease instability to a cost variance of 13.2%,
service-level deviation of 6.7%, and replanning frequency of 4.1. Hybrid
analytics pipelines enhance robustness, resulting in a cost variance of 11.5%, a
service-level standard deviation of 5.9%, and a replanning frequency of 3.6.
Conversely, SynDT (system layer) exhibits the highest level of robustness, with a
cost variance of 7.8%, service-level standard deviation of 3.1%, and replanning
frequency of 2.2. The outcomes corroborate that coordinated synchronization
across different scales and modular architectural alignment significantly lessen
sensitivity to external logistical disturbances. This facilitates more stable,
consistent, and predictable system-level planning behavior in the face of diverse
and uncertain supply chain circumstances.
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Figure 6.7 System-level planning robustness evaluated using World
Bank LPI-driven scenarios. Metrics reflect variability of planning
outputs under external logistics perturbations. <

The results summarized in Figure 6.8 are used to evaluate the end-to-end
operational impact across manufacturing and supply chain contexts, assessing
whether architectural coherence produces tangible performance improvements
beyond isolated analytical gains. All frameworks that were compared are
evaluated based on the same deployment assumptions and baseline planning
systems. Digital twins that focus solely on assets can reduce downtime by 12%—
18%, inventory costs by 6%—10%, and cycle times by 9%—14%. Supply chain
twins indicate downtime reductions of 10%—15%, improvements in inventory
costs of 12%—18%, and cycle time reductions of 8%—12%. With hybrid, loosely
coupled pipelines, performance is enhanced further, leading to an 18%—22%
decrease in downtime, a reduction in inventory costs of 14%—-19%, and cycle time
improvements of 15%—-20%. In contrast, SynDT provides the most substantial
end-to-end impact, with downtime reductions of 20%—-35%, inventory cost
reductions of 15%-25%, and cycle time reductions of 25%—30%. The results
show that synchronized cross-layer modeling and modular architectural alignment
lead to consistent, scalable, and operationally meaningful improvements across
diverse manufacturing and logistics environments when subjected to real
deployment constraints.
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Figure 6.8 Aggregate operational impact across manufacturing and
supply chain contexts. Values report relative improvements over
baseline planning systems. <1

6.5.2 Cross-Domain Analysis

This section evaluates SynDT’s generalization capacity across domains, including
whether architectural coherence is sufficient to ensure consistent behavior when
signals at the asset and system levels interact under different conditions.

Using the results presented in Figure 6.9, cross-domain predictive stability is
examined by looking at the joint effect of manufacturing and logistics conditions
on prediction across operating contexts. For consistency of methodology, all
comparative frameworks are assessed using the same preprocessing pipelines, a
synchronized window of evaluation, and shared infrastructure constraints. Among
isolated models, manufacturing variance is 7.2, logistics variance is 6.9, and joint
variance is 9.8, with significantly higher sensitivity to cross-domain disturbances.
Without synchronization, hybrid pipelines exhibit less instability, with
manufacturing variance of 5.8, logistics variance of 5.4, and joint variance of 7.1.
SynDT, on the other hand, is the most robust across domains, with a




manufacturing variance of 3.4, logistics variance of 3.1, and joint variance of 4.2.
These reductions also provide evidence of the dramatic increase in predictive
stability that occurs with coordinated synchronization and architectural alignment
across abstraction layers. These results suggest that coherence at various scales
can serve as a buffer against interdomain volatility. This makes it easier to make
informed decisions, draw better inferences, and be more consistent with
prediction in manufacturing and logistics operations at a converged state of
operation.
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Figure 6.9 Stability of predictive behavior when manufacturing and
logistics conditions vary jointly. Lower variance indicates robust
cross-domain integration. <

The simulations of ALPI perturbations discussed in Figure 6.10 show that
manufacturing decisions are sensitive to external logistics shocks and
demonstrate the buffering effect of architectural alignment across digital twin
systems. All models are evaluated under the same preprocessing pipelines,
evaluation horizons, and infrastructure configuration to ensure an equitable
comparison. The most sensitive digital twins are asset-only, with a sensitivity
coefficient of 0.84. This suggests that logistics disruption is strongly related to



manufacturing instability. Hybrid analytics pipelines reduce this sensitivity to
0.61, suggesting partial buffering through loosely coordinated analytical
components. In contrast, SynDT has the highest resistance to logistics shocks,
with a sensitivity coefficient of 0.39. These findings confirm the importance of
synchronized cross-layer coordination in minimizing the influence of logistics
disruptions from outside the domain on decision-making at the asset level.
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Figure 6.10 Sensitivity of manufacturing decisions to simulated
logistics disruptions (ALPI). Lower sensitivity indicates better
buffering through architectural alignment. <

The agreement scores in Figure 6.11 indicate consistency of decisions between
domains, investigating the consistency of asset-level and system-level
recommendations across operating conditions. To ensure consistency of
methodology, all comparative frameworks are assessed using the same
preprocessing pipelines, evaluation horizons, and infrastructure constraints.
Independent models have a consistency score of 0.62, indicating a lack of
coordination between local asset predictions and system recommendations.
Hybrid pipelines achieve the consistency score of 0.74, improving alignment by
partially including analytical elements. On the other hand, SynDT has the highest




cross-domain coherence at 0.88. The results suggest that synchronization and
modular architectural alignment significantly improve decision agreement across
abstraction levels. They also suggest that cohesive cross-scale coordination
reduces conflicting recommendations, provides greater definability, and allows
more uniform and trusted operational decision-making in manufacturing and
supply chain industries that operate within dynamically changing and inexact
systems.
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Figure 6.11 Consistency of decisions across domains, measured as
agreement between asset-level and system-level recommendations.
A

6.5.3 Ablation Study

This section helps to isolate the sources of performance gains by removing
architectural components from SynDT in a systematic fashion. As expected, the
ablation is architectural, not algorithmic, which is the motivation for this chapter.
We then calculate the relative degradation from the original SynDT
configuration in Table 6.12, based on the ablation results, and observe how the




removal of architectural elements impacts prediction. To maintain consistency in
analysis, all ablated variants are evaluated using the same preprocessing
pipelines, training procedures, and evaluation horizons. The complete SynDT

The worst degradation results occur when cross-scale synchronization is omitted;
namely, RMSE increases by +18% and the bias increases by +22%. This is
evidence of the importance of coordinated multi-scale coupling. But given that
the constraints are physics-driven, the RMSE increases by 12% and the bias
increases by 17%, so that physical plausibility and stability are lower. Excluding
learning lifecycle management results in a +9% increase in RMSE and a +4%
increase in bias, indicating less adaptability and drift control. These results also
show that the ability to predict is enhanced by coordinated architectural design
rather than modeling alone. This emphasizes the necessity of synchronization,
physical limitations, and lifecycle governance to ensure stable and impartial
behavior for digital twins.

Table 6.12 Ablation of SynDT Components on Predictive Fidelity <1

Configuration RMSE Increase | Bias Increase
Full SynDT 0% 0%

— Cross-scale synchronization +18% +22%

— Physics-informed constraints +12% +17%

— Learning lifecycle management | +9% +14%

Values report relative degradation from the full model.

As shown in Table 6.13, latency and memory usage effects were assessed to
evaluate the computational viability of SynDT as manipulated under architectural
ablation and to assess scalability degradation from structural ablation. This allows
for methodological consistency in that all configurations have the exact same
infrastructure resources, preprocessing pipelines, and execution schedule. The
entire SynDT architecture is the determinant, and it shows both latency and
memory use. Omitting the modular architecture leads to the greatest degradation
in computation, leading to more than a 31% increase in latency and more than a
27% increase in memory usage. This change highlights the loss of effective
functional decomposition and service-level isolation. As a result, there is an over
249% greater latency and more than 19% more memory used by those who



eliminate federated coordination, suggesting a decrease in scalability between the
multi-digital twin components. These data reveal that modular decomposition and
federated coordination are important architectural techniques for efficient
computational performance, scalable execution, and manageable resource use.
The results confirm that architectural coherence is a key factor in practical
deployability, guaranteeing that digital twin infrastructures are responsive,
scalable, and resource-efficient in the context of heterogeneous and large-scale
industrial operations.

Table 6.13 Effect of Architectural Ablations on Latency
and Scalability &

Configuration Latency 1| Memory Usage |
Full SynDT Baseline Baseline

— Modular architecture +31% +27%

— Federated coordination | +24% +19%

The responsiveness to architectural ablation of the operational outcomes is
evaluated by studying the degradations in performance, as shown in Table 6.14,
considering the impact of the removal of coordination and governance
mechanisms on real-world impact. To provide methodological consistency, all
configurations are evaluated on the same assumptions about deployment,
evaluation horizons, and baseline planning systems. Since the whole SynDT
configuration is planning based on low variability, downtime reductions of 20%—
35% are consistent, and therefore the increase in operations can be predictable.
Until cross-scale synchronization is eliminated, performance declines: downtime
increases to 8%—14%, and planning variability goes up tremendously. The
elimination of organizational alignment also reduces effectiveness, and downtime
decreases by 10%—16% under medium planning variability. The results suggest
that sustained operational value is dependent on governance-aware
synchronization and coordinated architectural design, as well as predictive
accuracy. This study supports the idea that architecture can be coordinated and
highly dependable in providing flexible, stable, and scalable decision support for
digital twins in an interdimensional manufacturing and supply chain context, one
of a high degree of dynamism and uncertainty.

Table 6.14 Operational Performance Degradation under Ablation <&




Configuration Downtime Reduction | Planning Variability
Full SynDT 20%—-35% Low

— Cross-scale sync 8%—14% High

— Organizational alignment | 10%-16% Medium

6.6 Conclusion and Future Works

This chapter considered digital twins as architectural decision infrastructures, not
as isolated simulations or tools for specific analysis. Through the analysis of
existing work across manufacturing, supply chains, machine learning integration,
and deployment practice, the Architectural Coherence Gap emerged as a
persistent limitation in existing approaches. This disparity is defined as a
mismatch between streams of real-time data, abstraction levels of models, and the
decision horizon. This misunderstanding is what drives many digital twin
implementations to be fragile, difficult to scale, and inconsistent with decision-
making within an organization, even with advances in sensing, modeling, and
analytics. To combat this, the chapter addressed SynDT, a synchronized, multi-
scale digital twin framework that explicitly ties asset-level temporal modeling to
system-level supply chain representation through modular data pipelines and
coordinated simulation layers. Unlike previous predictive techniques that focus
on isolating accuracy, SynDT treats synchronization, abstraction boundaries, and
cross-layer coupling as important design considerations. Ultimately, the empirical
results demonstrated that when architectural coherence is maintained, digital
twins have a stronger predictive capability, more robustness in adverse
conditions, and a significantly greater operational impact. SynDT dramatically
reduced unforeseen downtime, inventory holding costs, and variability in
planning in multiple manufacturing and supply chain contexts without the use of
aggressive model tuning or heuristics for specific domains. One of the key
findings from both the comparative and ablation studies is that performance
improvements cannot be associated with a single model element. They are the
result of coordination between temporal alignment, modular architecture, hybrid
physics—learning representations, and governance-aware deployment. Even in
unchanged prediction models, the synchronization, organizational alignment, or
lifecycle management processes were greatly depleted. These results support the
thesis presented in this chapter: “Architectural coherence rules the efficiency of
digital twins at scale but not model sophistication itself”. This, of course,
suggests other directions for future work. First, adding SynDT to include more



complex real-time enterprise data, such as transactional procurement,
transportation telemetry, and demand signals, would further integrate operational
execution and system-level planning. Second, further study of governance-aware
learning is needed, particularly with digital twins becoming more autonomous by
providing modeling on the model lifecycle, accountability, and human-in-the-loop
control. Third, the development of standards for interfaces and interoperability for
federated digital twins continues to be a challenging task, especially in multi-
enterprise supply chains, where data sharing is an unavoidable limitation.
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7.1 Introduction

When there 1s uncertainty, supply chain optimization means making decisions
that work together across demand forecasting, inventory control, pricing, and
logistics planning. Machine learning (ML) is a good way to improve these
decisions because there is a big amount of large-scale transactional data available,
computing infrastructure is getting better, and businesses are going digital.
Modern supply chains work in environments where demand is unpredictable,
product life cycles are short, supplier networks are multi-echelon, and logistics
systems are limited in their capacity. In these cases, static assumptions and
deterministic planning rules are often not followed [1]. Standard optimization
techniques, such as linear programming, statistical time-series forecasting, and
rule-based replenishment heuristics, are effective when the assumptions are
straightforward. However, they struggle to accurately model nonlinear demand
responses, inter-tier dependencies, and the propagation of uncertainty across
planning horizons in real time [2].

ML techniques acquire intricate functional relationships from both historical
and real-time datasets. This gives them choices based on data. Supervised
learning models have long been used to forecast demand and estimate lead time.
On the other hand, ensemble methods have made systems more stable in noisy
environments, and reinforcement learning (RL) has shown promise in acting
sequentially when guiding inventory and logistics [3]. Further, by offering
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information on the point of sale, supplier performance logs, and logistics
telemetry streams, ML systems can provide operational intelligence at a temporal
scale unavailable to planning methods [4]. A series of empirical results examining
the performance of learning-based systems in the retail, manufacturing, and
transportation sectors reveal that learning-based systems can outperform static
baselines in responsiveness and prediction accuracy [5]. Despite these
improvements, the majority of industrial ML deployments remain task-distributed
and structurally fragmented. In practice, ML models are primarily used for one
type of prediction, usually demand forecasting. However, subsequent decisions,
such as choosing how much safety stock to keep, setting prices, and selecting
routing strategies, still depend on deterministic heuristics or on parameters that
are manually changed [6]. This separation inhibits planning-horizon joint
optimization and complicates the coordinated decision-making process; for
example, pricing and inventory matching and demand and capacity matching.
Moreover, the uncertainty learned at the predictive layer is rarely transferred to
prescriptive decision-making. This weakens operational plans in the event of
demand shocks or supply disruptions [7]. The challenges of governance and
methodological fragmentation make ML less relevant to the long-run supply
chain. Many deployments do not have the systematic drift monitoring, lifecycle
management, and interpretability systems necessary for regulatory compliance
and managerial accountability [8]. As a result, the benefits of offline testing are
rarely sustained and are poorly understood in the literature, which still
emphasizes predictive accuracy over integration and support at the enterprise
level [9].

These structural constraints necessitate the development of cohesive learning
pipelines that amalgamate prediction, prescription, and feedback into a singular
enterprise decision architecture. This chapter puts forward the Unified Learning-
based Supply Chain Optimization (ULSCO) framework which combines
supervised demand forecasting, representation learning, RL-based inventory
control, and constrained logistics optimization in a closed-loop system.

Table 7.1 shows the main differences in architecture between traditional
planning systems, separate ML pipelines, and unified learning architectures. A
value of 1 in the table means that the corresponding system type clearly supports
a certain structural capability. A value of 0 means that the capability is not
present. Traditional systems focus on deterministic rules and statistical
forecasting. Isolated ML pipelines add nonlinear predictive modeling but remain
separate. Unified learning architectures, on the other hand, support cross-tier
decision coupling, integrated uncertainty propagation, continuous feedback
adaptation, and lifecycle governance.



Table 7.1 Architectural Comparison of Supply Chain Optimization Systems,
Contrasting Traditional Planning Approaches, Isolated ML Pipelines, and
Unified Learning-Based Architectures <1

Traditional Isolated Unified
Main Feature Planning ML Learning
Systems Pipelines Architectures
Linear rule-based 1 0 0
optimization
Statistical forecasting 1 0 0
dependency
Deterministic 1 0 0
replenishment policies
Manual safety stock 1 0 0
tuning
Siloed functional 1 | 0
modeling
Single-task ML 0 1 0
deployment
Nonlinear demand 0 1 1
learning
High-dimensional data| 0 1 1
utilization
Adaptive forecasting 0 1 1
capability
Reinforcement 0 | 1
learning control
Pricing—inventory 0 0 1
joint optimization
Demand—capacity 0 0 1
synchronization




Traditional Isolated Unified
Main Feature Planning ML Learning
Systems Pipelines Architectures
Integrated uncertainty | 0 0 1
propagation
Cross-tier decision 0 0 1
coupling
Unified predictive— 0 0 1
prescriptive pipelines
Lifecycle governance 0 0 1
integration
Drift monitoring 0 0 1
mechanisms
Interpretability 0 0 1
governance
Enterprise-level 0 0 1
coordination
Continuous feedback 0 0 1
adaptation
Operational resilience | 0 0 1
Forecast error 0 0 1
reduction
Inventory turnover 0 0 1
improvement
Logistics cost 0 0 1
optimization

Binary values indicate the presence (1) or absence (0) of specific structural and
operational capabilities, highlighting the progressive integration of predictive
modeling, prescriptive control, uncertainty propagation, and lifecycle governance
in unified frameworks.



This chapter gradually builds the suggested ULSCO framework. Section 7.4
describes the experimental setup and evaluation method, Section 7.5 presents
comparative and ablation results, Section 7.6 summarizes the main findings and
suggests future research directions, and Section 7.2 examines how ML has
changed supply chain analytics and why unified closed-loop architectures are
needed. Section 7.3 shows the layered ULSCO architecture and how its
predictive—prescriptive learning flow works.

7.2 Related Works

7.2.1 Evolution of Machine Learning in Supply Chain
Management

The initial use of ML in supply chain management, however, was primarily to
replace conventional statistical forecasting models, and to improve the accuracy
of demand predictions. This phase of research focused on supervised learning
methods using multilayer perceptrons, radial basis function networks, and support
vector machines as a replacement for exponential smoothing and Autoregressive
Integrated Moving Average (ARIMA) models. This approach performed better
when demand patterns were nonlinear and promotions were not predictable, so
data-based forecasting could work in real-world scenarios [10]. However, their
role remained mostly predictive, meaning there was little to do with stock or
logistics decisions later on, along with continued problems with data sparsity,
computational overhead, and model interpretability [11]. This phase also closely
aligns with the Early Statistical-ML Substitution framework described in Table
71.2. As data infrastructure in the enterprise expanded and analytics systems in the
cloud became more ubiquitous, ML was introduced as an increasingly common
predictor task. Increasingly, ensemble learning methods such as random forests
and gradient boosting machines were used to improve stock levels, predict
transportation delays, and predict supplier risk. These are more robust and more
scalable than single-model methods [12]. At the same time, unsupervised learning
practices such as customer and product clustering made it possible for strategic
planning to be followed by differentiated service policies and assortment
strategies across a broad array of portfolios [13]. Despite these processes’
opportunities for ML at many levels of the supply chain, most of them remained
predictive and separate from each other, without clear coordination across
planning horizons or into prescriptive control. This phase is in keeping with the
Enterprise Ensemble Expansion model presented in Table 7.2. Recent research
suggests a trend toward learning-centered optimization, where ML models are



embedded within sequential and adaptive decision-making. In contrast, deep
learning architectures have been used for high-dimensional demand forecasting
with exogenous drivers, and RL has been used in inventory management,
dynamic pricing, and routing under uncertain conditions, facilitating the
acquisition of policies through direct interaction with the environment [14].
Transfer learning and domain adaptation techniques have reduced data
dependency, enabling deployment in diverse and low-data supply chain
environments [15]. These methods differ from older ones because they start to
combine prediction with control and adaptation. This represents a step toward
integrated optimization systems instead of separate predictive models. This stage
introduces RL control, dynamic pricing optimization, and transfer learning as
defining capabilities of advanced learning-oriented frameworks, as shown in
Table 7.2. Still, many current implementations treat predictive and prescriptive
components as loosely connected, with no unified architectures or closed-loop
feedback systems.

Table 7.2 Evolution of ML Paradigms for Supply Chain Management,
Contrasting Early Supervised Forecasting Approaches, Enterprise-Scale
Ensemble Adoption, and Advanced Learning-Oriented Optimization
Frameworks &

Early Enterprise Advanced Learning-
Main Feature Statistical-ML | Ensemble Oriented
Substitution Expansion Frameworks
Neural 1 0 0
forecasting
substitution
Supervised 1 1 1
demand
learning
Ensemble 0 1 1
inventory
optimization
Transportation 0 | 1
delay modeling




Early Enterprise Advanced Learning-

Main Feature Statistical-ML Ensemble Oriented
Substitution Expansion Frameworks

Customer and 0 1 1

product

clustering

Deep high- 0 0 1

dimensional

forecasting

Reinforcement 0 0 1

learning control

Dynamic 0 0 1
pricing
optimization

Transfer 0 0 1
learning
deployment

Binary values indicate whether a paradigm explicitly supports a given modeling
or decision capability (1) or does not (0), illustrating the progression from
isolated predictive substitution toward integrated, learning-driven optimization.

7.2.2 Supervised Learning for Supply Chain
Forecasting

Supervised learning is the most common and well-known type of ML used in
supply chain analytics. It is mostly used for predicting point demand and other
related tasks. Initial research assessed neural networks and support vector
regression in comparison to traditional statistical benchmarks, including

forecasting. These studies showed that accuracy improved in situations with
nonlinear demand patterns and promotional effects. They also made it possible to
combine price signals, seasonal indicators, and external covariates [16].
Nonetheless, early supervised models frequently faced criticism for their lack of
transparency, susceptibility to the quality of training data, and limited robustness
in the face of demand volatility [17]. Ensemble-based supervised models became



more popular when enterprise-scale transactional datasets became available
because they were better at handling noise and could model nonlinear feature
interactions. Random forests and gradient boosting machines were widely used
for predicting demand, inventory levels, and transportation delays. They
consistently performed better than single-model methods in environments that
weren’t stable [18]. Feature importance measures from ensemble models brought
back some of the ability to understand the results, which helped managers check
the drivers of predictions and made people more confident in the results [19].
Adaptive ensemble reweighting schemes improved stability even more by
changing how much each model contributed based on how well it performed in
recent forecasts [20].

Even with these improvements, supervised learning models are still only
useful for making predictions. Table 7.3 shows that statistical baselines, early
supervised models, and ensemble approaches all work for short- and medium-
term forecasting and nonlinear demand modeling. However, none of them
directly capture multi-horizon temporal dependencies or provide ways to make
decisions in order. More importantly, supervised models don’t naturally support
prescriptive control downstream, uncertainty propagation, or coordination
between inventory and logistics layers. As a result, even very accurate predictions
made by supervised learning systems are usually used by deterministic heuristics
in operational planning, which limits their effect on optimizing the entire supply
chain.

Table 7.3 Comparative Structural Analysis of Supervised Learning
Paradigms for Supply Chain Demand Forecasting, Contrasting Statistical
Baselines, Early Supervised Models, and Ensemble-Based Approaches £

: Statistical Early : Ensemble
Main Feature : Supervised
Baseline Models
Models
Short-term demand 1 1 1
forecasting
Medium-term demand 1 1 1
forecasting
Nonlinear demand modeling 0 1 1
Promotion sensitivity 0 1 1
modeling




: Statistical Early : Ensemble
Main Feature : Supervised
Baseline Models
Models
Exogenous factor integration | 0 1 1
Lead-time and delay 0 1 1
prediction
Noise robustness 0 0 1
Feature importance 1 0 1
interpretability
Multi-horizon temporal 0 0 0
dependency modeling
Adaptive ensemble 0 0 1
reweighting

Binary values indicate the presence (1) or absence (0) of specific modeling
capabilities, highlighting the progression from linear, assumption-driven
forecasting to robust, nonlinear, and noise-resilient predictive frameworks.

7.2.3 Unsupervised Learning for Pattern Discovery

Unsupervised learning has primarily been utilized in supply chain management
for structural discovery and representation learning, rather than for direct decision
optimization. Initial endeavors concentrated on customer and product
segmentation through clustering methodologies, including k-means and
hierarchical clustering, which facilitated the identification of groups exhibiting
analogous purchasing behaviors, demand fluctuations, and lifecycle attributes
[21]. These segmentation techniques facilitated analytical differentiation of
replenishment policies and service strategies, yet they did not directly acquire
knowledge or implement control actions. As shown in Table 7.4, early clustering
methods mostly helped with customer segmentation, product portfolio grouping,
and identifying substitution patterns. They didn’t have anything to do with
predictive or prescriptive pipelines.

Table 7.4 Architectural Comparison of Unsupervised Learning Paradigms
for Structural Discovery in Supply Chain Analytics &




Anomaly .

Main Feature ?ll;?t)erin Detection §2§ :iisntatzon

&1 Models J
Customer segmentation 1 0 0
Product portfolio 1 0 0
clustering
Replenishment policy 1 0 0
differentiation
Substitution pattern 1 0 0
discovery
Supplier and logistics 0 1 0
anomaly detection
Manufacturing quality 0 | 0
monitoring
High-dimensional data 0 0 1
compression
Latent feature 0 0 1
representation
Interactive structure 0 0 |
visualization
Continuous structural 0 0 1
learning

Binary values denote the presence (1) or absence (0) of specific analytical
capabilities, illustrating the progression from static clustering methods to
anomaly-aware and representation-based approaches that support high-
dimensional structure learning and decision-relevant insight.

As the amount of data and the complexity of operations grew, unsupervised
learning was used to find anomalies in supplier performance, logistics execution,
and manufacturing quality. One-class support vector machines and isolation forest
models were used to find changes in normal operational patterns. This made it
possible to find problems earlier than with rule-based thresholds [22]. These



models enhanced sensitivity to infrequent and nuanced irregularities while
maintaining a diagnostic character, characterized by restricted interpretability and
an absence of direct connections to subsequent optimization or policy adjustment
[23]. Table 7.4 describes anomaly detection models as having monitoring and
detection capabilities but not helping with structural representation or continuous
learning.

Recent studies have transitioned toward representation learning for high-
dimensional supply chain data. Architectures based on autoencoders have been
used to learn compact latent representations of transactional, sensor, and logistics
data. This makes it easier to reduce the number of dimensions and abstract the
structure [24]. Nonlinear embedding approaches such as t-SNE and Uniform
Manifold Approximation and Projection allow for even more interactive
visualization of supplier networks, customer segments, and product portfolios.
This enables exploratory analysis and strategic understanding [25]. Table 7.4
shows that representation learning can do things other learning methods cannot
do, such as compress data at high resolutions, represent visible features, construct
interactive visualizations, and learn structures over time. While these
improvements are mostly analytical and descriptive, they produce richer
representations that may be used later in forecasting or optimization models. Yet,
they don’t make decisions themselves.

7.2.4 Reinforcement Learning for Dynamic
Optimization

RL has been applied as an approach to sequential decision-making in supply
chain optimization under uncertainty regarding system dynamics and delayed
rewards. To begin with, most of the work was focused on controlling inventory
for one thing in one place through tabular Q-learning and policy iteration. These
formulations worked in low-dimensional state spaces and showed how well-
established order policies can outperform fixed reorder-point and base-stock
heuristics for nonstationary demand [26]. As Table 7.5 shows, these types of
approaches were only used to make local inventory decisions and did not address
multi-echelon coordination or transportation planning. RL was investigated later
for transportation problems, such as the tracing of vehicles, scheduling of fleets,
and batching orders. Using value iteration and actor—critic techniques, these
studies were able to make better routing and dispatch decisions in the face of
stochastic travel periods and service constraints [27]. These models were
effectively able to deal with delayed rewards and routing complexity, but were
largely separate from inventory control and upstream demand modeling. Table



7.5 shows that transportation-oriented RL improved operations but did not affect
pricing or inventory decisions. New developments imply a greater qualitative
change rather than incremental improvement, in the form of deep and multi-agent
RL. Deep RL can learn policies over high-dimensional representations of state,
1.e., demand forecasts, inventory positions, pricing signals, and network states, in
one space at one time [28]. Multi-agent RL also helps supply chain actors work
together in a decentralized way. This includes suppliers, manufacturers, and
logistics providers. It allows them to work together on inventory positioning,
transportation scheduling, and pricing strategies [29]. Only this type of method
can support integrated inventory and pricing control and real-time policy changes
across decision layers that are linked together, as shown in Table 7.5. Even with
these improvements, deep and multi-agent RL methods are still not very well
connected to predictive forecasting pipelines and don’t have clear ways to handle
lifecycle governance, uncertainty propagation, and enterprise deployment. As a
result, current RL-based solutions do not provide the unified predictive—
prescriptive architectures needed for effective, large-scale supply chain
optimization. This is why the integrated framework suggested in this chapter is
needed.

Table 7.5 Comparative Architectural View of RL Paradigms for Dynamic
Supply Chain Optimization, Contrasting Tabular RL, Transportation-
Focused RL, and Deep Multi-Agent RL. Frameworks &

: Tabular | Transport | Deep and Multi-
Main Feature RL RL Agent RL
Single-item inventory 1 0 0
control
Multi-echelon inventory 0 0 1
coordination
Sequential ordering policy 1 0 1
learning
Transportation routing 0 1 1
optimization
Fleet scheduling and order 0 1 1
batching
Delayed reward handling 1 1 1




: Tabular | Transport | Deep and Multi-
Main Feature RL RL Agent RL
High-dimensional state 0 0 1
representation
Decentralized decision 0 0 1
coordination
Real-time policy adaptation 0 0 1
Integrated inventory—pricing | 0 0 1
control

Binary values indicate the presence (1) or absence (0) of specific decision-making
and coordination capabilities, highlighting the increasing ability of advanced RL
approaches to handle high-dimensional state spaces, delayed rewards,
decentralized coordination, and integrated inventory—logistics control.

7.2.5 Hybrid and Ensemble Approaches

Hybrid and ensemble approaches are steps along the way from separate predictive
modeling to integrated supply chain optimization. Table 7.6 shows that earlier
work in this area can be divided into three main groups: early ensemble
forecasting methods, hybrid learning—optimization frameworks, and more recent
integrated pipelines. Each of these groups has its own set of structural
capabilities.

Table 7.6 Architectural Comparison of Hybrid and Ensemble Learning
Approaches for Supply Chain Optimization, Contrasting Early Ensemble
Methods, Hybrid Learning—Optimization Frameworks, and Fully Integrated
Predictive—Prescriptive Pipelines !

Early Hybrid Integrated

Main Feature . ey
Ensembles | Optimization | Pipelines

Variance reduction in demand 1 0 1
forecasting
Noise robustness 1 0 1

Inventory risk prediction 1 0 1




: Early Hybrid Integrated
Main Feature Ensembles | Optimization | Pipelines
Lead-time and supplier 1 0 1
performance modeling
Statistical and ML model 0 1 1
fusion
Constraint-aware production 0 1 1
planning
Pricing and inventory 0 0 1
coordination
Rolling-horizon optimization 0 0 1
Counterfactual policy 0 0 1
evaluation
Governance-oriented system 0 0 1
integration

Binary values indicate the presence (1) or absence (0) of specific structural and
decision-level capabilities, highlighting the progression from variance-reduction—
oriented ensembles toward governance-aware, end-to-end learning architectures.

The first ensemble methods only tried to make predictions more reliable by
combining different forecasting models. To make retail demand forecasting more
stable and less variable in the face of noisy and nonstationary sales patterns,
techniques like bagging and boosting were used [30]. These techniques
consistently surpassed single-model benchmarks and were subsequently adapted
for inventory risk estimation, lead-time forecasting, and supplier performance
evaluation [31]. However, as shown in Table 7.6, these methods were still only
predictive and did not include any direct links to decision-making, constraint-
aware optimization, or governance mechanisms. Hybrid optimization frameworks
established a more integrated relationship between ML and mathematical
programming. In these methods, linear or mixed-integer optimization models for
production planning and replenishment [32] used ML-based demand forecasts,
which were usually made by neural networks or ensemble regressors. This
combination made it possible to estimate nonlinear demand while still
maintaining feasibility guarantees and operational constraints [33]. Table 7.6




shows that hybrid methods help with statistical-ML model fusion and constraint-
aware planning. However, decision-making is still mostly open-loop, with little
coordination between pricing, inventory, and logistics, and no clear feedback or
lifecycle integration [34]. Recent research has suggested integrated learning
pipelines that approach unified architectures by concurrently tackling prediction
and prescription in rolling-horizon planning systems. Coordinated pricing,
inventory positioning, and distribution scheduling frameworks now use deep
learning and gradient boosting ensembles [35]. These pipelines facilitate rolling-
horizon optimization and constrained counterfactual evaluation, allowing for
adaptive decision modifications in the face of uncertainty [36]. As shown in Table
7.6, however, most of the integrated pipelines that are already available still don’t
have clear closed-loop feedback, systematic drift monitoring, or governance-
oriented lifecycle management. This makes them less stable for long-term use in
businesses [37].

7.2.6 Model Interpretability and Explainability

Interpretability has been a key demand of supply chain analytics as it is required
by managerial accountability, regulatory compliance, and auditable decision-
making. This resulted in inoperable conditions during early ML use for simpler
models such as linear regression, decision trees, and rule-based expert systems.
These models also made it easy for practitioners to see the impact of inputs on
price, replenishment, and supplier evaluation decisions [38]. Table 7.7 shows that
these kinds of models have built-in transparency and decision support consistent
with management and hence are good candidates for regulated environments but
can’t fully describe nonlinear demand dynamics and high-dimensional
interactions [39]. As ML systems became increasingly complex, post-hoc
explainability techniques were created to make sense of ensembles and nonlinear
predictive models without changing how they work inside. To increase trust and
diagnostic insight, techniques like permutation importance, partial dependence
analysis, and feature attribution were used in demand forecasting and lead-time
prediction [40]. These methods allow for global explanations and help find false
correlations, as shown in Table 7.7. However, they are still outside of the model
and do not give intrinsic or context-aware explanations for each decision [41]. As
a result, post-hoc methods provide some transparency but are not very useful for
end-to-end governance in operational decision pipelines.

Table 7.7 Comparison of Interpretability Paradigms in Supply Chain ML
Systems, Contrasting Transparent Models, Post-Hoc Explainability



Methods, and Inherently Interpretable Architectures <

Inherently

Main Feature Transparent POSHL.IOC - Interpretable
Models Explainability

Systems
Rule-based and linear | 1 0 0
model usage
Regulatory 1 1 1
compliance suitability
Global feature 0 1 1
attribution
False correlation 0 1 1
detection
Local instance-level 0 0 1
explanation
Context-aware 0 0 |
decision justification
Forecast and risk 1 1 1
policy explanation
Transparency— 0 1 1
accuracy balance
Governance-aligned 1 1 1
decision support
Intrinsic 0 0 1
interpretability

Binary values denote the presence (1) or absence (0) of interpretability,
accountability, and governance-related capabilities, highlighting the trade-offs
between transparency, expressive power, and suitability for enterprise-scale
decision support.

Recent research has increasingly focused on inherently interpretable learning
systems that integrate transparency directly into the model architecture, rather
than depending on post-hoc analysis. Interpretable additive models, constrained



neural networks, and monotonic architectures have demonstrated competitive
predictive performance while offering inherent interpretability and localized,
instance-level explanations [42]. These models are the only ones that support
context-aware decision justification, which means that practitioners can not only
see what decision was made but also why it was the right one given the
operational circumstances. Table 7.7 shows that inherently interpretable systems
are the only type of system that meets the needs of transparency—accuracy
balance, local explanation capability, and governance-aligned decision support at
the same time. This makes them ideal for optimizing supply chains on a large
scale and with a focus on learning.

7.2.7 Enterprise Integration, Lifecycle Governance, and
Closed-Loop Learning

While supply chain analytics has greatly benefited from predictive accuracy and
adaptive control, an increasing amount of recent research highlights that the
corporate integration and lifecycle governance capabilities of ML systems
fundamentally limit their long-term value. Limited operational coupling and
delayed decision execution were the results of early ML deployments, which
were usually implemented externally to enterprise resource planning (ERP),
warehouse management systems (WMS), and transportation management systems
(TMS) as i1solated analytical services [43]. The actual operational impact of
predictive improvements was reduced by these dispersed deployments, which
limited the spread of learned uncertainty into the planning and execution layers
[44]. Later research looked into middleware-based and service-oriented
integration designs for integrating ML pipelines directly into enterprise planning
processes. These studies showed that microservice integration, message-queue-
based orchestration, and API-driven ML services can greatly enhance the
scalability, responsiveness, and interoperability of demand forecasting and
replenishment systems [45]. However, as Table 7.8 summarizes, many integration
techniques lacked formal drift detection, automatic retraining procedures, and
performance accountability mechanisms, and instead concentrated primarily on
execution enablement rather than learning lifecycle control. Closed-loop learning
architectures, which consider ML models as dynamic operational agents rather
than static forecasting tools, have become more popular in recent years. These
include governance-aligned model management layers, performance audits, and
feedback-driven retraining that continuously track policy departure, forecast
degradation, and data drift. Closed-loop systems have been shown to maintain
stable service levels in changing demand regimes by dynamically adjusting



forecasting, inventory, and logistics policies based on actual operations. In
contrast to previous models of integration, these systems explicitly include
compliance-based deployment pipelines, accountability tracking, and uncertainty
propagation. However, unified predictive—prescriptive learning loops that
collaboratively handle forecasting, control, feedback, and governance within a
single architectural framework are still absent from the majority of enterprise-
integrated ML systems currently in use. Only closed-loop learning architectures
can concurrently enable uncertainty propagation, enterprise-level coordination,
lifecycle governance, and continuous adaptation, as Table 7.8 illustrates. The
unified architecture shown in this chapter, which combines closed-loop
governance, prescriptive optimization, and predictive modeling into a unified
corporate learning system, is directly motivated by this structural constraint.

Table 7.8 Architectural Comparison of Enterprise Integration and Lifecycle
Governance Paradigms in Supply Chain ML Systems <1

Isolated Enterprise- Closed-Loop
Main Feature ML Integrated Learning
Services ML Architectures
ERP/WMS/TMS 0 1 1
system coupling
API-driven execution 0 1 1
integration
Message- 0 1 1
queue/microservice
orchestration
Real-time feedback 0 0 1
incorporation
Automated retraining 0 0 1
policies
Data drift detection 0 0 1
Forecast degradation 0 0 1
monitoring
Uncertainty 0 0 1
propagation




Isolated Enterprise- Closed-Loop

Main Feature ML Integrated Learning
Services ML Architectures

Accountability and 0 0 1

auditability

Governance-aligned 0 0 1

lifecycle management

Continuous policy 0 0 1
adaptation

Binary values denote the presence (1) or absence (0) of integration, feedback, and
governance capabilities, illustrating the progression from isolated deployment
toward closed-loop, governance-aware learning architectures.

7.3 Materials and Methods

7.3.1 Dataset

The suggested ULSCO architecture is assessed in this study utilizing two
complementary, openly accessible datasets that together represent the dynamics
of upstream logistics and downstream retail demand. The Rossmann Store Sales
dataset [46] is used to predict retail demand behavior. This report tracks 1,115
actual Rossmann GmbH stores in Germany, with over 1.01 million observations
of store-days. All records include store identifiers, calendar dates, sales volumes,
promotional indicators, state and school holiday flags, store types and assortment
categories, rival opening times, and distance to the nearest competitor. These
features allow for detailed modeling of seasonal effects, competitive pressure,
promotional elasticity, and short-run demand changes at the store level. To
capture upstream logistics behavior, the Bureau of Transportation Statistics
released the U.S. Freight Analysis Framework dataset. [47], supplying annual
origin—destination freight flow matrices over 100 U.S. zones. To explore
interregional logistics dependence, modal distribution, and freight flow
concentration, Freight Analysis Framework (FAF) records freight tonnage and
shipment distance by commodity group and mode of transport (road, rail, water,
air, and pipeline). These two datasets—Ilow-frequency, structural freight

signals from Rossmann—have been purposefully paired to represent opposite




ends of the supply chain. This convergence of store-level demand and local
signals allows for alignment with FAF corridors. This enables the collaborative
study of demand forecasting, inventory placement, and transportation dynamics
within one learning model.

7.3.1.1 Dataset Preprocessing

To guarantee consistency between the predictive and prescriptive components, all

7.9). A total of 1,115 distinct demand sequences are produced by first organizing
Rossmann sales data into daily time series for each retailer. While categorical
variables, such as promotion flags, holiday indicators, store type, and assortment
level, are encoded using probability-based target encoding to retain empirical
frequency information without imposing artificial ordinal structure, missing
calendar dates are reconstructed using temporal neighborhood interpolation to
maintain seasonal continuity. Moving-window trend decomposition is used to
distinguish long-term trends from cyclical seasonal components, and rolling
windows of 7, 14, and 28 days are used to provide lagged demand features that
represent delayed purchase behavior and short-term temporal dependencies. To
reduce scale imbalance, FAF freight records are combined into yearly origin—
destination matrices by zone pair, commodity group, and mode of transportation.
Following this, freight tonnage and shipping distances are harmonized across
commodities. Lagged freight intensity characteristics are built to mimic transit
lead times and propagation delays between regions, and modal shares are
normalized to reflect relative mode use. Using k-means clustering, freight
corridors are grouped into a predetermined number of areas (K = 12) in order to
stabilize spatial representations and reduce over-segmentation. High-magnitude
freight flows are kept from controlling demand signals by using feature scaling to
preserve similar variance across retail and freight inputs.

Table 7.9 Dataset Characteristics and Preprocessing Configuration for
Downstream Retail Demand and Upstream Freight Modeling <

. Rossmann Store Freight Analysis Framework
Parameter/Setting Sales (FAF)
Temporal resolution Daily Annual

Number of entities 1,115 Stores >100 O-D zones




Rossmann Store

Freight Analysis Framework

Parameter/Setting Sales (FAF)

Total observations ~1.01 M Store- ~1.2 M flow records
days

Target variable Sales volume Freight tonnage

Exogenous features 9 4

(count)

Categorical variables 4 2

Numerical variables 5 2

Missing date handling | Interpolation Not applicable

Encoding method Target encoding Mode normalization

Lag windows 7, 14, 28 (days) 1, 2 (years)

Seasonal Yes Yes

decomposition

Spatial clustering (K) Not applicable 12

Feature scaling Z-score Z-score

Stationarity correction

Mean—variance
drift

Mean—variance drift

Train split (%) 70 70
Validation split (%) 15 15
Test split (%) 15 15

Binary and numeric entries summarize temporal resolution, feature composition,
normalization, lag construction, clustering, and data split settings used to support
unified predictive—prescriptive learning.

Following a forward-looking method, both datasets are temporally aligned and
divided, with 70% of observations allocated to training, 15% to validation, and
15% to testing. Stable learning under fluctuating retail demand and changing



national freight patterns is ensured by stationarity adjustments, which account for
mean and variance drift within rolling windows.

7.3.2 Model Analysis

This section explains the suggested ULSCO framework, which uses a single
predictive—prescriptive architecture to simultaneously model upstream freight
flow and downstream retail demand. In order to facilitate coordinated decision-
making and closed-loop adaptability across supply chain tiers, ULSCO integrates
demand forecasting, inventory control, and logistics planning through a layered
design, as shown in Figure 7.1.

ULSCO - Unified Learning Supply Chain Optimizer
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Figure 7.1 Architecture of the proposed ULSCO framework. The
system integrates downstream retail demand forecasting and
upstream freight flow modeling through a layered predictive—
prescriptive pipeline. Store-level demand time series are
transformed into latent temporal representations and aggregated
into regional demand signals, which drive RL-based inventory

closed-loop feedback mechanism propagates realized sales and
logistics outcomes back to both predictive and prescriptive



components, enabling continuous adaptation, uncertainty
propagation, and coordinated decision-making across supply chain
tiers.

7.3.2.1 Downstream Retail Demand Modeling

The Rossmann data is used to model retail demand at the store level using daily
sales time series, with each store being a separate forecasting unit. Historical sales
volumes, holiday flags, promotion indicators, store type and assortment
characteristics, and competitive distance features also form part of the input
feature space. It can model recurrent demand cycles, demand elasticity generated
by promotion, and delays in buying behavior by converting these concepts into
lagged temporal representations and seasonal components. The main downstream
signals that influence upstream logistics and inventory replenishment choices are
store-level demand predictions generated at this point.

7.3.2.2 Upstream Freight Flow Representation

upstream logistics. Logistics intensity profiles capture annual shipment tonnage
and distance metrics, and freight movement is represented at the level of
commodity groupings, transportation modes, and origin—destination zone pairs. In
order to encode modal concentration, corridor utilization, and regional
dependency structure, these characteristics are incorporated into latent spatial
flow representations. Freight flow representations are directly connected to
aggregated regional retail demand clusters in order to provide demand-driven
logistics adaptation. This allows changes in downstream demand to be
proportionately propagated into upstream transportation needs.

7.3.2.3 Predictive Layer: Stacked Demand Forecasting

As seen in Figure 7.1, the predictive layer uses a stacked ensemble architecture to
merge several temporal learners. Recurrent neural networks are used to describe
long-range temporal dependencies in daily sales sequences, whereas gradient
boosting models are used to capture nonlinear interactions among sales,
promotions, store attributes, and competitive considerations. Stable multi-horizon
demand projections are created by combining the outputs of these base learners
via weighted stacking. While being sensitive to short-term changes that are
essential for operational planning, this design increases robustness to seasonal
regime shifts, promotional spikes, and demand volatility.




7.3.2.4 Prescriptive Layer: Inventory Control via Reinforcement
Learning

At the store-cluster level, an RL agent makes decisions about inventory. The
agent looks at current inventory levels, anticipated demand trends, promotion
schedules, and replenishment history at each decision epoch. Over rolling
planning horizons, the reward function strikes a balance between holding costs,
stockout penalties, and service-level targets, while the action space reflects
replenishment quantities. The RL agent learns adaptive replenishment strategies
through interaction with the environment. These strategies maintain steady
service performance while responding to seasonal fluctuations in demand and
promotional surges. Instead of depending on static reorder-point heuristics, this
allows inventory control to change dynamically.

7.3.2.5 Prescriptive Layer: Constrained Freight Allocation

as a constrained flow optimization problem. Freight requirements between origin
and destination zones are estimated using aggregated regional demand estimates.
Route distribution and mode selection are optimized using corridor usage
restrictions, distance-weighted cost proxies, and modal capacity constraints. As
retail demand varies over time and across locations, this layer ensures that
upstream logistical flows stay in line with downstream demand signals, enabling
transportation usage patterns to adjust.

7.3.2.6 Integrated Architecture and Learning Flow

As seen in Figure 7.1, ULSCO is arranged into four successive layers: (i) a data
layer that builds temporally aligned feature tensors by ingesting Rossmann and

freight corridors and latent temporal embeddings for retail demand; (iii) a
predictive layer that uses stacked ensemble learning to produce store-level, multi-
horizon demand forecasts; and (iv) a prescriptive layer that uses RL and
constrained optimization to translate forecasts into decisions about freight
allocation and inventory replenishment.

7.3.2.7 Closed-Loop Feedback and Adaptation

The design is completed by a closed-loop feedback mechanism that feeds
observed freight movements and achieved sales outcomes back into the
prescriptive and predictive components. Demand models are retrained, and



control rules are updated on a regular basis based on forecast mistakes and
logistics deviations. This allows for ongoing response to structural demand,
evolving promotional campaigns, and changing freight corridor usage. ULSCO
ensures that the representation of uncertainty is consistent across layers and
closely links upstream logistics planning to downstream demand signals. This
allows for continuous optimization of the entire supply chain system instead of
isolated, fixed decision-making.

7.4 Experimental Setup

7.4.1 Evaluation Metrics

7.4.1.1 Forecast Accuracy: Root Mean Squared Error (RMSE)

Forecasting performance is assessed with the Root Mean Squared Error (RMSE)

which calculates the square root of the average squared deviation between
expected and observed daily sales at the store level, penalizes large forecast errors
due to their direct effects on logistics and restocking decisions. This feature is
especially important in retail, as it is subject to strong promotional spikes,
seasonal demand cycles, and competitive interference. For the ULSCO predictive
layer, RMSE is a more reliable and comparable measure of the accuracy of multi-
horizon demand forecasts because it retains magnitude sensitivity as well as scale
consistency across stores and assortments.

7.4.1.2 Inventory Performance: Fill Rate

The efficacy of learning inventory control rules is assessed based on the fill rate,
defined as the ratio of fulfilled demand to realized demand at the store level in
each assessment horizon. Fill rate measures how robust the RL-based
replenishment layer is when it is necessary to preserve availability in case of
fluctuating demand, including promotions and seasonal fluctuations. Fill rate is a
direct reflection of customer-facing service reliability, rather than reinforcing
inventory by combining replenishment decisions with actual operations. Given
the daily depth of detail in Rossmann sales statistics and the explicit codification
of holiday and promotional effects, this measure is particularly appropriate.

7.4.1.3 Logistics Efficiency: Average Freight Lead Time



freight flow matrix, is used to assess the performance of upstream logistics. The
tonnage-weighted average shipment journey time across all transportation
corridors and modes—road, rail, water, air, and pipeline—is represented by this
measure. The responsiveness and balance of the modal allocation and route
optimization choices made by the limited freight allocation layer are reflected in
the average freight lead time. Increases in signal corridor congestion, modal
inefficiencies, or demand—capacity mismatches within the national freight
network suggest better alignment between upstream logistical execution and
downstream retail demand aggregation, reductions in this metric.

7.4.2 Hyperparameters

Hyperparameter configurations are chosen to maintain sensitivity to short-term
promotional volatility and structural freight network constraints while
guaranteeing stable learning over multi-year retail demand horizons (refer to
Table 7.10). In order to balance variance reduction with responsiveness to
promotion-driven demand spikes, the predictive layer’s gradient boosting models
are trained with 1,000 trees, a maximum tree depth of 6, a learning rate of 0.1,
and a subsampling ratio of 0.8. To maintain dominant seasonal and competitive
signals while lowering correlation among base learners, feature subsampling is
set to 0.6. Three hidden layers with 256 units each, ReLU activations, and a
dropout rate of 0.3 are used in recurrent neural forecasting models to provide
robust modeling of long-range temporal dependencies under demand volatility.
Monthly demand cycles are captured using a 60-day lookback window, which
allows for flexibility in response to temporary holiday impacts. A discount factor
of 0.95, an exploration rate of 0.1, an experience replay buffer of 100,000
transitions, and mini-batch updates of 64 samples are used by RL-based inventory
control agents to provide steady convergence and efficient exploration—
exploitation trade-offs. Using k-means++ initialization, freight allocation operates

preserves national transport density patterns while preventing over-segmentation
across commodity flows. To avoid overfitting in long sales cycles, early stopping
is used in all predictive models with a patience of 15 epochs. All hyperparameters
are selected using cross- validated grid exploration during validation periods,
with a clear focus on generalization across Rossmann retail volatility and FAF
freight network stability instead of single-dataset optimization.

Table 7.10 Hyperparameter Settings for the Predictive, Prescriptive, and



Logistics Components of the Proposed ULSCO Framework &

Hyperparameter/Setting Store.Sules | Framowork (4P
Gradient boosting trees 1,000 —

Max tree depth 6 —
Learning rate 0.1 -
Subsampling ratio 0.8 —
Feature subsampling 0.6 —
Recurrent Neural Network 3 -

(RNN) hidden layers

Units per RNN layer 256 —
Activation function ReL.U —
Dropout rate 0.3 —
Lookback window (days) 60 —

RL discount factor (I') 0.95 —

RL exploration rate (E) 0.1 —
Replay buffer size 100,000 —

RL mini-batch size 64 —
Freight corridor clusters (K) — 12
Clustering initialization — k-means++
Early stopping patience (epochs) | 15 15
Hyperparameter selection CV Grid CV Grid
method

Values correspond to configurations selected via cross-validated tuning and are
shared across datasets to ensure stable learning, generalization, and comparability
under retail demand volatility and freight network constraints.



7.5 Results and Analysis

7.5.1 Comparison with State of the Art

The three evaluation measures discussed in Section 7.4.1 are forecast accuracy,
inventory performance, and logistical efficiency. To keep things fair, all models
are trained and tested on the same data splits and preprocessing setups. Table 7.11

Sales dataset. This analysis indicates clear performance differences among
ensemble learning models, standalone deep learning models, traditional statistical
methods, and the ULSCO. We use the same partition of data to train, verify, and
test each model to ensure consistency of methods and fair comparisons. The
RMSE of the traditional ARIMA model is 0.312, showing that linear time-series
models cannot accurately reflect the complicated, nonlinear demand patterns
arising from sales events, seasonal changes, and store-specific operational
variability. It is difficult for ARIMA to capture high-order interactions and
sudden demand changes due to its rigid parametric structure. This means that it is
more likely to produce larger forecast errors than its model, although it is one of
the most robust models for short-run temporal autocorrelations. Furthermore,
deep learning systems improve prediction accuracy. The Long Short-Term
Memory (LSTM) model lowers the RMSE to 0.271 by explicitly simulating long-
term temporal dependencies and recurring demand cycles. Gradient boosting,
which uses nonlinear tree-based ensembles that may capture complex feature
interactions, achieves an RMSE of 0.254, which makes performance even better.
The hybrid ensemble model, which combines recurrent neural networks with
gradient boosting and incorporates both temporal and structural learning methods,
significantly increases accuracy, reaching an RMSE of 0.241. The suggested
ULSCO framework has the lowest RMSE, at 0.218. This is 23% lower than
ARIMA and 12% lower than the best ensemble baseline. The unified learning
architecture of ULSCO is what makes this big gain possible. It allows the system
to better combine decision-dependent demand responses and promotional effects
by modeling how demand changes over time along with downstream operational
data. ULSCO combines forecasting with decision-aware optimization signals to
deal with real-world demand generation mechanisms that traditional predictive
models can’t handle. Overall, these results show that ULSCO is a reliable and
operationally sound forecasting framework that better matches the way decisions
are made in the real-world supply chain and is more accurate.

Table 7.11 Comparison of Demand



Forecasting Performance on the
Rossmann Store Sales Dataset <

Model RMSE |
ARIMA 0.312
LSIM 0.271
Gradient boosting 0.254
Ensemble (GB + RNN) | 0.241
ULSCO (proposed) 0.218

supervised and ensemble learning models, and the proposed ULSCO framework
under identical training, validation, and testing splits.

Table 7.12 shows how well stores are performing in terms of their inventory
using two different methods: alternative replenishment and learning- based
planning. The two main measures are fill rate and inventory turnover. The results
show that the proposed ULSCO, forecast-augmented heuristic pipelines, and
traditional rule-driven systems perform very differently in practice. In places
where demand is unpredictable and based on promotions, the rule-based
replenishment baseline achieves a fill rate of 78.4% and an inventory turnover of
6.1. This illustrates that hand-changed static reorder rules and safety stock
parameters are not very good. They are clear and easy to follow, but they cannot
fully accommodate changing demand patterns, resulting in ongoing service
shortages and excessive stock buildup. Replacing traditional heuristics with
statistical prediction improves performance. This Statistical + Heuristic design
makes demand estimates for restocking choices easier, which translates to an
increase of 6.8 in turnover and an increase of 82.7% in fill rate. This decrease in
benefits abuts the fact that prediction and control are not linked so that
forecasting does not always translate into better inventory management.

Table 7.12 Comparison of Inventory Performance across Baseline
Planning Approaches and Learning-Based Systems <1

Model Fill Rate (%) 1| Inventory Turnover 1

Rule-based replenishment | 78.4 6.1




Model Fill Rate (%) 1| Inventory Turnover 1
Statistical + heuristic 82.7 6.8
ML forecast + heuristic 86.3 7.4
ULSCO (proposed) 95.0 8.6

Metrics report store-level fill rate and inventory turnover, highlighting the impact
of integrating demand forecasting with adaptive inventory control in unified
predictive—prescriptive architectures.

The ML Forecast + Heuristic method has a higher fill rate of 86.3% and a
turnover of 7.4. Predictors of demand from ML make it easier to predict nonlinear
sales behavior and the impact of promotions. However, because replenishment
decisions are still based on heuristic parameters, the system cannot fully exploit
predictive accuracy for capital efficiency and service-level optimization.

The ULSCO framework has an inventory turnover of 8.6 and a fill rate of
95.0%, both of which are much better than all the other baselines. This is the 19%
faster turnover of stock and 17% better service level than rule-based
replenishment. These enhancements are due to ULSCO’s inventory control layer,
which applies RL to directly incorporate forecast uncertainty, downstream
demand response, and operational limits into adaptive replenishment policies.
ULSCO incorporates predictive modeling and prescriptive decision learning to
convert forecast gains into service reliability and inventory productivity. This is
ideal for real-world retail businesses.

principal performance measures are average freight lead time and a normalized
logistics cost index. The results support the trend of integrating planning and
predictive data into transportation planning, enabling improved performance of
the proposed ULSCO. The deterministic routing baseline shows the working of
traditional static routing rules. These rules are based on fixed shipment schedules
and predefined network configurations. It has a logistics cost index of 1.00 and an
average lead time of 9.4 days. These approaches provide operational stability, but
they do not respond to changes in demand signals or congestion patterns at the
upstream level. This is why transit times are longer and transportation costs are
higher. Improvements, even if they are small in size, are measured when forecast
awareness is added. The Forecast-Aware Routing model reduces the average lead
time to 8.9 days and the cost index to 0.95 by altering routing priorities and
shipment allocations based on expected demand volumes. This approach helps
the system to be more responsive, but forecasting and transportation choices are



still somewhat separated, and there is only limited insight into how predictive
models might inform improvements to the whole network. This integrated
planning configuration makes logistics even better in that it helps cut lead time by
an average of 8.6 days and cost by 0.91. This approach combines demand
estimates with tactical routing and consolidation to improve shipment planning
and allows network conditions to work better together, making more efficient use
of transportation capacity. Still, there are no ongoing changes to the policy, and
the optimization mechanism remains mostly deterministic. The suggested
ULSCO framework works best because it has an average freight lead time of 8.4
days and a logistics cost index of 0.86. These results mean that the lead time is
cut by 11% and the cost of logistics is cut by 14% compared with deterministic
routing. The unified learning architecture in ULSCO makes these improvements
possible by modeling both upstream transportation rules and downstream demand
changes at the same time in an optimization loop powered by RL. By dynamically
spreading demand signals into scheduling, consolidation, and routing decisions,
ULSCO gets better at handling real-world transportation changes and makes
logistics work better from start to finish.

Table 7.13 Comparison of Upstream Logistics Efficiency on the Freight
Analysis Framework (FAF) Dataset, Evaluating Average Freight Lead Time
and Logistics Cost Proxies across Deterministic, Forecast-Aware,
Integrated, and Unified Learning-Based Optimization Approaches ¢!

Model Avg. Lead Time (Days) | | Logistics Cost Index |
Deterministic routing 9.4 1.00
Forecast-aware routing | 8.9 0.95
Integrated planning 8.6 0.91
ULSCO (proposed) 8.4 0.86

7.5.2 Cross-Domain Analysis

We take account of how changes in one area affect changes in another, like how
better retail performance affects logistics and vice versa. This helps us to
understand how strong and useful our results are. This analysis investigates inter-
layer coupling, a central issue of ULSCO. It is not a conventional assessment,
which analyzes each area on its own. Table 7.14 uses store-level fill rate as the
primary measure of how strong retail-domain services are under different limits



on upstream logistics capacity. These results indicate how different planning
systems deal with stress on freight capacity and how unified predictive—
prescriptive optimization keeps service levels high in logistically challenging
conditions. The ML + Heuristic benchmark shows the relationship between ML-
based demand forecasting and traditional approaches to determining when to
restock. Under normal logistics conditions, it achieves a fill rate of 86.3%. In the
absence of sufficient freight capacity, however, the fill rate falls to 79.1%. This
drop illustrates the weakness of decoupled planning pipelines. These pipelines
make the best decisions for inventory and restocking without considering any
upstream transport limits. As a result, if logistics are late, it’s difficult to make
better predictions to use to plan useful restocking activities. Integrated planning is
better. In the absence of much freight, the fill rate drops from 90.4% to 85.7%.
This approach matches the store-level demand fulfillment with available transport
capacity by coordinating forecasting, replenishment, and logistics planning
modules. The planning logic of the system is largely fixed and does not change,
so it is difficult to predict when congestion will occur and service will worsen.
The ULSCO system that was suggested is the strongest, with an average fill rate
01 95.0% and an average fill rate of 92.8% but with a limited fill rate. When the
system is under heavy load, ULSCO does not lose performance as fast as the ML
+ Heuristic baseline. This means that it is more reliable in terms of service.
ULSCO’s management policies and anticipatory freight allocation use RL. This
means that when they decide to buy and replenish downstream stocks, they also
look at upstream transportation. ULSCO prevents problems within the chain from
impacting retail service by adjusting shipments’ timing, quantity, and destination
in real time as logistics change. Finally, these results imply that ULSCO is an
excellent end-to-end optimization system that can maintain high service quality
even in constraining logistical environments. This proves that it is useful for
strong retail supply chain operations.

Table 7.14 Retail-Domain Performance under Logistics Capacity Stress,
Comparing Baseline and Integrated Learning-Based Systems <1

Model Normal Fill Rate (%) | Constrained Fill Rate (%)
ML + heuristic 86.3 79.1
Integrated planning | 90.4 85.7
ULSCO (proposed) [ 95.0 92.8




Metrics quantify the robustness of store-level service levels as upstream freight
constraints intensify, highlighting the ability of unified predictive—prescriptive
architectures to preserve demand fulfillment under adverse logistics conditions.

Table 7.15 displays the success of upstream logistics when demand is more
uncertain using two stabilizing measures: the standard deviation of freight lead
time and the normalized congestion index. These measures reveal the strength of
the transportation system by looking at time-varying delivery performance and
congestion impacting the whole network. This helps in cases where downstream
retail demand increases sharply. The deterministic planning baseline indicates that
transit times change dramatically and the network is very congested. The lead
time is 2.1 days, and the congestion score is 1.00. Due to the limitations of this
approach, it does not accommodate any large fluctuations that could occur due to
an increase in sales within a particular area. It is important to note that the way in
which an item is scheduled, routed, and combined does not alter very much as a
result of signals sent out by the market for that product (in other words, there is a
predetermined basis for making these decisions); when there is a high level of
congestion within a company, there is a rapid spread of that congestion to other
areas of the company’s network, which makes planning less dependable and,
consequently, delivery performance less reliable. If decisions for routing are made
based on expected demand rather than actual demand, then it is possible for a
company to reduce its average congestion index by utilizing estimated shipment
volumes to create more efficient capacity allocation and routing priorities which
substantially improve delivery speeds by decreasing average lead-time variability
by approximately one week or approximately seven more days, from 1.7 to 1
(assuming an average lead-time variability of 0.94—0.7). The application of this
method yields a more efficient way of managing future fluctuations in demand,
but the level of optimization in this process has not yet been completely adapted
to accommodate changes in logistics operations under significant unexpected
increases in demand (in other words, a company will not have the ability or
system in place to adapt quickly to a major surge in demand). The proposed
ULSCO framework produces a lead-time variation of 1.3 days and a congestion
index of 0.88, which allows for the provision of more stable and adaptive
logistics and is significantly faster and more efficient than the deterministic
baseline metrics. The unified predictive—prescriptive learning architecture of
ULSCO is what makes these benefits possible. It combines policies for managing
upstream transportation with data on downstream retail demand. ULSCO uses
dynamic routing algorithms and RL-based modal allocation to move freight
between different modes of transportation in response to changing demand
patterns. ULSCO has proven that it is the best at running logistics networks that



can handle demand and remain robust. It does this by coordinating adaptive
logistics decision-making with real-time changes in demand to reduce congestion
and stabilize delivery performance under unstable conditions.

Table 7.15 Logistics Performance under Demand Volatility,
Comparing the Stability and Responsiveness of Transportation
Planning across Models <1

Model Lead Time Std. Dev. || Congestion Index |
Deterministic 2.1 1.00
Forecast aware 1.7 0.94
ULSCO (proposed) [ 1.3 0.88

Metrics quantify variability in freight lead times and congestion levels,
highlighting the ability of unified predictive—prescriptive architectures to adapt
upstream logistics to downstream demand fluctuations.

Table 7.16 shows a cross-domain coupling analysis between changes in retail
demand and changes in logistics decisions. The Demand Shock to Logistics
Reaction Index measures logistics activity as a response to changes in demand.
This indicator quantitatively assesses the synergy between the retail and
transportation layers of the supply chain by measuring how fast and accurately
signals of uncertainty, variability, and coordination are sent between these two
domains across the entire supply chain. There is also a weakly positive linear
correlation of 0.31 between the Demand Shock and Logistics Reaction Index,
indicating a weak link between logistics planning and demand forecasting
methods followed by a company in the integrated ML approach. In the current
situation, although ML models can produce accurate forecasts of future demand,
the majority of decisions about routing and transportation methods are still made
using static or heuristic (rules of thumb) methods, which do not consider
uncertainty or sudden demand shifts, thereby leading to reduced impact on
logistics operations resulting from changes in retail demand, inefficient utilization
of transportation resources, delayed responses to sudden demand surges, and
inadequate capacity allocation for transportation within a supply chain. The
integrated planning method increases the cross-domain coordination of logistics
activities to 0.47. By integrating the output from demand forecasting with routing,
consolidation, and scheduling decision-making processes, an improved integrated
planning model helps incorporate changes in demand into the upstream logistics



planning process. There is a moderate increase in coupling; thus, the retail and
logistics layers have improved interactions with each other. However, the
limitations of deterministic optimization methods restrict how well the system can
interact with changing patterns of uncertainty. Some of the uncertainty is
transferred between domains. The ULSCO framework demonstrates the best
cross-domain coupling, as shown by its correlation coefficient of 0.68. This
significant enhancement over the separate and combined benchmarks highlights
that the ULSCO framework allows for greater incorporation of demand
uncertainty into upstream logistics control strategies than prior models. The
ULSCO framework’s predictive—prescriptive learning architecture provides
continual updates to routing, modal selection, and consolidation strategies based
on real-time retail demand information using RL methods. Therefore, the close
connection of the vertical aspect of the supply chain enables proactive changes to
be made to logistics decisions prior to the occurrence of demand shocks, as
opposed to reacting to service failures in the downstream supply chain. Overall,
the data indicate that the ULSCO framework offers a highly-coherent and flexible
end-to-end optimization system that spreads uncertainty across the layers of the
supply chain and creates greater stability, responsiveness, and operational
efficiency.

Table 7.16 Cross-Domain Coupling Analysis between
Downstream Retail Demand and Upstream Logistics
Decisions <

Model Demand-Logistics Correlation |
Isolated ML 0.31

Integrated planning | 0.47
ULSCO (proposed) | 0.68

Reported values quantify the strength of demand—logistics interaction, illustrating
how effectively each method propagates uncertainty and coordination signals
across supply chain layers.

7.5.3 Ablation Study

The ablation study looks at how different parts of the architecture affect overall
performance. Each variant removes one part of ULSCO but leaves all the others
the same. This helps us understand what made the gains happen. The ablation



analysis of the forecasting module in the proposed ULSCO framework on the
Rossmann Store Sales dataset 1s shown in Table 7.17. We use RMSE as the

standard for evaluation. To see how different modeling layers affect the overall
accuracy of forecasts and how much they help with predicting demand over
multiple time horizons, each variant removes a different architectural element.
With an RMSE of only 0.218, the entire ULSCO configuration sets the standard
for other ablation comparisons. This result shows that ensemble stacking,
temporal modeling, and representation learning can all be used in the same
predictive architecture. When the representation learning layer is removed, the
RMSE increases to 0.236, which means that the predictions are less accurate.
This drop shows how important learned latent feature embeddings are for
identifying nonlinear links between calendar effects, store-specific variability, and
promotional variables. Without this layer of abstraction, the model can’t apply to
as many different types of demand patterns. The RMSE increases to 0.244 when
ensemble stacking is not used. This result shows that using more than one
predictive learner is very important for reducing bias and variance in each model.
When demand is hard to predict, ensemble stacking uses a mix of forecasting
methods that work well together to make predictions that are more reliable and
stable. When the forecasting pipeline is removed, it is easier for mistakes to occur
and it is less able to deal with changes in demand. The performance drop is most
noticeable when the recurrent neural network part is removed, which eliminates
temporal modeling. The RMSE increases to 0.257. This increase shows how
important it is to model temporal dependencies when trying to predict retail
demand. It is much harder to make accurate multi-horizon predictions when you
can’t clearly capture seasonality, sequential patterns, and lagged demand
responses. These results show that representation learning, ensemble stacking,
and temporal modeling all work together to make ULSCO better at predicting the
future; not just one architectural element. To get stable, very accurate demand
forecasts in unified predictive—prescriptive supply chain architectures, multi-
representation predictive modeling is necessary, as shown by the gradual rise in
errors across ablation variants.

Table 7.17 Ablation Analysis of the Forecasting
Component in the Proposed ULSCO Framework,

Dataset &1
Variant RMSE |

Full ULSCO 0.218




Variant RMSE |

— Representation learning 0.236

— Ensemble stacking 0.244

— Temporal modeling (RNN removed) | 0.257

Each variant removes a specific architectural element to quantify its contribution
to multi-horizon demand prediction accuracy.

Table 7.18 shows an ablation study of inventory control methods within the
proposed ULSCO framework. It shows how removing closed-loop feedback and
RL-based control affects store-level service reliability and inventory efficiency.
We use fill rate and inventory turnover to measure performance. These are two
different ways to measure how well capital is being used and how well service is
being maintained. The full ULSCO configuration has a fill rate of 95.0% and an
inventory turnover of 8.6. It is the best example of adaptive predictive—
prescriptive inventory optimization. These numbers show how well
replenishment policies that use RL work. These policies are always changing the
options for ordering based on how much demand is expected, how much stock is
available, and how well the order was fulfilled downstream. Performance drops
significantly when you use heuristic replenishment procedures instead of the RL
control layer. The quality of service and the productivity of inventory both reduce
significantly when the fill rate drops to 87.2% and the turnover drops to 7.3. This
drop shows that heuristic decision-making methods can’t dynamically balance
service reliability and stock efficiency when retail demand changes. However,
better demand forecasting can help with replenishment inputs. Thus,
improvements that are expected don’t always mean that operations will run more
smoothly. Taking away the closed-loop feedback system also makes things worse,
but not as much. The fill rate drops to 89.1% and the turnover drops to 7.7 in this
version. The system can’t always deal with systemic biases or adapt to changing
demand conditions because there isn’t always a link between changes to
replenishment policies and actual sales results. This makes inventory cycling less
effective, and service quality drops a little. In conclusion, these results show that
accurate forecasting isn’t enough for good operational performance in managing
retail inventory. To turn forecast data into useful restocking activities, adaptive
prescriptive control methods are needed instead. The performance of full ULSCO
comes from its integrated RL-based control and closed-loop learning architecture,
which keeps inventory decisions aligned with real demand. These results show
that in fast-paced retail settings, it’s important to make unified predictive—



prescriptive decisions in order to keep service levels high and make the best use
of inventory.

Table 7.18 Ablation Analysis of Inventory Control
Mechanisms within the Proposed ULSCO
Framework <

Variant Fill Rate (%) | Turnover
Full ULSCO 95.0 8.6
— RL control (heuristic) | 87.2 7.3
— Feedback loop 89.1 7.7

Results quantify the impact of removing RL-based control and closed-loop
feedback on service-level reliability and inventory efficiency, highlighting the
necessity of adaptive prescriptive decision-making.

Table 7.19 displays an ablation study regarding the logistics optimization
component of the ULSCO framework. It looks at how separating freight
optimization from demand-logistics coupling changes how well upstream
transportation works. We measure performance using average freight lead time
and a normalized logistics cost index because they show how cost-effective and
time-efficient transportation operations are as a whole. With an average lead time
of 8.4 days and a cost index of 0.86, the full ULSCO setup has the best logistics
performance. These numbers show how a closed-loop learning architecture can
help predict both future retail demand and transportation choices at the same
time. They also set the standard for logistics optimization that combines
prediction and prescription. When the freight optimization layer is removed,
performance that can be measured goes down. With this change, the cost index
goes up to 0.96 and the average lead time goes up to 9.1 days. The system can’t
combine shipments, change transportation capacity on the fly, or change routing
strategies when network conditions and demand change if freight optimization
isn’t limited. Inefficient transportation operations lead to longer transit times and
higher logistics costs.

Table 7.19 Ablation Analysis of the Logistics Optimization
Component within the ULSCO Framework <

Variant Lead Time (Days) | Cost Index




Variant Lead Time (Days) | Cost Index
Full ULSCO 8.4 0.86
— Freight optimization 9.1 0.96
— Demand-logistics coupling | 9.4 1.00

Results quantify the impact of removing demand-logistics coupling and
constrained freight optimization on upstream transportation efficiency, as
measured by average freight lead time and logistics cost indicators.

It gets even worse when you break the link between demand and logistics.
These variants work about the same as fully decoupled deterministic routing
methods, with an average lead time of 9.4 days and a cost index of 1.00. If there
1s no clear connection between upstream transportation control and downstream
demand signals, uncertainty in forecasts or expected changes in retail demand no
longer affects logistics decisions. Because of this, capacity allocation and routing
stop being flexible and go back to being fixed. This means longer delivery times,
more traffic, and higher transportation costs. All of these results show that
dynamic supply chains need to plan for both upstream and downstream activities
in order to work well. The full ULSCO architecture works so well because it can
send retail demand signals to adaptive freight optimization and transportation
planning decisions. ULSCO proves that there is a need for integrated, learning-
based logistics optimization within unified predictive—prescriptive architectures.
It does this by using tight demand—logistics coupling and constrained
optimization mechanisms to turn predictive information into logistics actions that
are cost-effective and responsive to time.

7.6 Conclusion and Future Works

This chapter presented ULSCO, a collaborative learning approach to supply chain
optimization that links logistics planning, inventory control, and demand
prediction in a single predictive—prescriptive architecture. ULSCO relies on
closed-loop feedback to spread uncertainty across planning horizons and directly
integrates downstream retail demand signals with upstream freight allocation
choices unlike traditional planning systems and separate ML pipelines. Following

suggested framework showed steady improvement in a variety of operational
variables, including reduced forecast error, decreased inventory turnover,
enhanced service levels, and decreased logistics costs. Comparative, cross-



domain, and ablation analyses confirm the role of coordinated learning and
control in complex supply chain systems, demonstrating that these benefits
cannot be achieved separately but result from architectural integration. Future
endeavors will encompass the integration of real-time streaming data for online
adaptation, the expansion of ULSCO to multi-product and multi-echelon
environments characterized by stochastic lead times, and the exploration of causal
and counterfactual learning mechanisms to enhance intervention-aware decision-
making. Other directions include making it easier to understand for regulatory
compliance, improving governance through automated drift detection, and testing
large-scale implementation in operational industrial systems with real-world
limitations.
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8.1 Introduction

To assist operational and strategic decision-making, data-driven supply chain
systems are increasingly relying on statistical forecasting, machine learning models,
Internet of Things (IoT)-based sensing, and digital twin simulations. Demand
forecasting, asset monitoring, and localized optimization across procurement,
production, and logistics activities have all seen quantifiable benefits because to
these strategies [1]. However, even with their increasing sophistication, the majority
of current systems evaluate uncertainty in a function-isolated way, treating
operational variability, disruption risk, and forecasting error as separate phenomena
instead of interdependent signals in an end-to-end supply network [2]. This results
in a situation where uncertainty is modeled locally but does not spread coherently
across decision layers, which we refer to as the Fragmented Uncertainty Modeling
(FUM) problem.

In internationally dispersed supply chains subject to demand volatility,
geopolitical shocks, and climate-driven disruptions, the FUM problem becomes
especially acute. The way exogenous shocks amplify and cascade across
interconnected sourcing, production, and fulfillment decisions is not well captured
by conventional enterprise architectures, which are typified by functionally
segregated planning and execution systems, delayed information exchange, and
reactive control loops [3]. Although predictive analytics, digital traceability tools,
IoT-enabled monitoring platforms, and automation technologies have been adopted
by businesses, they are usually implemented as standalone solutions that are
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tailored to certain activities rather than to system-wide uncertainty reasoning [4].
End-to-end stability and resilience are thus limited, since operational decisions are
frequently based on imprecise or inconsistent uncertainty estimates.

More potent models, such as simulation-driven digital twins, reinforcement
learning-based inventory control, and nonlinear machine learning predictors, have
been investigated in recent developments in supply chain analytics [5]. The bulk of
empirical research, however, is still limited to evaluations of a specific function,
including improving maintenance scheduling, forecast accuracy, or transportation
routing [6]. The way that uncertainty that starts in one layer, like environmental
volatility impacting logistical dependability, spreads across upstream sourcing
dependencies or downstream fulfillment performance is not explicitly modeled by
these methods. As a result, current frameworks find it difficult to facilitate
comprehensive reasoning regarding trade-offs between recovery, robustness, and
efficiency in the face of systemic uncertainty. Four architectural paradigms—
fragmented architectures, isolated digitalization, integrated end-to-end architectures,
and governance-embedded autonomous architectures—are contrasted in Table 8.1
to provide an overview of this progression. A value of 1 in the table signifies that
the associated capacity is expressly supported by a certain architectural paradigm,
whereas a value of 0 implies that it is not. Strict planning—execution separation and
compartmentalized information flows are characteristics of fragmented
architectures that lead to little uncertainty sharing across processes. Because of the
lack of cross-functional compatibility, isolated digitalization preserves some
situational awareness while introducing predictive analytics and [oT monitoring.
Unified data flows and coordinated decision-making are made possible by
integrated end-to-end systems, which enhance operational stability and disruption
recovery. By facilitating real-time coordinated control, embedded data governance,
and responsible decision automation—features necessary to regulate uncertainty
propagation at scale—governance-embedded autonomous systems further expand
these capabilities [7].

Table 8.1 Architectural Capability Comparison across Fragmented, Isolated
Digitalization, Integrated End-to-End, and Governance-Embedded
Autonomous Supply Chain Systems <1
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Binary entries indicate the presence (1) or absence (0) of each capability,
highlighting the progression toward coherent end-to-end uncertainty propagation.

Even integrated systems frequently fail to reason about uncertainty as a first-class
modeling element due to the FUM problem. Rather than being architectural
mechanisms that govern the generation, transformation, and action of uncertainty
estimations, organizational preparedness, data governance, and automation
accountability are often viewed as downstream implementation issues [8]. As
systems move toward greater degrees of autonomy, these disconnects cause ongoing
problems with data integrity, regulatory compliance, and confidence in algorithmic
conclusions [9]. Furthermore, from the standpoint of uncertainty propagation, data
lineage, and cross-organizational decision coupling, the integration of older
business systems with cloud-native and event-driven infrastructures has not
received enough attention [10]. This paper offers Uncertainty-Propagating Supply
Chains (UP-SC), an end-to-end data-driven paradigm that explicitly models and
propagates uncertainty across interdependent supply chain decision layers, in
response to these restrictions. In order to facilitate network-aware stability estimates
and resilience-oriented decision intelligence, UP-SC integrates exogenous climatic
volatility signals with global trade dependency structures to portray supply chains
as coupled economic—environmental networks. UP-SC offers a unified architectural
architecture in which uncertainty flows systematically from data capture to
analytical inference and operational control, as opposed to optimizing discrete
operations.

This chapter is structured as follows. Section 8.2 reviews related work and
critically analyzes existing supply chain integration, predictive analytics, [oT and
digital twin technologies, organizational governance, resilience modeling, and
decision automation architectures, systematically exposing the FUM problem
through comparative capability taxonomies (Tables 8.1-8.8). Section 8.3 presents



the proposed UP-SC framework, detailing its datasets, preprocessing pipeline,
economic—environmental network formulation, uncertainty fusion mechanisms,
digital twin abstraction, and layered governance-embedded architecture (Figure
8.1). Section 8.4 describes the experimental setup, evaluation metrics, and
hyperparameter configurations. Section 8.5 reports empirical results, cross-domain
analyses, and ablation studies demonstrating the system-level benefits of explicit

end-to-end uncertainty propagation. Finally, Section 8.6 concludes this chapter and
outlines directions for future research.

UP-SC: Uncertainty-Propagating Supply Chain Architecture
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Figure 8.1 Layered architecture of UP-SC illustrating end-to-end
uncertainty propagation across data ingestion, processing, network-
based analytical intelligence, and decision-support layers. <
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Binary indicators (1/0) denote the presence or absence of each capability,
highlighting persistent limitations in end-to-end uncertainty propagation.

Table 8.3 Capability Comparison of Predictive Analytics and Al Paradigms
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Binary entries (1/0) indicate the presence or absence of each capability, highlighting
the lack of end-to-end uncertainty propagation in function-isolated models.




Table 8.4 Functional Capability Comparison of IoT and Digital Twin Systems, {
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Binary entries (1/0) indicate the presence or absence of each capability.

Table 8.5 Comparison of Organizational and Governance Perspectives in
Digital Supply Chain Research &
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Binary entries indicate the presence (1) or absence (0) of each capability,
highlighting the fragmentation of adoption, readiness, resistance, and autonomy

considerations.

Table 8.6 Governance Architecture Capability Comparison across Enterprise,
Provenance-Aware, Blockchain-Based, and Cloud-Native Governance Systems
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Binary entries indicate the presence (1) or absence (0) of each governance
capability, highlighting persistent limitations in explicit uncertainty traceability,
governance-embedded analytics, and real-time uncertainty-aware policy
enforcement in distributed supply chain data infrastructures.




Table 8.7 Resilience Architecture Capability Comparison across Buffer-Based,
Stochastic Optimization, Digital Twin, and Network Science-Based Resilience
Modeling Paradigms <1
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Binary entries indicate the presence (1) or absence (0) of each resilience capability,
highlighting the absence of explicit dynamic uncertainty propagation and end-to-
end resilience reasoning in prevailing resilience modeling frameworks.

Table 8.8 Decision Automation Architecture Capability Comparison across
Rule-Based, Reinforcement Learning, Multi-Agent, and Autonomous
Enterprise Automation Paradigms <
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Binary entries indicate the presence (1) or absence (0) of each automation
capability, highlighting the lack of explicit uncertainty propagation and network-
level decision reasoning in prevailing autonomous supply chain control
frameworks.

8.2 Related Works

8.2.1 Evolution of Supply Chain Technology Integration

Enterprise-centric information systems intended to replace dispersed departmental
applications with unified transactional platforms were the focus of early supply
chain technology integration research. In order to enable consistent schemas and
internal process alignment within company borders, enterprise resource planning
(ERP) systems have been thoroughly researched as fundamental mechanisms for
cross-functional data standardization [11]. Table 8.2 illustrates how ERP-centric
integration facilitates standardized data representation (1) but falls short in terms of
deployment agility, scalability across wide networks, and real-time operational
synchronization (0). As a result, ERP systems enhanced transactional accuracy and
internal visibility but provided little assistance for managing dynamic uncertainty
outside of organizational boundaries [12]. Research focus turned to Electronic Data
Interchange (EDI) frameworks that automate trade partner transactions as supply
chains became more inter-organizational. By codifying preset message formats and
workflows, EDI systems enhanced inter-organizational transaction automation (1 in
Table 8.2) [13]. However, scalability, agility, and adaptive interoperability were
limited due to their restrictive schemas, high coordination overhead, and limited



extensibility (0 in Table 8.2). Consequently, real-time synchronization and
uncertainty-aware coordination under demand or disruption variations were not
supported by EDI-based integration, which only worked well in steady operational
settings [14].

Cloud-based supply chain platforms and control tower systems were made
possible by later developments in distributed computing. These solutions combined
diverse data feeds from supplier portals, warehouse platforms, transportation
management systems, and loT-enabled assets, and they separated computing from
on-premises infrastructure [15]. Table 8.2 summarizes how cloud and control tower
models facilitate [oT-enabled logistics integration (1s), scalability, deployment
agility, and centralized disruption monitoring. Their capacity to reconcile
uncertainty signals across heterogeneous decision layers is, however, limited by
their lack of fault isolation, modular system architecture, and real-time operational
synchronization (0s) [16]. In practice, uncertainty identified at the logistics or
sensing layers is centrally depicted but does not propagate upstream into models for
production planning or sourcing.

The focus of more recent studies is on API-centric and event-driven integration
designs, which substitute loosely connected services for strict point-to-point
connections [17]. While event-driven streaming infrastructures allow for real-time
operational synchronization across dispersed supply chain components,
microservices-based solutions offer modularity and fault separation (as shown in
Table 8.2) [18]. These architectures are the first integration paradigm that supports
continuous state synchronization, scalability, agility, and interoperability all at once.
However, as Table 8.2 shows, the main focus of API- and event-driven ecosystems
is not semantic uncertainty propagation, but rather structural and temporal
coordination. Uncertainty estimates are not coherently conveyed across
procurement, production, and fulfillment layers; instead, they stay embedded within
particular services even when system states are synchronized in real time.

8.2.2 Predictive Analytics and Artificial Intelligence
Applications

Through a series of modeling paradigms that gradually increase decision autonomy
while mostly retaining function-local uncertainty assessment, predictive analytics in
supply chain management has developed. In order to enable demand planning and
inventory control under uncertainty, early work concentrated on statistical
forecasting and optimization models [19]. As demonstrated by their capacity to
capture demand variability in Table 8.3, traditional time-series and regression-based
techniques produced understandable demand predictions and supported trend-based
planning decisions. Nevertheless, these models work inside isolated planning



horizons, assume stationarity, and limit uncertainty to forecasting error rather than
spreading it throughout downstream execution layers [20]. In order to capture the
nonlinear interactions between price, promotions, and seasonal effects, later
research included forecasting models based on machine learning [21]. Table 8.3
illustrates how machine learning techniques complement statistical models by
preserving demand-level uncertainty estimation while enabling nonlinear demand—
promotion interactions. Empirical studies show diminishing results when feature
stability, data quality, or organizational execution alignment are restricted, despite
persistent accuracy advances [22]. Importantly, the forecasting paradigms of
machine learning and statistics only assess uncertainty at the demand layer; they
lack the means to translate this uncertainty into fulfillment performance, sourcing
exposure, or logistical reliability.

Simultaneously, research on predictive maintenance used sensor data to
determine the remaining useful life, failure probabilities, and equipment health of
production and logistical assets [23]. Table 8.3 shows that these models facilitate
sensor-driven health analysis and remaining useful life prediction, which introduce
uncertainty estimation at the asset level. While effective at decreasing downtime
variability and maintenance costs, predictive maintenance systems remain
operationally isolated, with uncertainty signals rarely integrated into upstream
capacity planning or downstream delivery obligations [24]. Autonomous decision-
making systems have been the subject of more recent research, namely
reinforcement learning frameworks for pricing, dynamic replenishment, multi-
echelon inventory control, and order fulfillment scheduling [25]. Table 8.3
summarizes how autonomous decision Al introduces explicit governance and
transparency limitations while providing unique support for adaptive policy
optimization, real-time replenishment, and dynamic capacity modulation.
Nevertheless, instead of modeling uncertainty as an explicit, cross-functionally
shareable representation, these systems usually implicitly embed it inside policy
learning loops [26]. Because of this, autonomous agents are able to reason over
localized state-action ambiguity without spreading uncertainty throughout
interconnected decision layers.

8.2.3 Internet of Things and Digital Twin Technologies

Localized sensing and visibility were the main focus of early supply chain loT
research, which mostly used Radio Frequency Identification and GPS-based
monitoring devices to track shipment status and inventory movement [27]. As
shown in Table 8.4, where 0 indicates the lack of explicit functional support and 1
indicates its presence, asset visibility [oT solutions do not offer advanced analytical
or decision-making capabilities, but they do facilitate inventory movement
traceability. Although these systems did not simulate uncertainty beyond the



immediate sensing layer, they did enhance descriptive awareness of logistics
processes. Temperature, humidity, and vibration readings for cold-chain and
condition-sensitive commodities were included in [oT deployments for
environmental sensing in later work [28]. Table 8.4 demonstrates that
environmental sensing [oT is still limited to condition monitoring and does not
allow equipment health analytics, simulation, or decision adaptation, even if these
technologies made it possible to monitor cold-chain compliance and reduce
spoiling. Because of this, environmental variability-derived uncertainty signals are
usually displayed at the dashboard level and do not spread to planning or control
models [29]. Using anomaly detection, survival analysis, and remaining useful life
assessment for production and logistical assets, further research investigated IoT-
enabled predictive maintenance [30]. As Table 8.4 illustrates, predictive
maintenance [oT offers health analytics for equipment and estimates its remaining
useful life, but it does not yet allow virtual representation, process simulation, or
network-level reasoning. As a result, upstream capacity planning and downstream
fulfillment decisions do not incorporate maintenance-related uncertainty, which is
isolated at the asset level [31].

By creating virtual representations of physical assets and processes, digital twin
technologies go beyond the Internet of Things [32]. This allows for process flow
simulation and what-if analysis under hypothetical interruptions. A qualitative
change from descriptive sensing to analytical experimentation can be seen in Table
8.4, which shows that digital twin modeling explicitly enables virtual asset
representation and process flow simulation. Nevertheless, traditional digital twins
continue to be passive analytical artifacts because they do not provide autonomous
optimization, self-updating recalibration, or network-level capacity modeling,
which prevents uncertainty from spreading across decision layers [33]. Network-
level capacity modeling, disruption response simulation, self-updating model
recalibration, and autonomous optimization proposals are only supported by
autonomous digital twin architectures, as indicated in Table 8.4. However,
uncertainty transmission is frequently implicit and task-specific even in these
systems, rather than being clearly addressed as a first-class architectural problem
spanning production, fulfillment, and procurement [34]. Therefore, despite their
representational strength, digital twin ecosystems often function as standalone
simulation environments instead of integrated parts of end-to-end uncertainty-aware
decision pipelines.

8.2.4 Organizational Change and Technology Adoption

Instead of developing as a single architectural viewpoint, organizational research on
supply chain technology adoption has evolved across several mostly separate
analytical lenses. In order to explain how individual users react to enterprise



systems, early research concentrated on behavioral adoption theories, such as
diffusion models and technology acceptance [35]. This research mainly ignored
system-level uncertainty handling and cross-functional decision coupling in favor
of emphasizing perceived utility, usability, and social influence. Organizational
readiness frameworks were introduced by a different body of research, emphasizing
workforce capabilities, leadership support, absorptive ability, and infrastructure
maturity as factors that contribute to effective digital transformation [36]. Research
has consistently shown that when organizational capability and technology
complexity are not aligned, deployments are delayed and performance advantages
are not obtained [37]. However, rather than treating analytical models and
uncertainty estimation as dynamic, governance-regulated processes, readiness-
oriented work usually regards them as static inputs.

Overt and latent resistance behaviors are produced by job insecurity, loss of
professional autonomy, and mistrust of algorithmic decision-making, according to a
different research stream that looked at resistance dynamics and intervention
techniques [38]. Participatory design, structured communication, and focused
training were suggested as mitigation techniques by intervention-based studies [39].
These methods are useful for enhancing adoption continuity, but they never address
the validation, communication, or application of uncertainty estimations across
decision levels. Algorithm-driven operations require data-driven organizational
culture, transparency in governance, and leadership alignment, according to more
recent research on autonomous transformation enablement [40]. Although these
publications emphasize the value of accountability and institutional learning, they
usually view governance as an organizational overlay rather than an essential part
of the design of analytical systems. This fragmentation is summarized in Table 8.5,
where a value of 1 means that a certain organizational or governance capability is
expressly taken into account by a research lens, and 0 means that it is not. The table
demonstrates how earlier work has tackled behavioral adoption, readiness
alignment, resistance governance, and autonomous enablement separately, with
little overlap among viewpoints. Consequently, the FUM problem at scale is
reinforced by the insufficient integration of uncertainty governance—how
uncertainty is created, trusted, audited, and propagated across supply chain decision
layers—into technical designs [41].

8.2.5 Data Governance, Provenance, and Trust
Architectures

Research on data governance, lineage, and trust as key facilitators of scalable digital
transformation has grown as supply chain analytics has advanced toward dispersed
and autonomous decision environments. In order to enhance transactional integrity



in corporate systems, early governance research concentrated on master data
management, access control, and schema harmonization [42]. Table 8.6
demonstrates that although these frameworks facilitate the standardization of
internal data (1), their usefulness in internationally distributed supply chains is
limited due to their limited support for cross-organizational provenance tracking,
uncertainty tracing, and real-time auditability (0). Later research examined
provenance-aware data management systems that incorporate traceability and
metadata tracking into data pipelines [43]. Although these systems addressed
uncertainty as a descriptive characteristic rather than an operational signal, they did
increase auditability and accountability across distributed platforms (1 in Table 8.6).
Consequently, uncertainty estimates were not propagated across interdependent
decision layers but were recorded for compliance purposes. Blockchain-enabled
governance techniques for supply chain traceability and trust enforcement were
added in more recent studies [44]. Although these methods improved immutability,
tamper resistance, and partner accountability (1s in Table 8.6), their capacity to
facilitate real-time uncertainty-aware coordination was limited due to latency
overheads and a lack of interaction with analytical reasoning layers. Role-based
access control, lineage-aware data orchestration, and automated policy enforcement
were further introduced by cloud-native governance platforms [45]. Even though
these architectures enhanced real-time monitoring and scalability, they were unable
to incorporate uncertainty propagation as a first-class architectural function. Across
the sourcing, production, and fulfillment tiers, uncertainty was still a characteristic
to be recorded rather than a signal to be sent and responded to. Existing governance
systems guarantee compliance and accountability, but they do not specifically
represent how uncertainty should be created, audited, transformed, and spread
across interrelated supply chain choices, as summarized in Table 8.6. The
continuation of the FUM problem at scale 1s directly caused by this unaddressed
gap, which is why UP-SC integrated governance as an architectural layer that
explicitly manages uncertainty flows rather than just data records.

8.2.6 Resilience Modeling and Disruption Management
Architectures

Traditionally, research on supply chain resilience has concentrated on disruption
response modeling, redundancy planning, and risk mitigation. To lessen
susceptibility to localized disturbances, early resilience frameworks placed a strong
emphasis on buffer stock regulations, supplier diversification, and safety stock
optimization [46]. Table 8.7 shows that these models lack dynamic propagation
mechanisms (0) and network-level uncertainty modeling (1), although they do
support basic recovery planning (1). In order to assess disruption recovery plans



under probabilistic demand and lead-time fluctuations, subsequent research
developed stochastic optimization and scenario-based simulation tools [47].
Although these techniques made it possible to evaluate contingencies, their
relevance in globally interconnected trade networks was limited since they modeled
uncertainty as an external disturbance rather than a network-propagating signal.
What-if simulations for buffer allocation, production rescheduling, and logistics
rerouting were further made possible by resilience models based on digital twins
[48]. Although these models enhanced local recovery planning (1 in Table 8.7), they
lacked structural coupling across manufacturing, distribution, and procurement
networks and remained function-isolated. Dependency graphs and cascade failure
analysis were introduced by more current network science techniques to simulate
the spread of vulnerabilities [49]. While network effects are captured by these
techniques, environmental volatility is usually treated as static stress parameters
instead of dynamically propagated uncertainty signals. Previous resilience
architectures enhance local recovery planning, but they lack architectural
mechanisms for coherent end-to-end uncertainty propagation, as summarized in
Table 8.7. This restriction serves as the driving force for UP-SC’s definition of
resilience as a system-level characteristic that results from precise modeling of the
flow of economic and environmental uncertainty.

8.2.7 Decision Automation and Autonomous Supply
Chain Systems

Research on autonomous supply chain control frameworks increased as decision-
support systems became more automated. Routing heuristics, capacity allocation
policies, and reorder points were automated by early rule-based and expert systems
[50]. These systems were efficient for repetitive tasks, but they were incapable of
learning or propagating uncertainty (0 in Table 8.8).

Later, adaptive pricing, replenishment, and scheduling under stochastic demand
were made possible by reinforcement learning-based controllers [51]. These
systems do not reveal uncertainty as a shared architectural signal across decision
layers, but they implicitly incorporate it into policy learning loops. Decentralized
coordination and negotiation techniques were further introduced by multi-agent
supply chain systems [52]. Despite modeling interaction dynamics, these
frameworks do not coherently disseminate uncertainty across sourcing-production-
distribution networks; instead, uncertainty stays confined to actors. Cloud-native
orchestration, Al decision engines, and governance automation are all integrated
into recent autonomous enterprise platforms [53]. These systems still lack clear
architectural mechanisms for uncertainty propagation, despite improvements in
automation maturity and scalability. The existence of the FUM problem is



reinforced by Table 8.8, which shows that present automation systems value
execution autonomy over uncertainty-aware coordination. This underscores the
need for UP-SC’s governance-embedded autonomous design.

8.3 Materials and Methods

8.3.1 Dataset Description

Only two extensive, publicly accessible datasets that collectively encompass the
structural and exogenous uncertainty drivers of global supply chains are used for
the empirical assessment of UP-SC. The study’s emphasis on end-to-end
uncertainty propagation is directly supported by this approach, which also ensures
complete reproducibility and avoids using confidential company data. According to
national statistics organizations, the first dataset is the United Nations Comtrade
International Trade Statistics Database, which offers standardized bilateral
commercial trade records [54]. The information includes annual import and export
values and quantities broken down by reporting nation, partner country, trade flow
direction, and Harmonized System (HS) product codes. In order to capture
upstream procurement unpredictability, international logistics dependency, and
cross-border demand transmission, we extracted a 5-year balanced panel
comprising manufacturing and consumer products categories for this study. The
final Comtrade subset, which spans more than 150 reporting economies and
hundreds of HS product groupings, consists of around O(10") country—product—
partner trade corridors annually after filtering incomplete reporters and low-volume
trade ties.

Export amount, export value, import quantity, import value, reporter country,
partner country, HS product code, and year are important Comtrade parameters that
were employed in the analysis. Together, these factors produce the economic
dependency graph that underpins UP-SC. Trade corridors are represented as
weighted edges with intensities that correspond to interregional coupling, sourcing
exposure, and demand concentration. All structural indications come directly from
observed trade flows because neither external indices nor auxiliary macroeconomic
indicators are used. The NOAA Global Surface Summary of the Day (GSOD)
repository, which offers daily weather observations from widely dispersed weather
stations, is the second dataset [35]. Surface-level measures of precipitation, wind
speed, mean temperature, maximum and minimum temperature, and meteorological
event indicators are all included in the GSOD dataset. Daily GSOD observations

are combined into annual regional summaries using spatially weighted averaging
based on station density and proximity in order to maintain consistency with
Comtrade’s annual resolution. Environmental volatility, which acts as an exogenous



perturbation signal influencing transit reliability, storage viability, and disruption
likelihood across trade corridors, is captured by the resulting climate features.

Thus, a two-layer modeling structure is formed by the integrated Comtrade—
GSOD representation. The micro-level environmental layer introduces high-
variance exogenous uncertainty that gradually disturbs the relatively slow-moving
trade linkages and sourcing patterns encoded by the macro-level economic layer.
This linkage is essential to UP-SC because it allows uncertainty resulting from
climate instability to spread through networks of economic dependency instead of
being limited to discrete monitoring levels.

To maintain causal ordering and prevent information leaking, the combined
dataset 1s divided via chronological splitting for model development and evaluation.
In particular, training takes place during the first 70% of years, validation and
hyperparameter selection take place over the next 15%, and testing takes place over
the last 15%. This division covers practical deployment scenarios where it is
necessary to extrapolate future trade stability and disruption recovery from past
environmental and structural trends. To keep trade flows and environmental signals
temporally aligned, all splits are applied uniformly across the two datasets.

8.3.1.1 Dataset Preprocessing

uncertainty structure are all protected by the preprocessing pipeline, which also
allows for consistent spatial-temporal alignment for end-to-end uncertainty
propagation. Every preprocessing step is applied consistently across training,
validation, and test splits and is deterministic and dataset-internal.

In order to eliminate inflation-induced distortions, the Comtrade trade dataset’s
annual import and export quantities and values are first converted to constant-price
units using year-wise deflation. After that, trade flows are combined to provide a
single product—reporter—partner—year resolution. In line with the empirical setting
outlined in Section 8.3.1, the study used a 5-year temporal window. We use a
logarithmic variance-compression modification to address the heavy-tailed
distribution of international trade volumes. While maintaining relative ordering
across geographical areas and product categories, this transformation stabilizes
variation. In the absence of this stage, network-level inference would be dominated
by the top 5% of trade corridors, which account for almost 70% of total trade
volume.

To match Comtrade’s temporal granularity, daily station-level observations are
combined into annual regional summaries for the GSOD meteorological dataset.

Distance-weighted averaging is used for aggregation; weights are inversely
proportional to the geodesic distance between stations and regional centroids,
normalized by the density of local stations. Mean wind speed (m/s), total



precipitation (mm), and mean surface temperature (°C) are examples of climate
variables. Region-specific linear regression models built on temporally neighboring
observations (£14 days) and correlated GSOD variables are used to impute missing
daily observations, which account for about 3.8% of station-day records. There is
no usage of auxiliary datasets or external climate reanalysis products. Using region-
and year-conditioned distributions, outlier detection is carried out separately for
trade and climate variables. Flagged observations are those that deviate more than
+3 standard deviations from their local temporal mean. Conditional expectation
substitution is used to repair verified abnormalities resulting from reporting errors
or sensor breakdowns, and irrecoverable records (less than 0.9% of all samples) are
eliminated. After cleaning, z-score standardization (zero mean, unit variance) is
used to normalize all continuous features from both datasets. This is done only on
the training split to avoid information leakage.

We separately conduct pairwise Pearson correlation analysis on Comtrade-
derived features and GSOD-derived features in order to decrease feature
redundancy and enhance numerical stability. Variance-preserving linear
combinations are used to combine feature pairs with absolute correlation larger than
0.9, guaranteeing that no explanatory variance is eliminated. Following
consolidation, each product—region—year node has a total of 27 input features,
comprising 18 trade-structure variables and nine climate-volatility variables.

Lastly, rigorous chronological segmentation is used to divide the produced
dataset. Training takes up the first 70% of the years, validation takes up the next
15%, and testing takes up the last 15%. In real-world deployment scenarios, where
future supply chain stability must be deduced from past economic and
environmental indications, this division upholds causal coherence. Synthetic
features, proxy variables, and external indices are never introduced. Table 8.9,
which acts as a reproducibility reference for the entire Comtrade-GSOD
preprocessing pipeline, provides a combined summary of all preprocessing
procedures, parameter selections, and impacted variables.

Datasets, Including Resolution Alignment, Cleaning Thresholds, and Feature
Dimensionality <1

Preprocessing UN Comtrade NOAA GSOD Combined

Aspect

Data type Trade flows Climate signals Economic +
environmental




Preprocessing | yn Comtrade NOAA GSOD Combined
Aspect
Raw Annual Daily Mixed
resolution
Target Product-reporter— Region—year Product-region—
resolution partner—year year
Key variables | =12 ~6 —
(count)
Missing rate <1.0 3.8 —
(%)
Imputation None Linear regression | —
method (14 days)
Outlier +30 +30 —
threshold
Normalization | Z-score Z-score Z-score
Feature Corr. > 0.9 Corr. > 0.9 —
reduction
Final features 18 9 27

8.3.2 Model Analysis

8.3.2.1 Economic—Environmental Network Representation

To deal with the FUM problem, UP-SC models the global supply chain as a
network of connected economies and environments. A weighted, directed graph
shows the supply chain. The edges show bilateral trade relationships that were
found from normalized Comtrade trade flows, and the nodes show product—region—
year entities. Edge weights show how strong the dependency between regions is,
how much exposure there is at the destination, and how intense the sourcing is. By

temperature, precipitation, and wind speed, we can add uncertainty to the
environment from outside sources. These coefficients let environmental uncertainty
spread throughout the economy instead of staying in one place by changing the
weights of trade dependency dynamically. This formulation allows the model to




show how localized shocks get bigger across interconnected layers of production,
fulfillment, and procurement by linking slow-moving structural trade linkages with
rapidly changing environmental signals.

8.3.2.2 Trade—Environment Fusion and Uncertainty Indicators

The first step in the analysis is trade—environment fusion, which brings together
aggregated product-region—year-level GSOD climate with time- synchronized

Comtrade trade features. This fused representation is at the core of this definition of
supply chain behavior with uncertainty awareness. UP-SC uses this joint feature
space for exposure ratings of sensitivity to minor climate change as well as stability
measures of the persistence of trade flows during environmental disturbance. These
indicators are the main explicative variables in downstream modeling and express
the degree to which uncertainty spreads across sourcing networks. Rather than
gathering uncertainty measures at discrete functional layers, UP-SC allows for a
reasoning on the trade-offs of resilience, robustness, and efficiency.

8.3.2.3 Network-Level Predictive Modeling

UP-SC is a departure from transaction-level forecasting by focusing only on the
network-level dependence structures. Trade corridors are weighted graphs whose
equilibrium behavior is affected both by environmental change and by structural
dependence. The predictive modeling elements monitor future corridor volatility,
reliability, and disruption persistence based on the historical trends of trade
connections and climatic variability. This network-aware approach also helps detect
systemic vulnerability, where small environmental shocks tend to cause more
instability than large-scale dependency structures. The persistence of explicit
uncertainty across interconnected decision layers is important because vulnerability
in univariate or function-isolated models is indivisible.

8.3.2.4 Digital Twin Abstraction and Scenario Simulation

UP-SC also provides an abstract digital twin abstraction that creates virtual
corridors of commerce across the region, extending the analytical layer. Each

climatic information. Simulation software for scenario simulation allows for
controlled modification of the environment for the counterfactual results under
different sourcing, routing, and buffering conditions. These simulations are not
intended to suggest particular intervention strategies, but serve to assess future
resilience and stability. Rather, the digital twin paradigm offers uncertainty-aware
decision intelligence, allowing planners to assess possible options in the face of



unfavorable economic and environmental circumstances before they are
implemented.

8.3.2.5 Layered Architecture and Governance Integration

As illustrated in the system architecture (see Figure 8.1), UP-SC is implemented as
a layered integration framework comprising data, processing, analytical
intelligence, and application layers. The data layer ingests Comtrade and GSOD
records with full lineage tracking, while the processing layer performs
normalization, aggregation, correlation screening, and feature consolidation. The
analytical intelligence layer hosts network-based stability estimation, predictive
modeling, and digital twin simulation engines operating on the fused trade—
environment representation. The application layer exposes structured outputs,
including corridor stability scores, exposure classifications, and resilience
indicators, through decision-support interfaces. Governance mechanisms are
embedded across all layers, ensuring auditability, access control, reproducibility,
and transparency of uncertainty estimates from raw data to final decision signals.

8.3.2.6 Progressive Integration and Adaptive Operation

The purpose of UP-SC is to facilitate increasing levels of integration maturity. To
achieve baseline visibility, first installations prioritize exposure screening and
descriptive stability mapping. Predictive volatility prediction and scenario-based
sourcing and routing strategy evaluation are features of intermediate configurations.
Corridor risk profiles can change dynamically without affecting core trade
dependency structures because of advanced setups that allow adaptive operation, in

received. With the help of this layered and adaptive design, UP-SC converts
environmental observations and static trade statistics into a dynamic operational
intelligence system that can effectively propagate uncertainty from beginning to end
in unstable global supply chains.

8.4 Experimental Setup

8.4.1 Evaluation Metrics

8.4.1.1 Trade Corridor Delivery Reliability

The temporal stability of trade flows between origin—destination pairs under
external perturbations is measured by trade corridor delivery reliability. For each
trade corridor over the evaluation horizon, reliability is calculated as the inverse of



year-to-year volume fluctuation using annual Comtrade export amounts. Higher
reliability is correlated with lower variability, meaning that sourcing and fulfillment
choices are steady in the face of demand or environmental changes. By preventing
isolated shocks from causing excessive instability across interconnected trade
corridors, this metric measures an integrated architecture’s capacity to spread
uncertainty coherently.

8.4.1.2 Trade Turnover Intensity

At the corridor level, trade turnover intensity assesses the effectiveness of economic
movement. It can be defined as the ratio of the same corridor’s annual export
volume to its cumulative multi-year export volume. As a stand-in for inventory
flow efficiency and replenishment alignment, this statistic shows how well sourcing
capacity is translated into realized trade flows over time. Turnover intensity offers a
structurally based indicator of efficiency based only on observable trade behavior,
while enterprise-level inventory records are not available. Improved coordination
between logistics, fulfillment, and procurement decisions in the face of uncertainty
is indicated by higher turnover intensity.

8.4.1.3 Climate-Adjusted Flow Rebound Time

Resilience and capacity to recover after external environmental shocks are
measured by climate-adjusted flow rebound time. GSOD-derived distributions of
temperature, precipitation, and wind volatility are used to identify climatic
anomalies; deviations that go beyond statistical thresholds specific to a certain
region are considered extreme events. Rebound time is calculated as the number of
years needed for export volumes to return to their predisturbance baseline for each
impacted trade corridor. Faster healing and increased resilience are shown by
shorter rebound times. This measure makes it possible to assess how well
uncertainty-aware architectures adjust to disturbances brought on by climate change
by directly connecting environmental uncertainty to economic recovery dynamics.

8.4.2 Hyperparameters

The hyperparameter setup ensures that the UP-SC framework is stable, can be
reproduced, and runs quickly. It also keeps the framework sensitive to how
uncertainty spreads through economic—environmental networks. All
hyperparameters are fixed during experiments, and their values are chosen based on
how stable they are numerically and how well they work for validation. Table 8.10
provides a general picture of all the settings. The historical window length for
temporal modeling is 24 months. This keeps structural drift from old observations



to a minimum while still giving enough context to show medium-term trade
dynamics. The 3-year forecast horizon strikes a balance between the importance of
making good strategic sourcing and routing decisions and the fact that the
environment is becoming less predictable. With this setup, uncertainty propagation
will always show real planning horizons instead of just noise. Network-level
prediction models for corridor stability use ensemble learning with 400 trees and a
maximum tree depth of 8. This method keeps interregional dependence patterns
without breaking up sparse commerce corridors too much. The minimal number of
samples per terminal node is set at 20 observations in order to preserve statistical
robustness. With a learning rate of 0.02, gradient-based optimization in ensemble
and auxiliary models allows for smooth convergence without oscillatory volatility
estimates. Neural network components employ three hidden layers, each with 128
units, to capture higher-order relationships between trade intensity and climatic
volatility for nonlinear modeling of trade—climate interactions. To reduce overfitting
in a variety of corridor situations, dropout is implemented at a rate of 0.3. A batch
size of 128 product-region—year samples is used for training, which maintains
scalability while delivering consistent gradient behavior. Based on validation loss
stabilization, the early stopping patience is set at 15 epochs, and the optimizer
learning rate is fixed at 0.005. With a 5-year simulation horizon and a quarterly time
step of 3 months, digital twin simulations allow for the assessment of long-term
sourcing and routing responses under changing climate circumstances. Every year,
corridor risk profiles are reoptimized in accordance with Comtrade trade flow
resolution. The risk tolerance coefficients that control sensitivity to environmental
disturbances are set at 0.5, which indicates a modest aversion to volatility without
going too far in the direction of conservatism. Tractable execution is ensured by
imposing operational limitations. Each processing task has a timeout window of 60
seconds, a maximum batch size of 10,000 entries, and a maximum retry limit of
three attempts. To guarantee analytical validity and temporal relevance, data quality
thresholds are consistently applied across all layers and need >95% data
completeness, >97% preprocessing accuracy, and a maximum data latency of 30
days.

Table 8.10 Summary of Hyperparameter
Values for Training, Prediction, and
Simulation Components in UP-SC

Hyperparameter Value

Historical window 24 months

Forecast horizon 3 years




Hyperparameter Value
Number of trees 400
Maximum tree depth 8
Minimum samples per leaf 20
Ensemble learning rate 0.02
Hidden layers 3

Units per layer 128
Dropout rate 0.30
Batch size 128
Optimizer learning rate 0.005
Early stopping patience 15 epochs
Digital twin time step 3 months
Simulation horizon S years
Re-optimization frequency 1 year
Risk tolerance coefficient 0.5
Maximum records per batch | 10,000
Retry limit 3
Timeout 60 seconds
Data completeness threshold | >95%
Data accuracy threshold >97%
Data timeliness limit <30 days

8.5 Results and Analysis

8.5.1 Comparison with State of the Art



We compare UP-SC against representative function-isolated and partially integrated
baselines to evaluate whether explicit uncertainty propagation yields measurable
system-level benefits. Baselines include (i) isolated statistical forecasting pipelines,
(i1)) ML-based predictive analytics without network coupling, and (iii) digital twin—
based simulation without uncertainty propagation across decision layers. All
methods are evaluated using identical datasets, splits, and metrics.

Table 8.8 compares the reliability of trade corridor delivery between function-
isolated baselines and the suggested UP-SC architecture to quantitatively illustrate
the system-level benefits of explicit uncertainty propagation. With a mean
reliability of 0.62 and a comparatively high standard deviation of 0.11, traditional
statistical forecasting pipelines show significant year-to-year fluctuation in trade
corridor performance. The improvement is restricted to localized demand-layer
optimization and does not completely stabilize corridor-level delivery behavior,
even though machine learning-based forecasting increases mean reliability to 0.68
and reduces dispersion to 0.09. The value of simulation-based what-if analysis for
particular operational components is demonstrated by isolated digital twin systems,
which further increase mean reliability to 0.71 with a standard deviation of 0.08.
These methods, however, continue to assess uncertainty in isolated functional silos,
which hinders coherent propagation across interrelated production, fulfillment, and
procurement levels. On the other hand, UP-SC outperforms the strongest baseline
by 27.1%, achieving a much better mean reliability of 0.82 with the lowest
observed standard deviation of 0.05. This significant improvement in performance
can be attributed to architectural integration that views uncertainty as a first-class
system construct rather than to separate modeling complexity. UP-SC lessens the
amplification of localized volatility into network-wide instability by simulating
global supply chains as connected economic—environmental networks and
permitting uncertainty to spread coherently across decision layers. The noticeably
reduced dispersion also shows that UP-SC guarantees constant performance in a
variety of environmental and structural trade situations, in addition to improving
average delivery reliability. A key architectural restriction of traditional analytics is
thus highlighted by the progression shown in Table 8.11: system-level stability does
not increase proportionately with incremental accuracy increases attained by
advanced forecasting or simulation alone. Supply chains only show strong corridor-
level reliability and decreased volatility when uncertainty is explicitly transmitted
across interconnected decision layers, as achieved in UP-SC. These results provide
empirical evidence that, in the face of exogenous environmental and structural
variability, end-to-end uncertainty propagation is an essential architectural
foundation for attaining stable and robust global supply chain operations.

Table 8.11 Comparison of Trade Corridor Delivery Reliability for Function-



Isolated Baselines and UP-SC &

Method g[eel?;fzbﬂiw f)tjv ?I 0/:)& Best Baseline
Statistical forecasting | 0.62 0.11 —

ML forecasting 0.68 0.09 +9.7

Digital twin 0.71 0.08 +14.5

(isolated)

UP-SC 0.82 0.05 +27.1

Table 8.12 illustrates the significant efficiency advantages achieved through
explicit end-to-end uncertainty propagation by comparing corridor-level trade
turnover intensity across cutting-edge analytical baselines and the suggested UP-SC
framework. Only little more than half of cumulative sourcing capacity is
continuously turned into realized trade flows over time, according to statistical
forecasting pipelines, which achieve a turnover ratio of 0.54 with a rather high
standard deviation of 0.10. Better alignment between demand prediction and actual
shipments is demonstrated by machine learning-based forecasting, which increases
turnover to 0.59 and decreases dispersion to 0.08. These improvements, however,
are still limited to localized planning layers and do not consistently take
downstream fulfillment unpredictability or upstream sourcing requirements into
consideration. The value of simulation-based evaluation for particular operational
processes is further demonstrated by isolated digital twin implementations, which
raise the turnover ratio to 0.61 with a standard deviation of 0.07 while still failing to
coordinate uncertainty across interconnected supply chain layers. With the lowest
recorded standard deviation of 0.05 and a much higher turnover ratio of 0.75, UP-
SC outperforms the strongest baseline by 34.7%. This improvement shows that
three-quarters of the combined corridor capacity is always converted into actual
trade flows under UP-SC, and this provides highly coordinated fulfillment,
logistics, and procurement decisions. This smaller dispersion also demonstrates that
UP-SC improves average efficiency as well as improves performance at the corridor
level in a wide range of commerce and environmental conditions. These benefits
are not a function of localized optimization, but rather are a direct consequence of
the architecture’s handling of uncertainty as an explicit, integrated signal of the
system.

Table 8.12 Comparison of Corridor-Level Trade Turnover Intensity for
State-of-the-Art Models and UP-SC &




Method Turnover Ratio| Std. Dev.| Improvement (%)
Statistical forecasting | 0.54 0.10 —

ML forecasting 0.59 0.08 +9.3

Digital twin (isolated) [ 0.61 0.07 +13.0

UP-SC 0.75 0.05 +34.7

The evolution in Table 8.12 highlights a fundamental restriction of traditional
analytics: efficiency improvements are limited when uncertainty is assessed
separately, even while predictive accuracy increases. By integrating uncertainty
propagation into a single economic—environmental network model, UP-SC gets
beyond this restriction and makes it possible to make coordinated decisions at the
sourcing, manufacturing, and delivery layers. As a result, rather than being
incremental, function-specific improvements, turnover efficiency gains under UP-
SC represent actual system-level optimization.

By comparing recovery timeframes after GSOD-identified climatic shocks
across traditional analytical baselines and the suggested UP-SC design, Table 8.13
assesses the robustness of trade corridors. With a mean rebound time of 2.9 years
and a standard deviation of 0.7, statistical forecasting pipelines show the slowest
recovery performance, meaning that corridors affected by environmental
disturbances usually take almost 3 years to recover to preshock trade volumes. With
a decreased dispersion of 0.6 and a rebound time of 2.4 years, machine learning-
based forecasting demonstrates enhanced responsiveness brought about by more
precise demand and volatility modeling. Nevertheless, these enhancements are still
limited to localized forecasting layers and do not directly incorporate environmental
uncertainty into decisions about upstream sourcing or downstream fulfillment. The
benefit of simulation-driven what-if analysis for specific operational subsystems is
demonstrated by isolated digital twin systems, which further reduce variability to
0.5 and the rebound period to 2.1 years while maintaining segmented functional
silos. With a mean recovery period of 1.7 years and the lowest recorded standard
deviation of 0.4, UP-SC, on the other hand, recovers the quickest, reducing the
statistical forecasting baseline by 41.4%. This significant acceleration suggests that,
on average, corridors controlled by UP-SC restore stable trade flows more than a
year ahead of those controlled by traditional systems. The decreased dispersion also
shows that recovery under UP-SC is more rapid and consistent across trade-
dependent arrangements and a variety of climate regimes. These enhancements
result from the explicit transmission of environmental uncertainty by UP-SC across
interrelated levels of production, fulfillment, and procurement. This enables
coordinated modifications to buffering policies, routing configurations, and



sourcing strategies in reaction to new disturbances. A basic drawback of function-
isolated analytics 1s highlighted by the trend summarized in Table 8.13: when
uncertainty is kept compartmentalized, incremental advances in prediction or
simulation do not result in proportionate gains in systemic resilience. Resilience is
changed from a reactive operational result to an architectural feature of the supply
chain system itself by UP-SC, which embeds uncertainty propagation inside a
unified economic—environmental network design, allowing for anticipatory and
coordinated recovery behavior.

Table 8.13 Recovery Time of Trade Corridors after GSOD-Identified
Climatic Shocks across Evaluated Methods &

Method Rebound Time (Years) | Std. Dev. | Reduction (%)
Statistical forecasting [ 2.9 0.7 —

ML forecasting 2.4 0.6 —17.2

Digital twin (isolated) | 2.1 0.5 —27.6

UP-SC 1.7 0.4 —41.4

8.5.2 Cross-Domain Analysis

To assess generalization, we evaluate UP-SC across heterogeneous trade domains
and environmental regimes, testing whether learned uncertainty propagation
mechanisms remain effective beyond aggregate averages. A cross-domain
evaluation of UP-SC across various product categories is shown in Table 8.14,
illustrating the generalizability and resilience of the suggested design in the face of
structurally varied supply chain situations. With a rebound time of 1.6 years, a
turnover ratio of 0.78, and the best reliability score of 0.84 for consumer products
corridors, UP-SC stands out. These results show that UP-SC’s coordinated
uncertainty propagation is very helpful for supply chains with high-volume,
demand-driven flows. It helps them deliver goods on time and recover quickly from
problems caused by climate change. Industrial goods corridors are a little more
structurally sound and involve longer production cycles, as shown by their
reliability of 0.81, turnover of 0.74, and recovery time of 1.8 years. These results
show that UP-SC is still useful for stabilizing capital-intensive, multi-tier
manufacturing networks, where lead times and sourcing dependencies are usually
more complex. Perishable items are the hardest to work with because they have
short shelf lives and are more sensitive to changes in the environment. In this area,
UP-SC has a rebound time of 1.9 years, a turnover of 0.71, and a reliability of 0.79.



Even though these numbers are lower than those for consumer and industrial goods,
they still show that the system works well even when logistics and weather are less
predictable. In perishable supply chains, UP-SC’s ability to handle relatively high
turnover and controlled rebound times shows that it could spread environmental
uncertainty among the sourcing, storage, and distribution layers, which would lower
the volatility caused by spoilage. Overall, UP-SC has a rebound time of 1.7 years, a
turnover ratio of 0.75, and a dependability score of 0.82 across all areas that were
looked at. The limited spread across categories shows that UP-SC is a general
architecture and that its benefits are not limited to one type of industry. Table 8.14
shows that UP-SC consistently stabilizes corridor performance, increases efficiency,
and speeds recovery across product sectors with different structures and
ecosystems. These results show that end-to-end uncertainty propagation is an
architectural technique that can work well in any field and make international
supply chain operations stronger and more effective.

Table 8.14 Comparison of UP-SC Evaluation Metrics across
Heterogeneous Product Domains <1

Domain Reliability 1 | Turnover 1| Rebound |
Consumer goods | 0.84 0.78 1.6
Industrial goods | 0.81 0.74 1.8
Perishables 0.79 0.71 1.9
Overall 0.82 0.75 1.7

Table 8.15 shows that the framework is strong enough to handle a wide range of
external disturbances by testing how well UP-SC works in climates with low,
medium, and high environmental volatility. UP-SC works best overall in low-
volatility regimes, with a rebound time of 1.4 years, a turnover ratio of 0.80, and a
reliability score of 0.85. These results show that when climate disturbances are kept
to a minimum, UP-SC’s uncertainty propagation mechanisms allow for very stable
delivery behavior, quick recovery after disturbances, and efficient conversion of
sourcing capacity into realized trade flows. Changes in the environment happen
more often and are less severe in medium-volatility regimes. In these situations,
UP-SC keeps a turnover of 0.75 and a reliability of 0.82, but the rebound time goes
up to 1.7 years. This shows that it is even harder to make sourcing and fulfillment
decisions when there is ongoing but manageable uncertainty. High-volatility
regimes are the hardest to work in because bad weather happens a lot and has a
direct effect on production, storage, and transit. According to UP-SC, the rebound



time 1is 2.0 years, the turnover ratio is 0.69, and the dependability 1s 0.78 in these
conditions. These numbers show that these systems are much more stable and
efficient than function-isolated analytical systems, even though they are lower than
those found in less volatile environments. Instead of letting localized shocks
cascade uncontrollably through sourcing and distribution networks, UP-SC absorbs
environmental uncertainty gradually, as evidenced by the controlled degradation of
performance across rising volatility levels. By openly propagating uncertainty
across the procurement, manufacturing, and fulfillment layers, UP-SC maintains
coordinated decision-making despite increasing climatic stress, according to the
monotonic trends shown in Table 8.15. Rather than treating environmental
variability as an external disturbance to be controlled reactively, UP-SC embeds
climate-induced uncertainty within its economic—environmental network
representation. Even under high-volatility climatic regimes, this architectural design
allows for proactive modifications to sourcing, routing, and buffering strategies,
preserving turnover efficiency, limiting recovery times, and preserving corridor
stability.

Table 8.15 Performance of UP-SC across Low-, Medium-, and
High-Volatility Climate Regimes <1

Climate Regime Reliability 1 | Turnover 1| Rebound |
Low volatility 0.85 0.80 1.4
Medium volatility | 0.82 0.75 1.7
High volatility 0.78 0.69 2.0

Table 8.16 provides a cross-regional analysis of UP-SC under various economic
dependency structures showing how the proposed architecture functions across
different areas of sourcing exposure, trade concentration, and infrastructure
maturity. UP-SC has a rebound time of 1.6 years, a turnover ratio of 0.77, and a
dependability score of 0.83 in developing economies. Hence, such findings indicate
that cross-functional supply chains with multi-sector sourcing networks and
complex logistical structures benefit from the great deal associated with coordinated
uncertainty propagation, which produces a stable delivery performance, high
conversion rates of sourced capacity into actual trade flows, and quick recovery
from weather disruption. In fact, UP-SC in developed regions is showing its ability
to use high data quality, dense logistical connection, and responsive operational
skills to make anticipatory and synchronized changes over procurement,
production, and fulfillment levels.



Table 8.16 Cross-Regional Evaluation of UP-SC under
Heterogeneous Economic Dependency Structures <1

Region Type Reliability 1| Turnover 1| Rebound |
Developed economies 0.83 0.77 1.6
Emerging economies 0.80 0.72 1.9
Trade-dependent regions | 0.79 0.70 2.0

Emerging economies have a turnover ratio of 0.72, a rebound time of 1.9 years,
and a reliability of 0.80. Under more limited infrastructure conditions, these
numbers nonetheless show strong corridor stability and efficiency, while being
somewhat lower than those seen in developed locations. Higher exposure to
supplier concentration, less redundancy in logistics, and increased susceptibility to
environmental and geopolitical disruptions are all factors contributing to the
performance disparity. However, UP-SC’s efficacy in spreading uncertainty
throughout multi-tier supply networks, where localized disruptions could normally
cause disproportionate systemic instability, is demonstrated by its capacity to
sustain relatively high turnover and constrained recovery times in emerging regions.
Trade-dependent regions exhibit the most structurally fragile situations due to high
import-export concentration and low sourcing diversification. UP-SC attains a
rebound time of 2.0 years, a turnover ratio of 0.70, and a dependability of 0.79 in
these areas. Despite being the least successful of the assessed geographical groups,
these values nevertheless show controlled and well-coordinated recovery behavior
in the face of high external volatility. The monotonic trends shown in Table 8.16
confirm that UP-SC sustains architectural coherence under growing dependency
stress by incorporating economic and environmental uncertainty within a uniform
network-level representation. Even in structurally weak regional supply chains, this
allows for coordinated decision-making across interconnected corridors,
maintaining operational stability and reducing extended recovery delays.

8.5.3 Ablation Study

We conduct ablation experiments to find out how much each important UP-SC
component adds to the system and to make sure that the gains we see come from
integrating the architecture as a whole, not from separate modules. Table 8.17
shows an ablation analysis that breaks down the contributions of important
uncertainty propagation components within the UP-SC architecture. This helps us
understand where the reported system-level performance benefits came from. The
full UP-SC configuration is the best for coordinated end-to-end uncertainty



propagation because it has a rebound time of 1.7 years, a turnover ratio of 0.75, and
a dependability score of 0.82. When environmental uncertainty integration is
removed, reliability drops to 0.74, turnover drops to 0.68, and rebound time rises to
2.3 years. This drop shows that in order to predict disruptions at the corridor level
and keep trade flows stable across interconnected decision layers, it is necessary to
include climate-derived volatility signals. When network coupling is removed,
reliability drops to 0.71, turnover drops to 0.65, and recovery time goes up to 2.5
years. This makes performance even worse. This configuration does the worst of all
the ablations, showing that network-level dependency modeling is the most
important part of UP-SC. If trade routes aren’t linked together in an integrated
economic—environmental graph, localized uncertainty can’t spread in a logical way.
This makes small problems grow into long, ineffective recovery cycles. Getting rid
of adaptive recalibration also causes big drops in performance: rebound time goes
up to 2.2 years, turnover goes down to 0.69, and dependability goes down to 0.73.
This result shows that static parameterization doesn’t work well in changing
economic and climate conditions. By constantly recalibrating, UP-SC can change
dependency weights and climate sensitivity factors based on new information. This
stops old risk assumptions from building up, which would otherwise make recovery
harder and delivery less stable.

Table 8.17 Effect of Removing Uncertainty Propagation Components on
UP-SC Performance &

Configuration Reliability 1| Turnover 1| Rebound |
Full UP-SC 0.82 0.75 1.7
w/0 Environmental uncertainty | 0.74 0.68 2.3
w/o Network coupling 0.71 0.65 2.5
w/o Adaptive recalibration 0.73 0.69 2.2

The benefits of UP-SC are not because of its unique modeling skills, as shown by
the steady drop in all ablated configurations shown in Table 8.17. Instead, they are
the result of network coupling, adaptive recalibration, and the integration of
environmental uncertainty working together. When you put these things together,
they make uncertainty propagation a top-tier architectural function, turning stability,
resilience, and efficiency from reactive results into built-in features of the supply
chain system.

The need for UP-SC’s integrated, multi-layer design is confirmed by the layer-
wise ablation study in Table 8.18, which examines how removing specific



architectural layers affects the performance of the whole system. When no layers
are removed, the whole UP-SC setup, which is the architectural performance
baseline, gets a dependability score of 0.82, a turnover ratio of 0.75, and a rebound
time of 1.7 years. This setup makes it possible for coherent end-to-end uncertainty
propagation. It shows how the layers work together to take in data, process it, create
analytical intelligence, create digital twin abstractions, enforce governance, and
deliver applications. When the digital twin layer is removed, reliability drops to
0.76, turnover drops to 0.70, and rebound time goes up to 2.1 years. This decline
suggests that the lack of virtual corridor abstraction and scenario simulation makes
it harder to evaluate decisions ahead of time, which slows down the process of
making coordinated changes to sourcing and routing plans in response to new
climate disruptions. When the governance layer is taken away, things get worse.
Turnover drops to 0.69, rebound time goes up to 2.3 years, and reliability drops to
0.74. This finding shows how important accountability, lineage tracking, and
integrated auditability are for keeping trust and consistency in uncertainty estimates
at all levels of decision-making, especially when operations are fully or partially
autonomous. The worst performance loss happens when the processing layer is
removed. Recovery time goes up to 2.6 years, turnover goes down to 0.63, and
reliability drops sharply to 0.70. Before you can use analytical and simulation parts,
the processing layer is in charge of normalization, aggregation, feature
consolidation, and correlation screening. These steps make sure that uncertainty
signals are causally aligned and numerically stable. Taking it out makes the system
more unstable and makes it harder to send coherent uncertainty by adding inputs
that are distorted, misaligned, or possibly noisy. Table 8.18 summary of the
monotonic performance degradation demonstrates that architectural completeness,
not discrete modeling elements, is what drives UP-SC’s efficacy. Stable delivery
behavior, effective turnover, and quicker recovery are made possible by the unique
and nonreplaceable roles that each layer plays. These results provide empirical
evidence that the integrated multi-layer architecture of UP-SC exhibits end-to-end
uncertainty propagation as an emergent characteristic.

Table 8.18 Effect of Removing Individual Architectural
Layers on UP-SC Performance Metrics <

Removed Layer Reliability | | Turnover | | Rebound
None 0.82 0.75 1.7

Digital twin layer | 0.76 0.70 2.1

Governance layer | 0.74 0.69 2.3




Removed Layer Reliability | | Turnover || Rebound 1

Processing layer 0.70 0.63 2.6

Table 8.19 shows how sensitive UP-SC is to changes in time and how often it
needs to be recalibrated. It also shows how important it is to keep updating
parameters to keep uncertainty propagation coherent in changing environmental and
economic situations. UP-SC is the best overall adaptation setup because it has a
rebound time of 1.7 years, a turnover ratio of 0.75, and a dependability score of
0.82 when recalibrated every year. This setup lets you change the trade dependency
weights and climate sensitivity coefficients every now and then, which makes sure
that the uncertainty estimates are still relevant and reflect changes in environmental
volatility and trade patterns. When the model parameters stay the same, reliability
goes down to 0.73, turnover goes down to 0.68, and rebound time goes up to 2.4
years. This drop in performance shows how hard it is to coordinate changes in
sourcing and routing when uncertainty representations are out of date. This lets new
climate risks spread unchecked through the supply chain. Static parameterization
slows recovery and lowers delivery stability by limiting UP-SC’s capacity to adapt
to shifting trade dependencies and changing climate regimes. Although it lessens
these effects to some extent, delayed recalibration at three-year intervals is still not
as good as annual updating. UP-SC records a rebound time of 2.2 years, a turnover
ratio of 0.70, and a dependability of 0.75 in this setup. The prolonged delay still
permits a considerable difference between the modeled uncertainty and the
volatility in the real world, even while periodic recalibration adds some
responsiveness to changing conditions. Because of this, sourcing and routing
choices are made using risk profiles that are only partially current, which reduces
their ability to stop lengthy recovery periods and inefficient turnover. The summary
of monotonic trends in Table 8.19 demonstrates that the stability, effectiveness, and
resilience of supply chain processes that are sensitive to uncertainty are directly
influenced by the frequency of recalibration. Predictive and coordinated decision-
making is made possible by the annual recalibration, which maintains a close
alignment between structural trade dependencies, network-level risk
representations, and environmental data. These results show that in order to
maintain the advantages of end-to-end uncertainty propagation within UP-SC,
continual temporal adaptation is a crucial architectural need.

Table 8.19 Sensitivity of UP-SC to Temporal Adaptation and
Recalibration Frequency &1

Adaptation Setting Reliability 1 | Turnover 1| Rebound |




Adaptation Setting Reliability 1 | Turnover 1| Rebound |
Annual recalibration 0.82 0.75 1.7
Static parameters 0.73 0.68 2.4
Delayed recalibration (3y) | 0.75 0.70 2.2

8.6 Conclusion and Future Works

In data-driven supply chain systems, uncertainty is evaluated locally within isolated
functions but is not communicated across interdependent decision layers. This work
addressed a major shortcoming in FUM. We introduced UP-SC, an end-to-end
paradigm that explicitly propagates uncertainty across the production, fulfillment,
and procurement levels and models global supply chains as linked economic—
environmental networks. UP-SC allows network-aware stability estimation and
resilience-oriented decision intelligence inside a unified, governance-embedded

trade interdependence from Comtrade. In contrast to function-isolated baselines,
empirical evaluations show that explicit uncertainty propagation consistently
produces system-level benefits, such as decreased variability in trade corridor lead-
time, increased turnover efficiency, and noticeably faster disruption recovery.
Further evidence that these improvements result from architectural integration
rather than discrete modeling components comes from cross-domain and ablation
evaluations.

In the future, UP-SC will be extended in three different ways. First, finer-grained
temporal adaptability could be made possible by integrating higher-frequency trade
and logistics inputs. Second, under governmental or geopolitical influences,
counterfactual thinking might be strengthened by incorporating procedures for
causal inference. Third, adding multi-objective optimization to the framework
would enable more thorough decision- making in autonomous supply chain systems
by balancing risk, sustainability, resilience, and cost.
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Figure 1.1 Structural evolution of supply chain decision-making
architectures, illustrating the transition from siloed, periodic
planning to Industry 4.0—enabled systems with integrated data
flows, learning-based prediction, and algorithmic decision support.
The figure highlights how increasing digitalization and AI adoption
enable real-time visibility and automation, while also motivating
the need for closed-loop coupling between predictive and
prescriptive models.

Seven stages are illustrated in the evolution of modern Supply Chain
Management. Stage 1 includes spreadsheets, manual records, periodic planning
cycles, siloed systems, and intuition-based decision-making. Stage 2 highlights
external and structural pressures such as market volatility, global disruptions,
shorter product life cycles, customer expectations, and sustainability demands.
Stage 3 introduces digital enablers, including Internet of Things sensors, cyber-
physical systems, cloud computing, and Enterprise Resource Planning,
Manufacturing Execution System, and Warehouse Management System
integration. Stage 4 focuses on digital integration through enterprise systems and



analytics hubs. Stage 5 includes Artificial Intelligence and Machine Learning
analytics, forecasting, and predictive maintenance. Stage 6 emphasizes intelligent
automation, while Stage 7 presents adaptive, resilient, sustainable, and real-time

Supply Chain Management outcomes.
Return to image in text.
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Figure 1.2 Complementary decision contexts represented by the

evaluation datasets. The MS Forecasting dataset supports planning-

oriented analysis through long-horizon demand dynamics and

uncertainty modeling, while the UCI Online Retail dataset captures
execution-level variability through transactional irregularities and

return behavior.

The illustration compares two analytical perspectives in Supply Chain
Management using the M5 Forecasting Dataset and the University of California
Irvine Online Retail Dataset. The M5 Forecasting Dataset includes a Daily Sales
Time Series plot with the vertical plot representing sales and the horizontal plot
representing time. A hierarchical aggregation structure connects Stock Keeping
Units to category and store levels. Additional sections describe planning and
forecasting scope, including long-term demand patterns, seasonality, and
planning-oriented analytics. The University of California Irvine Online Retail
Dataset presents invoice-level transactions, returns and cancellations, short-term
operational behavior, and fulfillment risk using multiple invoice records and



transaction symbols. A caption below identifies both sections as Complementary
Analytical Perspectives in Supply Chain Management.
Return to image in text.
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Statistical, tree-based, and recurrent forecasting models are
combined to produce calibrated demand distributions, preserving
uncertainty for downstream prescriptive decision-making rather
than collapsing predictions into point estimates.

The framework describes a forecasting system organized into three sections:
Forecasting Inputs, Statistical Models, and Probabilistic Forecast Output. The
Forecasting Inputs section includes Lagged Demand represented by a demand-
over-time graph, Calendar and Seasonal Indicators shown with calendar and
seasonal trend symbols, and Price and Promotion Signals represented through
pricing and promotional indicators. These inputs feed into the Statistical Models
section, which contains forecasting and probabilistic modeling components
connected through directional arrows. The final section, Probabilistic Forecast
Output, presents projected forecast distributions and uncertainty ranges generated
from the statistical analysis. The framework illustrates the flow of demand,
seasonal, and pricing information through statistical forecasting models to
produce probabilistic forecast results and prediction outputs.

Return to image in text.
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predlctlon decision, and feedback. The model couples probabilistic
demand forecasting and transactional irregularity modeling with
uncertainty-aware prescriptive optimization, while execution
feedback is used to recalibrate models over time, explicitly
resolving the predictive—prescriptive disconnect.

The framework titled Visual Analytical Framework for Supply Chain
Decision-Making presents a four-layer process. Layer 1, the Data and Signals
Layer, includes Enterprise Resource Planning, Manufacturing Execution System,
and Warehouse Management System data, Sales Time Series for Daily Stock
Keeping Units, Retail Invoice Data, and External Signals represented through
calendar, cloud, and chart symbols. These sources feed into a Harmonized Data
Flow. Layer 2 contains the Analytical Engine with integrated analytical and
processing functions. Layer 3 presents decision-support and forecasting outputs
generated from analytical processing. Layer 4 represents operational and strategic
decision-making outcomes within Supply Chain Management. The framework
illustrates the flow of integrated data, analytical processing, forecasting, and
decision support across interconnected layers of the supply chain system.
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Figure 1.5 Forecasting accuracy on the MS Forecasting dataset (|
lower is better).

The vertical plot represents Forecast Error, ranging from 0.70 to 1.00 in
increments of 0.05, and the horizontal plot represents model categories, including
Statistical Model, Tree-Based Model, Recurrent Model, and Intelligent Data
Analytics for Supply Chain Management. The line plot titled Forecast Error
Lower is Better compares forecast error values across different models and
forecasting horizons. Three data series are shown for Short Horizon, Medium
Horizon, and Long Horizon forecasts. The Short Horizon series decreases from
1.00 at the Statistical Model to 0.70 at Intelligent Data Analytics for Supply
Chain Management. The Medium Horizon and Long Horizon series also show
gradual reductions across the model categories. The plot illustrates decreasing
forecast error values across all forecasting horizons.
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Figure 1.6 Inventory fill rate under identical cost constraints (7
higher is better).

The vertical plot represents Fill Rate, ranging from 0 to 100 percent in
increments of 20, and the horizontal plot represents model categories, including
Statistical plus Optimization, Tree plus Optimization, Recurrent Neural Network
plus Optimization, and Intelligent Data Analytics for Supply Chain Management.
The Statistical plus Optimization model reaches approximately 71 percent, the
Tree plus Optimization model reaches approximately 74 percent, and the
Recurrent Neural Network plus Optimization model reaches approximately 76
percent. The Intelligent Data Analytics for Supply Chain Management model
reaches approximately 92 percent. The plot shows a progressive increase in Fill
Rate values across the model categories, with the highest value observed for
Intelligent Data Analytics for Supply Chain Management.
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Figure 1.7 Stockout frequency on UCI Online Retail dataset (|
lower is better).

The vertical plot represents Stockout Frequency, ranging from 0 to 20 percent
in increments of 5 percent, and the horizontal plot represents model categories
including No Irregularity, Irregularity Only, Decoupling plus Optimization, and
Intelligent Data Analytics for Supply Chain Management. The bar plot compares
Stockout Frequency values across different models. The No Irregularity model
reaches approximately 18 percent, Irregularity Only reaches approximately 17
percent, and Decoupling plus Optimization reaches approximately 16 percent.
The Intelligent Data Analytics for Supply Chain Management model reaches
approximately 11.5 percent. The plot illustrates a gradual reduction in Stockout
Frequency across the model categories, with the lowest value observed for
Intelligent Data Analytics for Supply Chain Management.

Return to image in text.

Extended Description for Figure 1.8




1.0 - Bl Baseline Error
s IDASCM Error

o o
o (]
L 'l

Forecast Error (1 Lower is Better)
o
-9

o
N
I

0.0

Item Category Department
Aggregation Level

Figure 1.8 Performance across aggregation levels (M5 Forecasting).

The vertical plot represents Forecast Error, ranging from 0.0 to 1.0 in
increments of 0.2, and the horizontal plot represents aggregation levels including
Item, Category, and Department. The bar plot compares Baseline Error and
Intelligent Data Analytics for Supply Chain Management Error across different
aggregation levels. At the Item level, the Baseline Error is 1.0, and the Intelligent
Data Analytics for Supply Chain Management Error is 0.74. At the Category
level, the Baseline Error 1s 0.81, and the Intelligent Data Analytics for Supply
Chain Management Error is 0.61. At the Department level, the Baseline Error is
0.68, and the Intelligent Data Analytics for Supply Chain Management Error is
0.53.
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Figure 1.9 Stockout frequency under different volatility regimes
(UCI dataset).

The vertical plot represents Stockout Frequency, ranging from 0 to 25 percent
in increments of 5, and the horizontal plot represents Demand Volatility
categories, including Low, Medium, and High. The bar plot compares Decoupled
Models and Intelligent Data Analytics for Supply Chain Management across
different demand volatility levels. Under Low Demand Volatility, Decoupled
Models show approximately 9.5 percent, and Intelligent Data Analytics for
Supply Chain Management show approximately 8.8 percent. Under Medium
Demand Volatility, Decoupled Models reach approximately 14.3 percent, while
Intelligent Data Analytics for Supply Chain Management reaches approximately
11.5 percent. Under High Demand Volatility, both models show higher stockout
frequency values, with Intelligent Data Analytics for Supply Chain Management
remaining lower than Decoupled Models across all volatility levels.
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Figure 1.10 Decision-level gains across datasets.

The vertical plot represents Metric Value ranging from 0 to 80, and the
horizontal plot represents Decision Metric categories, including Fill Rate for M5,
Forecast Error for M5, and Stockout Frequency for the University of California,
Irvine. The bar plot compares Baseline and Intelligent Data Analytics for Supply
Chain Management values across the decision metrics. For Fill Rate in M5, the
Baseline value is 75, and Intelligent Data Analytics for Supply Chain
Management reaches 90. For Forecast Error in M5, the Baseline value is 1, and
Intelligent Data Analytics for Supply Chain Management is 0.5. For Stockout
Frequency in the University of California, Irvine, the Baseline value is 16, and
Intelligent Data Analytics for Supply Chain Management is 12.
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Figure 2.1 Evolution of SCA paradigms, illustrating the transition
from heuristic and deterministic decision-making toward
coordinated, analytics-driven decision support. The figure
highlights how increasing data availability, analytical
sophistication, and organizational capability enable the integration
of descriptive, predictive, and prescriptive analytics, while exposing
the limitations of sequential and isolated analytical stages in
traditional and ERP/BI-centric models.

The framework begins with the Global Supply Chain Environment represented
by a rounded rectangle containing a globe icon. External factors, including
shocks, pandemics, conflicts, volatile demand, complexity, uncertainty, and
global interdependence, are connected to this environment through directional
arrows. An arrow leads to Operational Data Generation, which contains
interconnected sections for procurement, production, warehousing, transportation,
and distribution linked through continuous data flows. Above this section,



Traditional Decision-Making includes deterministic models, heuristic rules, and

managerial experience. Below, the Evolution of Supply Chain Analytics

progresses through Enterprise Resource Planning systems, Business Intelligence,

Cloud Computing, Artificial Intelligence, Machine Learning, and sensors. On the

right side, Supply Chain Analytics as a Systematic Capability includes data

acquisition, analytical modeling, organizational processes, and decision support.
Return to image in text.
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Figure 2.2 Layered architecture of the proposed LD-SCA
framework, illustrating the coordinated integration of descriptive,
diagnostic, predictive, and prescriptive analytics. The figure
highlights how uncertainty-aware representations and probabilistic
predictions are propagated across analytical layers to support
policy-level decision evaluation, explicitly addressing analytical
stage isolation in traditional SCA pipelines.

The framework titled End-to-end Supply Chain Analytics Architecture
presents a layered system structure consisting of Data Sources and Integration,
Data Integration Layer, Analytics Maturity Pipeline, Functional Analytics



Modules, Decision Support and Visualization, and Decisions and Outcomes. The
process begins with multiple data sources feeding into the integration framework,
including consumer demand and operational data streams. The architecture then
progresses through data integration and analytics maturity stages that support
analytical processing and functional analytics modules. Decision Support and
Visualization components transform analytical outputs into actionable insights
and operational decisions. A continuous learning and maturity progression loop is
represented by a vertical feedback path connecting higher-level outcomes back to
the analytics maturity pipeline.

Return to image in text.
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Figure 2.3 Relative order—based representation of consumer
demand sequences used in LD-SCA to enable sequence-aware
forecasting under irregular and intermittent purchasing behavior.
Orders are indexed by user-specific order position rather than
absolute time, allowing demand patterns to be modeled consistently
across heterogeneous purchase frequencies while supporting
uncertainty-aware predictive analysis.

The framework begins with an icon representing an Anonymized User
connected to a sequence of shopping basket orders over time. The process starts
with Order 1, associated with a specific day-of-week indicator, followed by Order
2 and Order 3, each connected through directional arrows and labeled time
intervals between purchases. Each order basket represents grocery or retail
transaction data associated with the same anonymized customer. The timeline
structure illustrates the progression of purchasing behavior across multiple orders



and time periods. The arrangement presents a sequential representation of
customer transaction patterns, temporal ordering information, and purchasing
frequency used for behavioral analysis, recommendation systems, demand
prediction, and consumer analytics applications.
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Figure 2.4 Comparative forecasting performance on the Instacart
dataset, reporting mean accuracy and dispersion-based stability
metrics to assess robustness under heterogeneous and intermittent
demand.

The vertical plot represents Percentage, ranging from 0.0 to 17.5 in increments
of 2.5, and the horizontal plot represents four forecasting methods: Statistical
Baseline, Machine Learning Point Forecast, Sequential Analytics, and LD-SCA.
The grouped bar plot compares forecasting performance using three measures for
each method: Mean Mean Absolute Percentage Error (MAPE), MAPE Standard
Deviation, and MAPE Interquartile Range (IQR). Statistical Baseline shows the
highest error values, while Machine Learning Point Forecast and Sequential



Analytics display comparatively lower percentages. LD-SCA presents the lowest
forecasting error measures among the compared methods. The comparison shows
differences in forecasting accuracy, error variability, and prediction consistency
across multiple analytical forecasting approaches.

Return to image in text.

Extended Description for Figure 2.5

100
B Mean Fill Rate (%)

B Fill-Rate Variability (%)

80 A

60 A

Percentage

20 A

Figure 2.5 Comparison of inventory service performance stability
across analytical pipelines, reporting mean fill rate and cross-
scenario fill-rate variability under fixed service targets.

The vertical plot represents Percentage, ranging from 0 to 100 in increments of
20, and the horizontal plot displays four planning categories: Deterministic
Planning, Machine Learning Forecast plus Planning, Sequential Analytics, and
LD-SCA. The bar plot compares two performance measures for each category:
Mean Fill Rate and Fill-Rate Variability. Deterministic Planning shows a Mean
Fill Rate of 96 percent with Fill-Rate Variability of 18 percent. Machine Learning
Forecast plus Planning maintains a Mean Fill Rate of 96 percent with reduced
variability of 14 percent. Sequential Analytics further reduces variability to 12



percent, while LD-SCA presents the lowest Fill-Rate Variability among the
compared planning approaches, showing improved supply chain planning
consistency and fulfillment performance.
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Figure 2.6 Comparison of cross-scenario transportation cost-per-
unit-distance variability on the Commodity Flow Survey (CFS),
evaluating the stability of logistics cost assessment under
descriptive, sequential, and coordinated (LD-SCA) analytical
pipelines.

The vertical plot represents Value, ranging from 0 to 20 with major increments
of 5, while the horizontal plot displays four categories: Descriptive-only, Machine
Learning-assisted, Sequential Analytics, and Learning-driven Supply Chain
Analytics (LD-SCA). The grouped bar plot compares two measures for each
category: Mean Cost or Distance (normalized) and Variability percentage.
Descriptive-only shows a Mean Cost or Distance value of 1.0 with Variability of
22.0 percent. Machine Learning-assisted maintains a normalized value of 1.0 with



reduced Variability of 16.5 percent. Sequential Analytics further reduces
Variability to 14.5 percent, while Learning-driven Supply Chain Analytics (LD-
SCA) presents the lowest variability among the compared approaches. The
comparison shows improvements in operational consistency and reduced
variability across increasingly advanced analytical methods.
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Figure 2.7 Cross-domain predictive stability comparison for
demand and logistics, reporting dispersion-based metrics that
quantify robustness of probabilistic predictions under
heterogeneous data characteristics.

The vertical plot represents Dispersion, ranging from 0 to 12 with major
increments of 2, while the horizontal plot displays three categories: Dem. Std,
Dem. IQR, and Log. Std. The grouped bar plot compares Dispersion values for
two series: Baseline and Learning-driven Supply Chain Analytics (LD-SCA). For
Dem. Std, Baseline has a Dispersion value of 8.8, while LD-SCA has a value of
7.2. For Dem. IQR, Baseline records 11.2, while LD-SCA records 8.8. For Log.




Std, Baseline shows 0.2 and LD-SCA shows 0.1. The comparison indicates

reduced dispersion values for Learning-driven Supply Chain Analytics across all
evaluated categories.

Return to image in text.

Extended Description for Figure 2.8
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Figure 2.8 Downstream decision robustness across demand and
logistics domains, measured via cross-scenario variability of
service-level and cost-normalized metrics under identical
evaluation conditions.

The vertical plot represents Variability in percent, ranging from 0 to 20 in
increments of 5 percent, and the horizontal plot lists Demand and Logistics. Each
category has bars for Baseline Variability and LD-SCA Variability, with error
bars. For Demand, Baseline Variability is 15.5 percent, with an error range from
12.8 percent to 18.2 percent, and LD-SCA Variability is 8.2 percent, with an error
range from 5.8 percent to 10.2 percent. For Logistics, Baseline Variability is 18.5
percent, with an error range from 15.0 percent to 21.5 percent, and LD-SCA



Variability is 10.0 percent, with an error range from 8.0 percent to 12.0 percent.
The Logistics baseline error bar exceeds the stated vertical plot range.
Return to image in text.

Extended Description for Figure 2.9
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Figure 2.9 Relative reduction in outcome variance achieved by LD-
SCA across demand and logistics domains, reported separately for
predictive and prescriptive stages. Results quantify the effect of

coordinated uncertainty propagation rather than domain-specific
modeling choices.

The vertical plot represents Variance Reduction in percent, ranging from 0 to
50 in increments of 10, and the horizontal plot lists Predictive and Prescriptive.
Each category has bars for Demand Reduction and Logistics Reduction, with
error bars. For Predictive, Demand Reduction is 20 percent with an error range
from about 15 percent to 25 percent, and Logistics Reduction is 35 percent with
an error range from about 30 percent to 40 percent. For Prescriptive, Demand
Reduction is 40 percent with an error range from about 35 percent to 45 percent,



and Logistics Reduction is 45 percent with an error range from about 40 percent
to 50 percent.
Return to image in text.
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Extended Description for Figure 3.1
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forecastmg, ML-based risk classification, and anomaly detection
are jointly embedded within a streaming, event-driven execution
loop. The architecture highlights the closed-loop flow from
continuous data ingestion and low-latency model inference to
governed operational actions and human-in-the-loop escalation,
explicitly addressing the prediction— execution gap in adaptive
SCM.

The framework shows an analytical modeling system across 5 layers: Data
Sources, Data Ingestion and Preprocessing, Analytical Modeling Layer, Decision
and Control Layer, and Event-Driven Execution and Operational Response. Data
sources include retail demand, logistics and transport, supplier operations, and
external signals. These flow through streaming and batch ingestion, chronological
ordering, temporal aggregation, missing value handling, outlier filtering, causal
integrity, normalization, and feature engineering. The analytical layer includes
time series forecasting, classification and risk prediction, anomaly detection,
information sharing, and continuous model updating. Outputs move to decision




logic, rule-based algorithms, risk thresholds, automated low-risk actions, and
human-in-the-loop escalation. Operational responses include inventory
rebalancing, production adjustments, transportation rerouting, and disruption
mitigation, with feedback for monitoring and learning.
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representative statistical, ML, and integrated models. Lower values
indicate higher predictive accuracy. The results highlight both
average accuracy and horizon-wise error growth, emphasizing
robustness under demand volatility.

The vertical plot represents Mean Absolute Error, ranging from 0.8 to 1.6 in
increments of 0.2, and the horizontal plot represents Forecast Horizon with 1-
Step, 6-Step, and 12-Step categories. The line graph compares ARIMA,
Exponential Smoothing, Random Forest, Gradient Boosting, Long Short-Term
Memory, and IPRDF Ensemble. All models show increasing Mean Absolute
Error as the forecast horizon increases. At 1-Step, values range from 0.72 for
IPRDF Ensemble to 1.0 for ARIMA. At 6-Step, values range from 0.96 to 1.38.



At 12-Step, values range from 1.08 to 1.76. IPRDF Ensemble remains the lowest
line, while ARIMA remains the highest.

Return to image in text.

Extended Description for Figure 3.3

Retailrocket
OpenSky
0.8 4 Average

0.6 1

F1l Score

0.2 1

0.0 T T T T T
Logistic Regression SVM Random Forest Gradient Boosting IPRDF (Integrated)

Model

Figure 3.3 F1 score comparison for disruption and risk

reflect the framework’s ability to balance early risk detection
(recall) and alert reliability (precision) under class imbalance.

The vertical plot is labeled F1 Score, ranging from 0.0 to 0.8 in increments of
0.2, and the horizontal plot is labeled Model, listing Logistic Regression, Support
Vector Machine, Random Forest, Gradient Boosting, and IPRDF Integrated. Each
model has bars for Retailrocket, OpenSky, and Average. Logistic Regression
shows 0.72, 0.69, and 0.71. Support Vector Machine shows 0.77, 0.73, and 0.76.
Random Forest shows 0.82, 0.80, and 0.81. Gradient Boosting shows 0.86, 0.84,
and 0.85. IPRDF Integrated shows the highest values, at 0.88, 0.85, and 0.87.

Return to image in text.
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Figure 3.4 Average end-to-end decision latency measured from data
arrival to operational action across execution architectures. Lower
values indicate tighter prediction—execution coupling and greater
suitability for time-sensitive supply chain decision-making.

The vertical plot is labeled Decision Latency in minutes, ranging from 0 to 250
minutes in increments of 50, and the horizontal plot is labeled Execution
Architecture, listing Batch Planning, Periodic Replanning, Streaming No
Prediction, and IPRDF. Each category has bars for Retailrocket, OpenSky, and
Average. Batch Planning shows 180, 240, and 210 minutes. Periodic Replanning
shows 60, 90, and 75 minutes. Streaming No Prediction shows 15, 18, and 16
minutes. IPRDF shows the lowest latency, with 3, 4, and 3.5 minutes.
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Figure 3.5 Relative reduction in MAFE achieved by IPRDF

compared to the strongest standalone forecasting baseline, reported
across forecast horizons and domains. The results highlight
architecture-level robustness rather than dataset-specific tuning.

The vertical plot is labeled Relative Mean Absolute Error Reduction in
percent, ranging from 0 to 30 in increments of 5, and the horizontal plot is labeled
Forecast Horizon, listing 1-Step, 6-Step, and 12-Step. The bar plot compares
Retailrocket and OpenSky. For 1-Step, Retailrocket shows 22 percent and
OpenSky shows 20 percent. For 6-Step, Retailrocket shows 26.8 percent and
OpenSky shows 25 percent. For 12-Step, Retailrocket shows 30.2 percent and
OpenSky shows 28 percent. The Retailrocket 12-Step value slightly exceeds the
stated vertical plot range.
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Figure 3.6 Cross-domain variance of F1 scores across retail demand
and logistics disruption tasks. Lower variance indicates more stable
and transferable risk discrimination performance under
heterogeneous operational conditions.

The vertical plot represents F1 Score Variance, ranging from 0.000 to 0.005 in
increments of 0.001, and the horizontal plot lists Logistic Regression, Random
Forest, Gradient Boosting, and IPRDF. The bars decrease from approximately
0.0049 for Logistic Regression to 0.0025 for Random Forest, 0.0016 for Gradient
Boosting, and 0.0009 for IPRDF.
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Figure 3.7 System-level operational impact of the proposed IPRD

across retail demand and logistics domains, reported as relative
percentage improvements over batch-oriented planning systems.
Metrics reflect gains in service level, cost efficiency, and overall
operational performance achieved through integrated predictive
modeling and low-latency execution.

The vertical plot is labeled Relative Improvement percent, ranging from 0 to
25 in increments of 5, and the horizontal plot is labeled Operational Metric,
listing Service-Level Improvement, Inventory slash Delay Cost Reduction, and
Overall Efficiency Gain. Each category has bars for Retailrocket and OpenSky.
Service-Level Improvement shows 23.8 percent for Retailrocket and 20.9 percent
for OpenSky. Inventory slash Delay Cost Reduction shows 21.9 percent and 20.1
percent. Overall Efficiency Gain shows 24.8 percent and 23.2 percent.

Return to image in text.
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Figure 4.1 System-level view of industrial IoT, illustrating
foundational components (sensing, communication, and
computation), cross-domain capabilities spanning manufacturing
and logistics, and the key architectural challenges that motivate a
decision-oriented, integrated IoT framework.

The four-panel overview shows Industrial Internet of Things concepts and
framework direction. Industrial Internet of Things Foundations shows continuous
sensing, connected assets, and real-time visibility feeding digital signals and data.
Capabilities Across Domains compares manufacturing dashboards for machine
state, energy use, process variability, and quality indicators with logistics views
for asset tracking, inventory visibility, and route optimization. Practical Gaps and
Challenges shows legacy machines, edge gateways, cloud platforms, redundant
sensing, cloud latency, heterogeneous systems, sensor placement issues, and a
data-decision gap. Research Motivation and Framework Direction presents



layered sensing, edge processing, cloud analytics, and enterprise decision layers
connected by bidirectional arrows.

Return to image in text.

Extended Description for Figure 4.2

SECOM Manufacturing Dataset GeolLife GPS Trajectory Dataset
High-dimensional Sensor Readings (Tabular) Time-ordered GPS Points (Sequences)
Instances from o t, (08:00)

Tperchwe Frecers Vdbrlon Soed  Vollige Cumend  Powsr FowBale RPM ﬁ;
i

o & QHPDO&RO
ﬁ-ﬂ T P Vib Scund Vot Curr Power Flow RPM .. Torget

Production Ling —| 0001 735 102 003 €52 219 045 mnm«-J

0002 741 101 005 €61 220 066 M5 13 1718 . X

" —+| 0003 728 098 004 4B 218 064 W1 3T A .
Assembly X
r 4

[ty (08:20)
i J,r 2 // ISqlmuJ

0004 TS50 103 006 673 221 067 MWEB 40 16 .
E'“ 0005 732 100 002 649 219 065 143 38 19 . o |
Y I 0 N 0 T U R T R B

W23 TS 101 004 65T 220 066 M4 39 M7 -

Quality
Inspection
&o —o| 024 743 102 005 665 221 067 W6 39 178 . X
Condition
Menitoring

Mo explicit temporal
or geographical information

Integrating and modeling techniques must

take into account their distinct natures.

Figure 4.2 Structural contrast between the SECOM manufacturing
dataset and the GeoLife GPS trajectory dataset, illustrating
differences in dimensionality, temporal structure, and the resulting
implications for system-level IoT analytics and decision support.

The SECOM Manufacturing Dataset shows high-dimensional tabular sensor
readings from manufacturing instances, including temperature, pressure,
inspection, sound, voltage, current, power, flow rate, revolutions per minute, and
target outcomes, with no explicit temporal or geographical information. The
GeoLife Global Positioning System Trajectory Dataset shows time-ordered
location points with movement icons, explicit mobility, location, and temporal
progression. Both connect to a central circle labeled Distinct Data Modalities and
Assumptions, supported by notes on different structures, granularity, temporal
ordering, spatiotemporal trajectories, and analytical requirements such as
anomaly detection versus sequence modeling.
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Figure 4.3 Structure-aware preprocessing pipelines for
manufacturing and logistics data, highlighting domain-specific
transformations required to ensure numerical stability, temporal
consistency, and decision-relevant feature representations for

SECOM and GeolLife.

On the left, raw manufacturing sensor data in a tabular format flows through
missing-value handling, variance-based feature filtering, and feature
normalization. Side notes identify instance-based data, feature-level consistency,
no temporal alignment assumed, and independent instances. On the right, raw
Global Positioning System trajectories flow through trajectory cleaning, trip
segmentation, temporal resampling, and mobility feature extraction, with
movement-derived indicators such as speed, direction, and distance. Side notes
identify spatiotemporal continuity, sequence-based structure, and sequential data.
Both pipelines converge into a final note stating that preprocessing is tailored to
data structure to ensure accurate modeling across datasets.
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Figure 4.4 Decision-oriented analytics flow illustrating how raw
IoT data from manufacturing and logistics are transformed into
interpretable indicators that directly support operational decisions.

The framework shows a 3-stage process from Raw Internet of Things Data to
Analytical Indicators and Operational Decisions. Raw data comes from
manufacturing sensors measuring pressure, temperature, vibration, speed,
acoustic signals, and power, and from logistics trajectory observations for trucks
and ships. The Analytical Indicators stage separates condition indicators for
manufacturing and mobility indicators for logistics. Manufacturing indicators
include optimal state, stability, anomaly detection, and interpretable status icons.
Logistics indicators include route efficiency, dwell points, distance traveled,
transit time, number of stops, and movement summaries. The Operational
Decisions stage lists manufacturing actions such as schedule repair, inspect batch,
and adjust parameters, and logistics actions such as reroute vehicle, reorder or
relocate inventory, and optimize delivery window.
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Figure 4.5 System-level industrial IoT architecture illustrating the
layered data-to-decision flow across sensing, communication, edge
processing, cloud analytics, and enterprise decision layers for
manufacturing and logistics systems.

The illustration titled Industrial Internet of Things: System-level Architecture
and Data-to-Decision Flow shows a 5-layer architecture connected by arrows.
The Sensing Layer includes manufacturing sensors, environmental sensors, and
global positioning system movement data from vehicles. Data moves to the
Communication Layer for transmission and connectivity, then to Edge Processing
for edge analytics, low-latency processing, and trajectory handling. It then flows
to Cloud Analytics, which includes centralized analytics, pattern analysis, and
cross-asset insights. The top Enterprise Decision Layer shows dashboards and
alerts supporting maintenance decisions, routing adjustments, and inventory
planning. Two large feedback arrows return from enterprise decisions to sensing
components for manufacturing, environmental monitoring, and movement
tracking.
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Figure 4.6 Comparison of operational effectiveness across state-of-
the-art industrial IoT architectures under identical data and
deployment conditions.

The vertical plot represents Performance Gain in percent, ranging from 0 to 25
in increments of 5, and the horizontal plot lists Cloud-Centric, Edge-Only,
Component-Optimized, and DOS-IoT. Each category has bars for Overall
Equipment Effectiveness Gain, Downtime Reduction, Inventory Accuracy Gain,
and On-Time Delivery Gain. Cloud-Centric ranges from 6.5 percent to 11
percent, Edge-Only ranges from 5.2 percent to 8.6 percent, Component-
Optimized ranges from 9.5 percent to 15.5 percent, and DOS-IoT shows the
highest values, ranging from 15 percent to 26.5 percent.
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Figure 4.7 Technical performance comparison of industrial IoT
architectures in terms of decision latency, alert precision, and
scalability.

The vertical plot is labeled Metric Value, ranging from 0 to 35 in increments of
5, and the horizontal plot lists Cloud-Centric, Edge-Only, Component-Optimized,
and DOS-IoT. The grouped bars compare Latency Reduction in percent and Alert
Precision. Latency Reduction increases from 0.5 percent for Cloud-Centric to
22.5 percent for Edge-Only, 28.5 percent for Component-Optimized, and 38
percent for DOS-IoT. Alert Precision is 1 percent for Cloud-Centric, 0.75 percent
for Edge-Only, 1 percent for Component-Optimized, and 1 percent for DOS-IoT.
Note that the DOS-IoT latency value exceeds the stated vertical plot range.
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Figure 4.8 Normalized economic impact of alternative industrial
IoT architectures, comparing relative cost savings and value
generation under identical deployment assumptions.

The vertical plot is labeled Normalized Index x, ranging from 0.0 to 1.6 in
increments of 0.2, and the horizontal plot lists Cloud-Centric, Edge-Only,
Component-Optimized, and DOS-IoT. Each category has bars for Downtime
Savings, Inventory Reduction, and Overall Economic Index. Cloud-Centric has
1.0 for all three metrics. Edge-Only ranges from 1.08 to 1.12. Component-
Optimized ranges from 1.22 to 1.29. DOS-I0T has the highest values, with
Downtime Savings at 1.70, Inventory Reduction at 1.60, and Overall Economic
Index at 1.68. Note that the DOS-I0oT values exceed the stated vertical plot range.
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Figure 4.9 Cross-domain operational performance of DOS-IoT
across manufacturing and logistics, highlighting consistent gains
despite differences in data structure and decision dynamics.

The vertical plot is labeled Performance Gain percent, ranging from 0 to 25 in
increments of 5, and the horizontal plot lists Manufacturing and Logistics. The
grouped bars compare Overall Equipment Effectiveness slash Inventory Gain,
Downtime slash Delay Reduction, and Service-Level Improvement.
Manufacturing shows 22.5 percent, 26.5 percent, and 17 percent. Logistics shows
26.5 percent, 20.5 percent, and 14.75 percent. The 26.5 percent values exceed the
stated vertical plot range.
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Figure 4.10 Cross-domain comparison of technical performance
under DOS-IoT, highlighting latency reduction, alert precision, and
scalability across manufacturing and logistics.

The vertical plot is labeled Metric Value, ranging from 0 to 35 in increments of
5, and the horizontal plot lists Manufacturing and Logistics. The grouped bars
compare Latency Reduction percent and Alert Precision. Manufacturing shows
33.7 percent latency reduction and approximately 0.7 alert precision. Logistics
shows 38.0 percent latency reduction and approximately 0.7 alert precision. The
Logistics latency value exceeds the stated vertical plot range.
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Figure 4.11 Normalized economic impact of DOS-IoT across
manufacturing and logistics, illustrating the consistency of value
gains across domains.

The vertical plot is labeled Cost Savings Index x, ranging from 0.0 to 1.8 in
increments of 0.2, and the horizontal plot lists Manufacturing and Logistics. The
bar for Manufacturing reaches 1.7, while the bar for Logistics reaches 1.63.
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Figure 5.1 Decision-centric integration Of structured transactional

The architecture illustrates how language representatlons are
aligned with numerical supply chain data to support end-to-end

decision processes—including demand forecasting, risk monitoring,

and service execution—under interpretability and governance

constraints.

The framework shows a supply chain data processing and decision-support
system. It begins with Digitalized Supply Chain Data and Unstructured Textual
Data. Digitalized data flows into Structured Data, including purchase orders,
inventory levels, and shipment events, and then into Transactional and Numerical
Aggregation Systems. Unstructured textual data, including emails, contracts,
audit reports, service tickets, regulatory notices, and news articles, flows into
Natural Language Processing for Supply Chains. This process includes text



preprocessing, domain-adapted language models, and transformer-based natural
language processing, supported by domain specificity and technical vocabulary.
Both numerical systems and the Integrated Decision-Support Layer are shaped by
governance and operational constraints. Outputs include demand planning
enhancement, supplier risk and compliance monitoring, and disruption and
market intelligence.

Return to image in text.
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representational and modeling capabilities—from rule-based
systems to transformer-based language models—and their
implications for handling domain-specific language in supply chain
decision contexts.

The Rule-Based Natural Language Processing uses if-then rules and rigid tags
for structured processing, but has limited flexibility. Statistical Natural Language
Processing learns from data and handles uncertainty, but does not fully capture
meaning or context. Static Word Embeddings represent words as vectors and
capture semantic relationships, but the same word keeps one meaning across uses.
Contextual Embeddings add sentence-level meaning and improve accuracy, but
still process text sequentially. Transformer-Based Models use multi-head
attention with query, key, and value inputs to process text globally, capture long-



range dependencies, and support parallel processing. Outputs include text

generation, machine translation, summarization, question answering, and

sentiment analysis, with a lifelong learning loop returning to the model stage.
Return to image in text.
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Figure 5.3 Dual-stream data pipeline for decision-centric supply

customer text and external risk-related news, followed by
convergence into shared, domain-adapted language representations
that support downstream forecasting and risk decision tasks.

The framework titled Supply Chain Natural Language Processing Framework:
Utilizing Textual Datasets and Shared Representations shows two input sources
feeding into a shared representation layer. Amazon Product Reviews provide
demand-side textual signals, including customer sentiment and emerging product
issues. GDELT slash News Articles provide external risk-related signals,
including regulatory events, disruptions, and macro-environmental developments.
Both inputs connect to the Shared Natural Language Processing Representation
Layer, with a note that integration occurs at the representation level, not through
raw data merging. From this central layer, four supply chain applications branch
downward: Demand Forecasting Support, Supplier Risk Monitoring, Contract
Analysis, and Customer Communication Management.

Return to image in text.
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Figure 5.4 Architecture of the proposed DC-SC-NLP framework,
illustrating the shared domain-adapted language representation
layer and its integration with task-specific decision modules for
demand forecasting, supplier risk monitoring, contract analysis,
and customer communication.

The illustration shows a 4-stage natural language understanding process
flowing upward from Text Ingestion to applications. Text Ingestion includes
customer reviews, news articles, contracts, and service messages. These inputs
move into a Domain-Adapted Transformer, supported by domain-specific
language, contextual encoding, contextual language understanding, and unified
processing. The transformer output flows into Shared Language Representations,
described as a unified embedding space for consistent semantic representation
across tasks. The final application layer includes Demand Forecasting, Supplier
Risk Ranking, Classification, and Text Generation, shown with icons for graphs,
risk ranking, folders, tags, documents, and writing.

Return to image in text.
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Figure 5.5 Comparison of demand forecasting accuracy on the
Amazon Reviews dataset, measured using MAPE (lower is better).

Results contrast traditional sales-driven baselines, text-augmented
forecasting models, and the proposed decision-centric DC-SC-NLP
framework under identical data splits and evaluation protocols.

The vertical plot represents Mean Absolute Percentage Error in percent,
ranging from 0.0 to 17.5 in increments of 2.5, and the horizontal plot lists 6
forecasting models: ARIMA, Prophet, LSTM Sales only, LSTM plus Sentiment,
Transformer plus Text Auxiliary, and DC-SC-NLP. The bars decrease from
ARIMA at 18.3 percent to Prophet at 17.8 percent, LSTM Sales only at 16.5
percent, LSTM plus Sentiment at 15.3 percent, Transformer plus Text Auxiliary
at 14.7 percent, and DC-SC-NLP at 13.0 percent. ARIMA and Prophet exceed the
stated vertical plot range.
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Figure 5.6 Supplier risk ranking performance on the GDELT news
dataset, measured using AUC (higher is better), comparing

models under identical data splits and evaluation protocols.

The vertical plot is labeled AUC, ranging from 0.650 to 0.850 in increments of
0.025, and the horizontal plot lists Indicator-based, Keyword-based Natural
Language Processing, Classical Natural Language Processing plus Sentiment,
Contextual Language Model, and DC-SC-NLP. The line rises across the models,
with values of 0.635, 0.680, 0.720, 0.760, and 0.835. The Indicator-based value is
below the stated vertical plot range.
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Figure 5.7 Comparison of customer communication classification
performance across baseline and transformer-based models,
evaluated using macro-F1 (1) on the held-out test set. Results
highlight the impact of decision-centric language integration on
intent and sentiment classification under realistic service
workloads.

The vertical plot is labeled Macro-F1 Score, ranging from 0.0 to 0.8 in
increments of 0.1, and the horizontal plot lists 5 models: Keyword routing, Bag of
Words plus Support Vector Machine, Long Short-Term Memory, Transformer
Task-isolated, and DC-SC-NLP. The bars increase from 0.61 for Keyword routing
to 0.68 for Bag of Words plus Support Vector Machine, 0.74 for Long Short-Term
Memory, 0.79 for Transformer Task-isolated, and 0.85 for DC-SC-NLP. The DC-
SC-NLP value exceeds the stated vertical plot range.
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Figure 5.8 Cross-domain generalization performance of DC-SC-
NLP and baseline models, measured as relative performance
retention when transferring between demand-side and risk-
oriented textual domains.

The vertical plot represents Relative Performance Retention in percent,
ranging from 0 to 90 in increments of 20, and the horizontal plot lists Task-
1solated Transformer, Text-augmented Long Short-Term Memory, and DC-SC-
NLP. Each model has two bars: Amazon to GDELT and GDELT to Amazon.
Task-isolated Transformer shows 70 percent and 67 percent. Text-augmented
Long Short-Term Memory shows 64 percent and 62 percent. DC-SC-NLP shows
the highest retention, with 86 percent for Amazon to GDELT and 83 percent for
GDELT to Amazon.

Return to image in text.
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Figure 5.9 Robustness to text heterogeneity, reporting normalized
performance under varying document length and noise regimes,
where higher values indicate stronger stability and degradation
resistance across heterogeneous textual inputs.

The vertical plot is labeled Normalized Performance, ranging from 0.0 to 1.0
in increments of 0.2, and the horizontal plot lists Short, low noise; Mixed length;
and Long, noisy. The plot compares Task-isolated Transformer and DC-SC-NLP.
For Short, low noise, both models have a normalized performance of 1.0. For
Mixed length, Task-isolated Transformer is approximately 0.90, and DC-SC-NLP
is approximately 0.97. For Long, noisy, Task-isolated Transformer is
approximately 0.83, and DC-SC-NLP is approximately 0.95.

Return to image in text.
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Figure 5.10 Temporal stability of DC-SC-NLP across multiple
aggregation horizons, reporting consistent forecasting error
reduction and supplier risk ranking performance under varying
temporal resolutions (7-30 days), thereby demonstrating
robustness to window selection rather than sensitivity to a fixed
time scale.

The vertical plot is labeled Performance Metrics, ranging from negative 20 to
0 in increments of 5, and the horizontal plot lists 7-day, 14-day, and 30-day
periods. Each period has bars for Forecast Delta Mean Absolute Percentage Error
percent and Risk Area Under the Curve. Forecast Delta Mean Absolute
Percentage Error values extend below zero, at approximately negative 22,
negative 23, and negative 21. Risk Area Under the Curve values are
approximately 1 for all three periods. The forecast bars extend below the stated
vertical plot range.

Return to image in text.
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Figure 6.1 Evolution of decision-support paradigms from static,
offline analytical models to end-to-end digital twin architectures
with continuous physical-digital synchronization, multi-scale
system representation, and real-time, data-driven decision support.

The framework shows 4 stages in supply chain management. Section 1,

Modern Complexity and Traditional Limitations, shows factories, warehouses,

vehicles, historical data, and isolated static models affected by uncertainty,
supplier variability, delayed updates, poor transparency, limited response, and

inability to capture dynamics. Section 2, Digital Twins: Real-Time Management,
shows Internet of Things sensor streams, communication networks, real-time data

flow, digital twin models, simulation, analytics, synchronization, and pattern
learning. Section 3, Sector Expansion and Integration, shows digital twin use
moving from aerospace to manufacturing and global supply chain networks.

Section 4, Future Ecosystem and Challenges, shows an integrated digital platform



linked to data sharing, standards, artificial intelligence, predictive analytics,
cybersecurity, trust, sourcing, routing, and buffering.
Return to image in text.
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Figure 6.2 Cross-scale synchronization mechanism in SynDT
illustrating bidirectional coupling between asset-level digital twins
and system-level supply chain representations. Asset states are
aggregated upward to inform facility- and network-level indicators,
while system-level constraints propagate downward to condition
asset-level decision variables, enabling coherent multi-scale
reasoning.

The layered architecture shows a digital twin system with 6 stacked layers.
The Physical Layer includes machines, sensors, process equipment, factory,
warehouse, and transport. These feed into the Data Ingestion Layer, which
contains sensor data, enterprise data, and external indicators. The Modeling Layer
includes asset-level digital twins and system-level slash supply chain digital
twins, connected with bidirectional arrows. The Simulation Layer includes



synchronized execution and accelerated what-if simulation. The Analytics Layer
shows trend lines, anomaly markers, and scenario comparison. The top Decision
Support and User Interface Layer includes operational decision use, optimization,
alerts, and planning displayed around a dashboard screen.

Return to image in text.
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Figure 6.3 Layered architecture of SynDT showing the separation
and interaction of data ingestion, modeling, simulation, and
analytics layers. The architecture supports heterogeneous data
sources, hybrid physics- and learning-based models, and scalable
execution while preserving architectural coherence across
abstraction levels.

The illustration shows a feedback loop between 2 components: an Asset-Level
Digital Twin on the left and a Supply Chain Digital Twin on the right. The Asset-
Level Digital Twin contains icons of an industrial motor, a sensor, and a time-
series graph with a clock, with the label Cycle-Level slash High-Resolution
Updates below. The Supply Chain Digital Twin contains icons of a network, a
warehouse, and a planning loop around a pie plot and stopwatch, with the label
Macro-Level slash Structural Indicators below. A top curved arrow shows Asset



Insights Drive Supply Chain Optimization, and a bottom curved arrow shows
Supply Chain Context Improves Asset Performance.
Return to image in text.
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Figure 6.4 Execution and learning workflow in SynDT. Digital twin
states evolve through synchronized and accelerated simulation
modes, feeding an analytics layer for scenario comparison and
decision support. Machine learning components are integrated via
lifecycle management to ensure adaptivity while maintaining
alignment with observed system dynamics and governance
constraints.

The framework shows a continuous 5-stage digital twin cycle. Data Ingestion
flows to State Update, then to Simulation, Analytics, and Feedback to Operations,
before looping back to Data Ingestion. Data Ingestion includes wireless
transmission, data flow, and log file icons. State Update shows stacked layers and
a database with refresh arrows. Simulation shows accelerated execution faster
than real time. Analytics includes a line graph, branching arrows, and a location



pin. Feedback to Operations shows a factory and robotic arm with refresh arrows.
Additional loops show Synchronized Simulation from State Update to Data
Ingestion and What-If Exploration from Simulation to Analytics.

Return to image in text.
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Figure 6.5 Evaluation workflow for SynDT illustrating the
relationship between predictive fidelity, computational feasibility,
and operational impact. Metrics are computed across synchronized
and accelerated execution modes to assess accuracy, scalability, and
decision relevance under realistic operational constraints.

The illustration shows a triangular System-Level Digital Twin Evaluation
framework divided into 3 connected areas: Predictive Validity, Computational
Feasibility, and Operational Relevance. Predictive Validity includes accurate



predictions, what-if analysis, data-driven strategy, insights, and decisions.
Computational Feasibility includes efficiency, scalability, and process flow.
Operational Relevance includes planning, decision-making, and operational
impact. Curved arrows connect the 3 areas in a cycle: Predictive Validity drives
real-world actions toward Operational Relevance, Operational Relevance
provides guides and constraints toward Computational Feasibility, and
Computational Feasibility returns new data and results to Predictive Validity.
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Figure 6.6 Asset-level degradation prediction performance on the
NASA C-MAPSS dataset. Results report mean error and stability
metrics across forecast horizons. Lower error and variance indicate
improved temporal coherence.

The vertical plot is labeled Metric Value, ranging from 0 to 25 in increments of
5, and the horizontal plot lists Isolated Long Short-Term Memory, Physics
Remaining Useful Life, Hybrid No Sync, and SynDT. Each category has bars for
Root Mean Square Error, Mean Absolute Error, Bias, and Variance. Isolated Long



Short-Term Memory shows 23, 19, 4.5, and 6.5. Physics Remaining Useful Life
shows 26, 20.8, 5.2, and 7.1. Hybrid No Sync shows 21.5, 17.5, 3.7, and 6.0.
SynDT shows the lowest values, at 18.2, 14.8, 2.0, and 3.7. The Physics
Remaining Useful Life value of 26 exceeds the stated vertical plot range.
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Figure 6.7 System-level planning robustness evaluated using World
Bank LPI-driven scenarios. Metrics reflect variability of planning
outputs under external logistics perturbations.

The vertical plot is labeled Metric Value, ranging from 0.0 to 17.5 in
increments of 2.5, and the horizontal plot lists Static Net Sim, Operational Twin,
Hybrid Pipeline, and SynDT. Each category has bars for Cost Variance, Service-
Level Standard Deviation, and Replanning Frequency. Static Net Sim shows 18.5,
9.5, and 5.8. Operational Twin shows 13.0, 6.8, and 4.0. Hybrid Pipeline shows
11.5, 6.0, and 3.5. SynDT shows the lowest values, at 7.8, 3.0, and 2.3. The Static
Net Sim cost variance value exceeds the stated vertical plot range.
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Figure 6.8 Aggregate operational impact across manufacturing and
supply chain contexts. Values report relative improvements over
baseline planning systems.

The vertical plot represents Improvement in percent, ranging from 0 to 35
percent in increments of 5 percent, and the horizontal plot lists Asset-Only Digital
Twin, Supply Chain Digital Twin, Hybrid, and SynDT. Each category includes
bars for Downtime, Inventory Cost, and Cycle Time, with error bars showing
variability. Asset-Only Digital Twin shows 15 percent, 8 percent, and 11.5
percent. Supply Chain Digital Twin shows 12.5 percent, 15 percent, and 10
percent. Hybrid shows 20 percent, 16.5 percent, and 17.5 percent. SynDT shows
the highest overall improvements, with 27.5 percent for Downtime, 20 percent for
Inventory Cost, and 27.5 percent for Cycle Time.

Return to image in text.

Extended Description for Figure 6.9




10 4 B Manufacturing
I Logistics
B joint

Variance

Isolated Models Hybrid (No Sync) SynDT

Figure 6.9 Stability of predictive behavior when manufacturing and
logistics conditions vary jointly. Lower variance indicates robust
cross-domain integration.

The vertical plot represents Variance, ranging from 0 to 10 in increments of 2,
and the horizontal plot lists Isolated Models, Hybrid No Sync, and SynDT. Each
category includes Manufacturing, Logistics, and Joint bars. Isolated Models
shows variance values of 7.0 for Manufacturing, 6.8 for Logistics, and 9.7 for
Joint. Hybrid No Sync shows 5.8, 5.4, and 7.0. SynDT shows the lowest values,
with 3.4 for Manufacturing, 3.2 for Logistics, and 4.2 for Joint.

Return to image in text.
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Figure 6.10 Sensitivity of manufacturing decisions to simulated
logistics disruptions (ALPI). Lower sensitivity indicates better
buffering through architectural alignment.

The vertical plot is labeled Sensitivity Coefficient, ranging from 0.0 to 0.9 in
increments of 0.1, and the horizontal plot lists Asset-Only Twin, Hybrid
Analytics, and SynDT. The bars show sensitivity coefficients of 0.84 for Asset-
Only Twin, 0.61 for Hybrid Analytics, and 0.39 for SynDT.
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Figure 6.11 Consistency of decisions across domains, measured as
agreement between asset-level and system-level recommendations.

The vertical plot is labeled Consistency Score, ranging from 0.0 to 0.9 in
increments of 0.2, and the horizontal plot lists Independent Models, Hybrid
Pipeline, and SynDT. The bars show consistency scores of 0.61 for Independent
Models, 0.73 for Hybrid Pipeline, and 0.88 for SynDT.
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Extended Descriptions for Chapter 7

Extended Description for Figure 7.1

ULSCO - Unified Learning Supply Chain Optimizer
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Figure 7.1 Architecture of the proposed ULSCO framework. The
system integrates downstream retail demand forecasting and
upstream freight flow modeling through a layered predictive—
prescriptive pipeline. Store-level demand time series are
transformed into latent temporal representations and aggregated
into regional demand signals, which drive RL-based inventory

closed-loop feedback mechanism propagates realized sales and
logistics outcomes back to both predictive and prescriptive
components, enabling continuous adaptation, uncertainty
propagation, and coordinated decision-making across supply chain
tiers.

At the bottom, retail inputs, including multiple retailers, promotions, and
holiday and seasonality, and freight conditions, including traffic, carrier



schedules, and capacity, feed into a central data layer. Above this, the
representation layer models temporal demand and spatial freight relationships.
The predictive layer uses a recurrent neural network with spiral temporal cycles
and gradient boosting tree nonlinear features to generate multi-option forecasts
and future insights. The prescriptive layer performs adaptive inventory and
allocation and constrained profit optimization to produce real-time decisions.
These 3 layers feed the Retail-Logistics Synchronization process, which supports
Evaluate and Improve and Implement and Execute, linked by a closed-loop
feedback arrow.
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Extended Descriptions for Chapter 8

Extended Description for Figure 8.1
UP-SC: Uncertainty-Propagating Supply Chain Architecture
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Figure 8.1 Layered architecture of UP-SC illustrating end-to-end
uncertainty propagation across data ingestion, processing,
network-based analytical intelligence, and decision-support layers.

Global Data Sources feed into the United Nations Comtrade trade
dependencies and National Oceanic and Atmospheric Administration Global
Surface Summary of the Day climate volatility. These inputs enter the Economic-
Environmental Fusion Layer, which processes trade edges, climate perturbations,
and uncertainty signals. The output connects to a Network Coupling Graph,
which identifies dependency strength, exposure propagation, and volatility flow,
with a feedback loop to the fusion layer. Processing and Normalization then
branches into an Uncertainty Propagation Engine and Predictive Stability
Modeling, both feeding the Digital Twin Corridor Simulator. The simulator
supports what-if paths, disruption replay, and resilience curves. Outputs move to
Decision Intelligence Layer for stability score, turnover efficiency, and rebound
time, then to resilient actions for sourcing, routing, and buffering.
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