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ABSTRACT
Modern supply chains face unprecedented complexity, volatility, and data heterogeneity, which
challenge the effectiveness of traditional decision-making tools. Large language models (LLMs)
offer a promising new approach to intelligent supply chain transformation with their contextual
reasoning and semantic generalisation capabilities. However, existing research on LLMs in supply
chain management (SCM) remains fragmented and exploratory, lacking a unified framework to
guide theoretical development and practical deployment. Through a systematic literature review,
the research identifies state-of-the-art applications of LLMs across SCM activities and proposes
a structured framework for LLM-SCM applications. Guided by theoretical support and the Con-
text–Mechanism–Outcome framework, the proposed framework maps LLM capabilities to the five
core processes of the supply chain operation reference (SCOR) model, highlighting specific inter-
vention points and application pathways. It demonstrates how LLMs can support resilient and
insight-driven planning, ethical and sustainable sourcing, collaborative and traceable smartmaking,
resilient and experience-driven delivering, and transparent and empathetic return. The framework
not only enhances conceptual clarity on the role of LLMs in SCM but also provides methodologi-
cal guidance for future research and practice. By aligning with the values of Industry 5.0, including
resilience, human-centricity, and sustainability, the framework contributes to advancing intelligent
and adaptive supply chain systems.
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1. Introduction

Supply chain management (SCM) is a critical compo-
nent of organisational strategy and has a direct impact on
the competitive advantage of the enterprise (Ketchen and
Giunipero 2004). However, SCM is inherently complex,
characterised by non-linear dynamics, multi-stakeholder
coordination, and high uncertainty, particularly under
the compounding effects of geopolitical disruptions,
demand volatility, and sustainability imperatives (Aylak
2025; Ivanov et al. 2023). Traditional supply chain ana-
lytics and automation systems often fall short in flexi-
bility and semantic reasoning, especially when dealing
with unstructured, cross-domain, or real-time informa-
tion. In this context, large language models (LLMs) offer
a new computational paradigm, combining deep contex-
tual understanding with broad generalisation capabili-
ties, that may transform how supply chains are designed,
planned, and governed (Hu et al. 2025; Qu et al. 2024).

As Industry 5.0 advocates for systems that are human-
centric, sustainable, and resilient (Nahavandi 2019), there
is a growing demand for intelligent technologies that
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can support such values. LLMs, built upon the Trans-
former architecture (Vaswani et al. 2017), have rapidly
emerged as general-purpose AI systems with strong
capabilities in understanding, reasoning, and generation
(Brown et al. 2020). Their integration into enterprise
applications creates new opportunities for augmenting
decision-making, automating knowledge-intensive tasks,
and enabling adaptive intelligence at scale (Bommasani
et al. 2022). Unlike Industry 4.0, Industry 5.0 emphasises
collaborative intelligence, socio-environmental responsi-
bility, and AI systems that augment rather than replace
human capabilities (European Commission 2021; Naha-
vandi 2019). Within this paradigm, the integration of
LLMs into SCM is not merely a technological upgrade
but also a strategic response to Industry 5.0’s guiding
principles.

An increasing number of studies have begun to apply
LLMs to various activities in SCM, such as product qual-
ity inspection (Knott, Perez-Cruz, and Defraeye 2023),
supplier identification (Li, Ko, and Ameri 2025), and
risk assessment (Fan, Wu, and Yang 2025). These studies
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have demonstrated the potential of LLMs in processing
unstructured data, enhancing semantic reasoning, and
improving intelligent decision-making. However, most
existing research remains exploratory, focusing on iso-
lated use cases, small-scale experiments, and prototype
systems. While some technical progress has been made,
these studies often fail to align LLM applications with
end-to-end supply chain processes, and the connection
between model outputs and strategic objectives in SCM
remains unclear. Besides, current research has yet to
establish a theoretically structured framework to help
researchers systematically and effectively integrate LLM
competencies with specific management challenges and
their desired target outcomes. Therefore, this study con-
ducted a systematic literature review with the aim of
establishing a framework of LLM application paths in
SCM, which can be used to explore the potential applica-
tion opportunities, implementation pathways, and devel-
opment trends of LLM’s competencies in various SCM
processes. This review addresses two questions:

• What motivates the adoption of LLMs in SCM?
• What are the impacts of LLM applications on SCM

To answer the above research questions, this study
first constructs a novel structured competency matrix
of LLMs, with a particular focus on how key architec-
tural innovations, especially five Transformer-based vari-
ants, are translated into context-specific functional capa-
bilities. This innovative conceptual mapping provides
the technical foundation for understanding the align-
ment between model design and practical task require-
ments, which is an area that has been rarely addressed
in prior SCM-focused LLM research. Building on this
foundation, a systematic literature review is conducted,
guided byDynamicCapabilities Theory (DCT) andCon-
text–Mechanism–Outcome (CMO) framework, to iden-
tify the motivations, applications, and impacts of LLMs
within current SCM research. The resulting framework
presents a new, systematised, process-oriented pathway
that, grounded in the principles of Industry 5.0, supports
the ethical, sustainable, resilient, and human-centric
adoption of LLMs across supply chain processes. This
pathway is expected to assist both academic and indus-
trial communities in advancing the responsible integra-
tion of LLMs into future-oriented SCM.

The main contributions of this study are as follow:

• Mapping the competency matrix of LLMs: This
study constructs a Transformer-based LLM compe-
tency matrix that systematically links architectural
innovations, particularly five representative variants,
with their functional potential in specific scenarios.
This mapping offers a conceptual foundation for

understanding how technical design translates into
application feasibility.

• Proposing a unified framework to guide responsi-
ble LLM integration: Based on a systematic literature
review across SCOR processes and informed by DCT
and CMO framework, the LLM-SCM framework is
developed to provide a process-oriented and theoreti-
cally grounded structure for deploying LLMs in SCM.
This framework focuses on the research motivation,
application methods and impact of LLM applications
in SCM.

• Identifying future application pathways and research
challenges: Grounded in the proposed framework and
the principles of Industry 5.0, this study outlines prac-
tical pathways for applying LLMs within ethical, sus-
tainable, resilient, and human-centric supply chains. It
also identifies current technical and managerial barri-
ers, offering strategic directions for future research.

The rest of this paper is structured as follows. Section 2
outlines the evolution of LLMs, their architectural vari-
ants, and a competency matrix. Section 3 presents a sys-
tematic review of LLM applications in SCM, covering
motivations, methods, and impacts. Section 4 introduces
the LLM-SCM application framework, mapping applica-
tion pathways across SCOR processes in line with Indus-
try 5.0. Key findings and limitations are presented in
Section 5.

2. Large languagemodels

This subsection first introduces the development his-
tory and architectural foundations of LLMs. It then cat-
egorises their Transformer-based variants in accordance
with performance demands and downstream use cases.
Finally, it contextualises these models through a struc-
tured capability mapping to illustrate how they address
SCM challenges.

2.1. Model development & basic architecture

2.1.1. Model development
Since the late 2000s, large language models (LLMs)
have progressed through several critical milestones that
have gradually expanded their applicability to complex
decision-oriented domains such as supply chainmanage-
ment. In the early phase (∼1990–2017), neural models
such as Word2Vec (Mikolov et al. 2013) and Long Short-
Term Memory (LSTMs) (Hochreiter and Schmidhuber
1997) improved textual representation but remained lim-
ited in modelling long-range dependencies, restricting
their usefulness for end-to-end supply chain analysis
involving interconnected processes. A major turning
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point came in 2017 with the introduction of the Trans-
former architecture (Vaswani et al. 2017), which enabled
scalable modelling of long-range dependencies and laid
the technical foundation for applying language mod-
els to complex, multi-stage supply chain tasks. Between
2020 and 2021, large-scale pretraining further enhanced
LLMs’ generalisation ability (Brown et al. 2020; Devlin
et al. 2019; Radford et al. 2019), enabling zero- and
few-shot learning that reduced the need for task-specific
data in downstreamSCMapplications such as forecasting
and planning. Subsequent alignment techniques, such as
instruction tuning (Ouyang et al. 2022), improved the
reliability and controllability of LLM outputs, which is
particularly important in SCM contexts where erroneous
recommendations may lead to operational or contrac-
tual risks. Since 2024, frontier models such as GPT-
4 (OpenAI 2023) have begun to demonstrate struc-
tured reasoning, multimodality, and tool-use, marking
the shift toward autonomous agents capable of planning
and decision-making.

2.1.2. LLM architecture
Contemporary LLMs predominantly rely on
Transformer-based architectures (Vaswani et al. 2017),
which enable scalable reasoning over long and het-
erogeneous textual inputs commonly found in supply
chain operations. The encoder and decoder architecture
of Transformers enables them to integrate information
across documents, temporal dimensions, and organisa-
tional boundaries. A detailed structural diagram is pro-
vided in Appendix A along with Figure A1. The flex-
ibility of the Transformer design enables modifications
that support specialised functions, making it the basis for
nearly all contemporary language models used in enter-
prise settings, including those deployed for procurement,
logistics, and resource planning.

2.2. Transformer variants and their relevance to
SCMproblems

To adapt to specific operational constraints and enter-
prise tasks, Transformer models have undergone tar-
geted architectural or functional improvements. These
variants support a range of enterprise functions such
as long-text processing, computational efficiency, and
multimodal integration. Table 1 maps five representa-
tive Transformer variants to the language model capa-
bilities they enable and the corresponding applications
in supply chain management. This mapping provides
practical insight into how model design supports real-
world decision-making and automation tasks in logis-
tics, sourcing, and production operations. Additionally,
recent advances from the computer science community
have also explored multi-agent LLM architectures that

enable coordinated reasoning and task decomposition
(Wu et al. 2024), providing important methodological
foundations for complex decision-making scenarios rel-
evant to supply chain coordination. Appendix B sum-
marises five popular Transformer variants tailored for
distinct requirements, along with representative models
and their key optimisations for each variant.

Each variant offers enhancements that extend the
standard Transformer architecture to new management
contexts. The following sections describe the technical
rationale for each variant while highlighting its practical
role in supporting SCM workflows.

Figure 1 illustrates the progressive role of transformer-
based LLMs in SCM, from basic text comprehension to
advanced multimodal integration. Each stage is anno-
tated with the corresponding transformer types, reflect-
ing their technological evolution and suitability for
increasingly complex SCM tasks. Moving from basic to
advanced applications. At the foundation, text-focused
transformers enable simple text comprehension tasks
such as contract analysis and invoice classification. As
capability develops, transformers for reasoning and opti-
misation and task adaptation models extend this to fore-
casting, analysis, and decision generation, supporting
functions like demand prediction, stock adjustment and
replenishment planning. With greater complexity, long-
context transformers enable auto-simulation, allowing
warehousemodelling and route planning. At amore inte-
grated level, long-context and optimisation transformers
support intelligent systems that handle negotiation and
act as supply chain assistants. Finally, multimodal trans-
formers provide a linkage between language and visual
data, combining text and graphics for warehouse opera-
tions. Representative models of the five variants can be
found in the Appendix C.

2.3. LLM competencymatrix

To provide a unified understanding of LLM com-
petencies in supply chain contexts, this study maps
five representative Transformer variants to a struc-
tured five-dimensional competency framework. The
text-focused Transformer lays the architectural founda-
tion and corresponds to the Model Architecture and
Technical Features dimension, relevant for basic SCM
tasks such as contract parsing and invoice classification.
Transformers for Reasoning and Optimisation improve
training efficiency and data processing by enabling faster
and more cost-effective model fine-tuning. This techni-
cal advantage lowers the resource threshold for adapt-
ing LLMs to downstream SCM applications, such as
demand forecasting or cost-sensitive sourcing, where
rapid iteration and task-specific customisation are essen-
tial. Task Adaptation Transformers contribute to core
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Table 1. Transformer in SCM.

LLM architecture Stages LLM Architecture capability Supply chain application Reference

Text-focused Transformers Basic • Natural Language Understand-
ing and Generation

• Extracting insights from contracts, invoices,
emails, or shipping documents

• Automated reporting, customer communi-
cation, or supplier queries

Chiu, Tai, and Chu (2024);
Shishehgarkhaneh et al.
(2024)

Transformers for Reasoning
and Optimisation

Intermediate • Logical and Mathematical Rea-
soning Capability

• Multilingual Capability

• Demand forecasting, cost estimation, and
inventory optimisation using logic models

• Cross-border logistics support throughmul-
tilingual processing

Hu et al. (2025); Taiwo,
Yussif, and Zayed (2025)

Task adaptation Transformer Intermediate • Code Generation and Debug-
ging Capability

• Personalisation andUser Adapt-
ability

• Tool Invocation and Plugin Inte-
gration Capability

• Tailored decision support for procurement,
planning, or inventory control

• Automatingworkflows in supply chain plat-
forms (e.g., writing SQL or scripts)

Caetano, Oliveira, and
Ramos (2025); Mishra
and Senapati (2025)

Long Context & Transformer Advanced • Multi-turn Dialogue and Con-
text Memory

• Retrieval-Augmented Genera-
tion (RAG) Capability

• Analysing risks inmulti-step logistics or pro-
duction planning

Wang et al. (2025b)

Multimodal Transformer Advanced • Multimodal Support
• Multilingual Capability

• Visual inspection of goods, damage detec-
tion from images

• OCR and analysis of scanned supply chain
documents in multiple languages

Fan and Chiu (2024);
Satirapiwong and
Siriborvornratanakul
(2021)

Note: The categories presented in this table are conceptual labels developed in this study to synthesise different transformer-based architectural tendencies in the
SCM literature.

Figure 1. Evolution of Transformer Variants in SCM Applications.

language understanding and task generalisation, forming
the basis of the Competency Dimensions, and support
diverse applications like dynamic replanning or mul-
tilingual supplier matching. Multimodal Transformers,
through their ability to process heterogeneous inputs
(e.g., images and text), raise considerations in the Safety
and Ethical Dimensions, especially for visual inspec-
tion in manufacturing or reverse logistics classification.
Finally, Long Context Transformers enable scalability
and extended reasoning, mapping to the Application and
Deployment Dimensions, such as multi-echelon plan-
ning or end-to-end logistics simulation. The full matrix
is provided in Appendix D.

The five dimensions of information related to LLM
competencies, and their influencing factors, are shown in
Figure 2:

Based on the analysis of the five Transformer-based
variants and the competency matrix presented earlier, it
is evident that:

• Model architecture and technical features, along with
training and data characteristics, determine LLM
competencies and their relative strengths. For exam-
ple, advanced architectures such as Long Context
Transformers enable LLMs to process extended pro-
curement contracts, supplier agreements, or production
planning documents, thereby improving informa-
tion traceability and coordination across supply chain
functions.

• Training and data characteristics, as well as LLM com-
petencies, influence the model’s security and ethical
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Figure 2. Five feature dimensions of LLM with associated rela-
tionships.

performance. In sourcing and reverse logistics pro-
cesses, this affects themodel’s ability tomitigate biased
supplier evaluations or prevent hallucinated classi-
fications, which could otherwise lead to regulatory,
contractual or compliance risks.

• LLM competencies, security, and ethical consid-
erations collectively impact LLM deployment and
application. During logistics execution, for instance,
explainability, robustness and human oversight
become critical when deploying LLMs to support
autonomous delivery, disruption management, or
multilingual negotiation with logistics partners.

• Feedback fromdeployment and use in operational set-
tings inform ongoing improvements to LLM architec-
ture and training strategies. In supply chain contexts,
user interaction logs from planning assistants, digi-
tal twins, or warehouse simulations, provide evidence
that can guide iterative fine-tuning, performance opti-
misation and context specific adaptation of LLMs.

The interdependence of these dimensions implies that
decisions about LLMdeployment in supply chain settings
must be grounded not only in model performance but
also in the specific operational context, regulatory envi-
ronment, and integration demands of the application.

While Figure 2 does not directly represent the task-
specific competencies of large language models, it out-
lines the progression of key technical traits that influence
design, safety, and deployment strategies. These evolving
features have important implications for practical SCM
use cases. Section 3 further explores how different LLM
characteristics translate into tangible outcomes across
supply chain processes.

3. Systematic literature review on LLMs in SCM

By synthesising DCT with LLM applications in SCM
via the SCOR model and operationalising this linkage
through a CMO logic, this literature review positions
LLMs as key technological enablers of dynamic capa-
bilities, which underpin the explanation of the motiva-
tion for adopting LLMs. The review illustrates how AI
reshapes traditional supply chain processes by embed-
ding intelligence, agility, and responsiveness.

3.1. Theoretical support

3.1.1. Dynamic capabilities theory (DCT)
DCT provides a valuable perspective for understanding
how organisations develop, deploy, and renew capabili-
ties in response to rapidly changing environments. Orig-
inally introduced by Teece et al. (1997), the theory out-
lines how firms can gain a sustainable advantage through
continuous adaptation, particularly under conditions of
uncertainty. At the core of DCT are three interrelated
capacities: sensing, seizing, and transforming. These rep-
resent an organisation’s ability to detect environmental
changes, respond with timely and effective actions, and
reconfigure internal assets to maintain competitiveness.

The relevance of DCT to SCM has been widely
acknowledged in recent literature. Supply chains today
operate in contexts marked by demand volatility, geopo-
litical disruptions, technological innovation, and sustain-
ability pressures (Ivanov 2022). In such settings, firms are
expected to exhibit not only operational efficiency but
also strategic agility. DCT has thus been used to explain
how firms build resilience, recover from disruptions, and
engage in continuous innovation (Blome, Schoenherr,
and Rexhausen 2013; Wieland 2021). For example, sens-
ing capabilities allow supply chains to anticipate risks
by monitoring supplier performance and customer sen-
timent (Amellal et al. 2024; Wan et al. 2021). Seizing
enables firms to make informed decisions in real time,
such as rerouting logistics or adjusting sourcing policies
(Painuly and Sharma 2024). Transforming refers to the
ability to reconfigure supply chain structures, workflows,
and partnerships, often through digital or data-driven
innovation (Singh and El-Kassar 2019).

While DCT has been applied to explain a range of sup-
ply chain strategies, its potential to interpret technology-
enabled transformation remains underexplored. This
study proposes that the adoption of LLMs represents a
class of digital innovation that can directly enhance an
organisation’s dynamic capabilities. LLMs support sens-
ing by processing unstructured market data, identifying
patterns, and detecting early signals of disruption. They
enable seizing by facilitating decision-making through
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Table 2. Mapping DCT to SCM processes and LLM contributions.

DCT component SCM process Enabling mechanism LLM contributions Reference

Sensing Plan, Source Sensing market changes,
scenario planning

LLMs can analyse vast market and demand data to
generate forecasts, simulate scenarios, and
support strategic planning.

Wan et al. (2021); Zhang, Xia,
and Xie (2024)

Supplier sensing and selection,
contract adaptation

LLMs can extract insights from supplier
performance data and automate compliance
review of contracts.

Seizing Make, Deliver Resource reconfiguration,
process innovation

LLMs support adaptive scheduling, real-time
troubleshooting, and operational
documentation.

Hu et al. (2025); Mishra and
Senapati (2025)

Customer engagement,
logistics agility

LLMs improve customer interaction (e.g.,
chatbots), optimise routing via natural language
analysis of delivery notes, and support
decision-making in disruptions.

Transforming Plan, Make, Return,
cross-process

Learning from failures, reverse
logistics innovation,
introduce text information,
replaces manual testing.

LLMs facilitate root cause analysis and the
development of return policies through the
synthesis of unstructured data. Enhance
enterprise risk awareness. Restructure product
development capabilities and speed.

Mishra and Senapati (2025); Sliż
(2024); Wang et al. (2025a)

scenario modelling, demand prediction, and adaptive
control. They also contribute to transforming by allow-
ing for the automation of knowledgeworkflows, semantic
coordination across teams, and reconfiguration of oper-
ational routines. In this study, these DCT capabilities are
not treated as abstract organisational attributes; instead,
they are activated through specific LLM-enabled mech-
anisms, which are subsequently analysed using a CMO
lens.

3.1.2. SCOR framework in supply chainmanagement
The SCORmodel, developed by the Supply Chain Coun-
cil in the United States (now part of APICS), is a frame-
work for modelling SCM processes. It is designed to help
organisations analyse, improve, and optimise their sup-
ply chain operations (Stewart 1997). The SCOR model
divides supply chain processes into five main man-
agement processes: Plan, Source, Make, Deliver, and
Return (Stewart 1997). Analysing supply chain opera-
tions through the SCOR model allows companies to
systematically understand the connection between tech-
nological value andbusiness needs (Thilakarathna,Dhar-
mawardana, and Rupasinghe 2015). With this model, the
application of LLMs can be integrated into each process
step, clarifying the motivation, specific uses, and practi-
cal impacts. This approach helps firms align advanced AI
technologies with their operational processes in a stan-
dardised way, supporting the transformation towards an
intelligent supply chain (Prakash 2013).

3.1.3. Mapping DCT to LLM-enabled SCM processes
To better illustrate the theoretical fit between DCT and
the application of LLMs in SCM, Table 2 presents a
mapping across the five core supply chain processes
defined in the SCOR model. Each cell indicates how

LLMs activate specific dynamic routines to enhance pro-
cess agility and responsiveness.

3.2. Systematic literature reviewmethodology

This study conducted a systematic literature review (SLR)
in accordance with the PRISMA 2020 guidelines (Page
et al. 2021) to ensure transparency and reproducibility.
The literature search was carried out in April 2025 across
two major academic databases: Scopus and Web of Sci-
ence (WoS). The keyword selection was guided by the
research aim of exploring how LLMs are applied across
SCM activities. Core terms such as “transformer”, “large
language model”, “generative artificial intelligence”, and
“ChatGPT” were selected to capture the breadth of LLM-
related technologies. Synonyms and variations,– includ-
ing acronyms like “GPT”, plural forms like “models”, and
broader terms like “NLP∗”,– were included to enhance
retrieval sensitivity and ensure comprehensive coverage
of the LLM landscape.

In parallel, supply chain-related terms such as
“supplier”, “demand forecasting”, “inventory manage-
ment”, and “supply chain∗” were chosen to represent
key functional areas of SCM aligned with the SCOR
model. These terms reflect the scope of the review, which
focuses on core operational processes where LLMs may
provide value. The combination of these two keyword
domains allows the search strategy to identify relevant
interdisciplinary literature at the intersection of AI and
SCM.

A total of 1,490 records were initially retrieved,– 1,081
from Scopus and 409 from WoS. Records were limited
to peer-reviewed articles, published in English, between
2020 and 2025, resulting in 541 records. After remov-
ing 243 duplicates, 298 unique records were retained
for title, keyword, and abstract screening. Following this



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH 7

screening, 280 articles were sought for full-text retrieval.
Eighteen records could not be retrieved, leaving 262 arti-
cles for eligibility assessment. After removing 187 studies
that were irrelevant (e.g., focused on unrelated topics
such as nonlinear programming or high-voltage trans-
formers), 93 records remained.

A full-text assessment was then performed, during
which 57 studies were excluded due to a lack of focus
on LLMs (e.g., papers focusing purely on transformer
architectures without discussing language models). Ulti-
mately, 36 studies were included in the full text assess-
ment. In addition to the initial database search, a snow-
balling strategy was applied to ensure broader coverage
of the relevant literature. Both backward snowballing
(screening the reference lists of included studies) and for-
ward snowballing (examining papers citing the included
studies) were conducted. Through this process, an addi-
tional 25 studies were identified and included. These
studies met the same predefined inclusion and exclu-
sion criteria as those used in the main search, ensur-
ing that they were relevant and of comparable qual-
ity. The inclusion of these records was therefore not
intended to increase the number of articles artificially but
to strengthen the comprehensiveness and robustness of
the review. The literature search process is illustrated in
Figure 3.

3.3. Descriptive statistics

Figure 4 shows the distribution of selected studies across
the five core processes in the SCOR model. The results
indicate that existing research is more concentrated in
the Plan and Make stages, more specifically, focusing
on demand forecasting and intelligent manufacturing. In
contrast, the Source and Return processes remain under-
explored, highlighting potential opportunities for future
work.

Figure 5 illustrates the distribution of LLM compe-
tency types covered in the literature. Most studies focus
on core competencies such as natural language under-
standing and logical or mathematical reasoning. Some
have started to explore more complex competencies,
including multi-turn dialogue, retrieval-augmented gen-
eration, and multimodal integration. This indicates that
the role of LLMs in supply chain tasks is gradually shift-
ing from a basic tool-based function to a more cognitive
one.

Figure 6 presents the annual distribution of included
studies from 2020 to 2025. The results reveal a sharp
increase in publications beginning in 2023, with a notable
peak in 2024. This upward trend reflects the growing
scholarly attention to the intersection of large language

models and supply chain management, particularly fol-
lowing the public release and rapid evolution of genera-
tive AImodels. Although 2025 shows a slight decline, this
is likely due to the timing of the literature search, con-
ducted in April 2025. The trend indicates the timeliness
of this review and indicates the emergence of a rapidly
developing research domain.

The reviewed studies are published across a diverse
set of journals, highlighting the interdisciplinary nature
of LLM-enabled supply chain management research. As
summarised in Table 3, the International Journal of Pro-
duction Research represents the most frequent outlet
within the reviewed corpus, followed by IEEE Access and
a small number of journals focusing on sustainability and
intelligent decision-support. Beyond these primary out-
lets, publications are widely dispersed, suggesting that
this research stream is still emerging and spreading across
multiple academic communities.

The methodological profile of the reviewed literature
is dominated by analytical modelling and optimisation-
based research. These studies typically develop forecast-
ing, inventory, routing, or scheduling models enhanced
by LLM or Transformer-based techniques and evaluate
performance through numerical experiments or simula-
tion.

Simulation and computational modelling form the
second largest group, using agent-based models, digital
twins, or LLM-enabled simulation generation to anal-
yse dynamic supply chain behaviour. Empirical stud-
ies based on real-world data remain limited but are
increasing, particularly in riskmeasurement, forecasting,
and text-based intelligence applications. Conceptual and
framework-oriented research has begun to emerge, while
survey-based and mixed-method studies remain scarce.

From a geographical perspective, the reviewed stud-
ies are primarily authored by researchers based in
China, Europe, and North America. This concentra-
tion indicates that LLM-enabled SCM research is cur-
rently driven by regions with strong artificial intelli-
gence research capacity, advanced digital infrastructure,
and manufacturing- or logistics-intensive supply chain
environments. Contributions from other regions remain
relatively limited, pointing to opportunities for future
research across diverse institutional and regulatory con-
texts.

3.4. Thematic analysis

3.4.1. Context–mechanism–outcome framework
Originally developed within Realist Evaluation (Paw-
son and Tilley 1997), the CMO approach emphasises
that an outcome only occurs when a particular mecha-
nism is triggered within a specific context. Compared to
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Figure 3. Literature search process.

Figure 4. Literature distribution of the application of LLMs in the
five SCM processes.

traditional input–output models, CMO is better suited
to analysing the non-linear interactions between tech-
nology and social systems, especially in cases involving
general-purpose AI technologies like LLMs operating in
dynamic and uncertain supply chain environments.

In this review, the CMO framework is employed not
as a substitute for DCT, but as a causal explanation logic
that is explicitly aligned with the sensing, seizing, and
transforming capabilities articulated inDCT.WhileDCT
explains why organisations adapt through these capabil-
ities, the CMO framework clarifies how such capabilities
are enacted within specific supply chain settings.
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Figure 5. Distribution of LLMs competency in the literature on the application of LLMs in SCM.

Table 3. Descriptive characteristics of reviewed studies.

Dimension Category No. of studies Key observations

Methodological
approach

Analytical modelling 28 Primarily develop forecasting, inventory, routing, and scheduling models
enhanced by LLMs or Transformer-based techniques.

Simulation / computational modelling 14 Rely on simulation, agent-based modelling, and digital twins to analyse
dynamic supply chain behaviours.

Empirical study 9 Employ firm data, operational records, or textual data to validate LLM-enabled
SCM applications.

Conceptual / framework-based 6 Propose LLM-enabled SCM frameworks or agentic systems with limited
empirical validation.

Survey-based / mixed methods 4 Only a small number of studies examine adoption, perceptions, or
organisational impacts using surveys or mixed methods.

Primary journals International Journal of Production Research 8 Articles in this journal mainly focus on analytical and optimisation-oriented
SCM problems supported by modelling and simulation.

IEEE Access 6 Publications emphasise algorithm design, system implementation, and
performance evaluation in applied SCM contexts.

Sustainability 2 Apply LLMs to address sustainability-oriented SCM challenges such as green
sourcing and low-carbon operations.

Expert Systems with Applications 2 Focus on intelligent decision-support systems that enhance reasoning and
decision quality in SCM.

Resources, Conservation and Recycling 2 Apply LLM-related techniques to circular supply chain and resource-efficiency
problems.

Annals of Operations Research 2 Emphasise rigorous analytical modelling and optimisation to examine SCM
coordination and decision mechanisms.

Other journals (39 journals) 39 The remaining studies are widely dispersed across journals, reflecting the
interdisciplinary and emerging nature of the field.

Geographical
focus

China 27 A large share of studies originates from China, reflecting strong AI research
activity and manufacturing-intensive SCM contexts.

Europe 18 European studies frequently address logistics, sustainability, and coordination
problems using LLM-enabled approaches.

North America 12 Research from North America often focuses on data-driven SCM, retail
applications, and knowledge-intensive decision support.

Other / multi-country 4 Contributions from other regions remain limited within the reviewed corpus.

Specifically, the context (C) component corresponds
to sensing, as it captures how supply chain conditions,
problem framings, and research motivations shape the
identification and interpretation of disruptions, uncer-
tainties, and emerging signals. The mechanism (M)
component aligns with seizing, as it explains how

LLM-enabled interventions, such as reasoning, retrieval-
augmented generation, conversational interaction, and
tool use, are mobilised to structure decision alternatives
and support timely action under uncertainty. The out-
come (O) component reflects transforming, as it cap-
tures how repeated and coordinated use of LLMs leads to
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Figure 6. Year trend of LLM-related SCM research.

changes in routines, coordination practices, and process
configurations over time.

Through this one-to-one alignment, the CMO frame-
work provides the causal structure through which
dynamic capabilities are operationalised in practice.
Rather than attributing adaptation to a single mecha-
nism, the framework shows how sensing, seizing, and
transforming unfold as an integrated process shaped
by contextual conditions, enacted through LLM-enabled
mechanisms, and realised in observable outcomes.

3.4.2. Cluster mapping and thematic extraction
To explore the motivations, mechanisms, and outcomes
associated with the adoption of LLMs in SCM, this study
combines bibliometric text analysiswith theCMOframe-
work. Using VOSviewer, a keyword co-occurrence anal-
ysis was conducted on the selected corpus of 36 articles.
Figure 6 presents the cluster diagram of selected articles
showcasing important clusters. Smaller clusters around
them show key linkages associated with (b) Supply Chain
Management and (c) Large Language Model.

As shown in Figure 6(a), the keyword co-occurrence
map reveals three distinct clusters, each representing a
thematic focus alignedwith specific SCORprocess stages.
The red cluster centres around terms such as supply chain
management, artificial intelligence, and generative AI,
highlighting how LLMs are being examined as overar-
ching coordination tools, particularly in the Make stage.
This reflects a strong emphasis on mechanisms such as
AI-driven control and decision-making that are triggered
within complex manufacturing contexts. The green clus-
ter includes keywords like forecasting, transformer mod-
elling, and decision support, indicating that LLMs are
increasingly applied in Plan and Deliver stages for pre-
dictive modelling, risk sensing, and simulation. The blue
cluster, anchored by terms like natural language process-
ing, information extraction, and large language models,
points to applications in semantic automation tasks such
as suppliermatching and returns processing, alignedwith

Table 4. Research themes for LLMs in SCM process.

Theme SCOR process LLM contribution

Forecasting and
simulation

Plan, Deliver Predictive modelling, risk sensing,
scenario generation

Semantic automation Source, Return Information extraction, supplier
matching, after-sales processing

Cognitive coordination Make Scheduling, traceability, adaptive
process control

the Source and Return stages. The directional links and
density of connections between clusters also suggest a
significant degree of overlap and thematic interaction,
with concepts like decision-making appearing as central
mechanisms across multiple contexts (Figure 7).

Based on the above analysis, the authors identified
different potential themes through text mining and pre-
liminary review of the retrieved articles. After several
brainstorming sessions among the authors, the key the-
matic focuses were finally determined. These are: (1)
Forecasting and Simulation, (2) Semantic Automation,
and (3) Cognitive Coordination, which shows in Table 4.

The first cluster is centred on forecasting, predictive
models, and transformer-based learning, indicating that
much research has been focused on the use of LLMs in
the Plan andDeliver stages. The second cluster highlights
the role of natural language processing and information
extraction, pointing to applications in the Source and
Return stages. The third cluster encompasses decision-
making, scheduling, and AI-driven control, suggesting
relevance to manufacturing coordination in the Make
stage.

3.4.3. Theme 1: forecasting and simulation in plan
and deliver
This theme reflects the widespread use of LLMs in
enhancing planning capabilities and delivery coordina-
tion. It encompasses demand prediction, risk classifica-
tion, and real-time scenario modelling. These functions
align with the Plan and Deliver processes in the SCOR
model.

3.4.3.1. Context: motivation for forecast enhancement.
In contemporary supply chains, forecasting inaccuracy
and limited responsiveness remain key challenges. From
a theoretical perspective, traditional forecasting in SCM
often relies on static, rule-based models that lack flexi-
bility when handling uncertainty or unstructured infor-
mation (Cauli et al. 2024; Jackson, Jesus Saenz, and
Ivanov 2024a; Long et al. 2025). This limits their value
in dynamic planning environments. Practically, firms
struggle with inaccurate demand forecasts, disconnected
signals, and delays in scenario planning, especially in
volatile markets (AlMahri, Xu, and Brintrup 2025; Ni



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH 11

Figure 7. Cluster diagram of selected articles. (a) Keyword Co-occurrence Network of LLM Research in SCM. (b) SCM-Centred Keyword
Linkage Network. (c) LLM-Centred Keyword Linkage Network.
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Figure 7. Continued.

et al. 2024). LLMs offer practical advantages by integrat-
ing diverse data sources and enabling contextual rea-
soning across planning and delivery functions. From an
innovation perspective, recent research highlights the use
of LLMs to support strategic simulation and predictive
modelling that goes beyond statistical extrapolation (Hu
et al. 2025). These models enable proactive planning and
dynamic adjustment, reflecting a shift from reactive fore-
casts to intelligent foresight systems that continuously
adapt to evolving supply chain conditions.

3.4.3.2. Mechanism: predictive and semantic techniques.
In planning and delivery contexts, LLMs function as
analytical enablers that allow organisations to recognise
emerging signals from complex data environments and
translate them into timely planning and logistics deci-
sions. In the planning phase, LLMs enhance a firm’s
sensing capability by analysing vast amounts of unstruc-
tured data, from legal texts to social media sentiment,
to detect emerging market trends and risk signals (Fan,
Wu, and Yang 2025; Wang et al. 2025a). These models
seize strategic opportunities by enabling scenario-based
simulations and supporting decisions under uncertainty,
often through integration with agent-based AI or game-
theoretic models (Mishra and Senapati 2025; Xin, Zhu,

and Peng 2024). Additionally, LLMs contribute to trans-
forming static planning processes into adaptive, seman-
tically intelligent systems that offer proactive risk map-
ping and pricing strategies at national and global levels
(Breitung and Müller 2025; Li, Ko, and Ameri 2025). In
the delivery process, LLMs are used to seize logistical
decisions through multimodal routing optimisation that
balances criteria such as time, cost, and emissions (Hu
et al. 2025; Yazdinejad et al. 2023). They support sensing
of real-time disruptions by parsing delivery notes, cus-
tomer feedback, and geospatial data from IoT and remote
sensing systems (Bao et al. 2024; Xie et al. 2025). These
mechanisms help transform logistics from rigid to agile
systems, where routing and scheduling can be dynam-
ically adjusted to handle last-mile variability or crisis
events.

3.4.3.3. Outcome: improved planning and delivery per-
formance. LLMs significantly improve forecasting accu-
racy by integrating structured and unstructured data for
demand, pricing, and risk prediction (Caetano, Oliveira,
and Ramos 2025; Zheng and Brintrup 2025). This
leads to more responsive inventory strategies and better
resource allocation, especially in volatile contexts such
as disaster logistics and energy scheduling (Mishra and
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Senapati 2025). At the strategic level, LLMs enhance
cross-departmental coordination and risk detection by
enabling shared semantic understanding across business
functions (Wang et al. 2025a; Xin, Zhu, and Peng 2024).
This supports the formation of semantically intelligent,
forward-looking planning systems that are capable of
navigating complexity with agility.

LLMs enhance logistical intelligence by improving
route planning and enabling real-time monitoring of
assets through visual and contextual data fusion (Bao
et al. 2024; Xie et al. 2025). This enables more accu-
rate and adaptive delivery schedules, particularly within
last-mile logistics (Qu et al. 2024). By aligning logistical
operations with real-time insights, LLMs facilitate a shift
from point-based optimisation to system-wide logistics
orchestration, contributing to both efficiency gains and
carbon footprint reduction (Hu et al. 2025; Yazdinejad
et al. 2023).

While the reviewed studies highlight the strengths of
LLMs in enablingmore adaptive and context-aware plan-
ning, several limitations remain insufficiently addressed.
A notable concern is the frequent reliance on idealised or
simulated datasets, which may not capture the complex-
ity of real-time, multi-source supply chain signals. Addi-
tionally, many forecasting models fail to quantify uncer-
tainty or provide confidence intervals, limiting their
operational reliability in volatile environments. Further-
more, comparative studies with traditional statistical or
hybrid AI approaches are rare, leaving open questions
regarding the marginal value added by LLMs. These
observations suggest that future research should move
beyond proof-of-concept implementations and focus on
robust, comparative, and context-sensitive evaluation
frameworks.

3.4.4. Theme 2: semantic automation in source and
return
This theme highlights the growing role of LLMs in
automating language-intensive tasks in supplier manage-
ment and after-sales processes. The focus is on semantic
processing, compliance assessment, and intelligent ser-
vice workflows. The associated SCOR stages are Source
and Return.

3.4.4.1. Context: demand for data interpretation and
responsiveness. In sourcing, organisations face chal-
lenges in identifying suitable suppliers, managing mul-
tilingual contracts, and ensuring regulatory compliance
(AlMahri, Xu, and Brintrup 2025). Similarly, return pro-
cesses often suffer from fragmented customer feedback
and inconsistent service logic. Theoretically, sourcing
and after-sales processes remain underexplored in terms
of their semantic and interpretive complexity (Sliż 2024).

Most models overlook the cognitive effort required for
supplier evaluation or customer feedback analysis. In
practice, challenges arise from multilingual documents,
unstructured contracts, and inconsistent return data
(Aylak 2025), leading to inefficiencies in supplier selec-
tion and service handling. LLMs address these problems
by enabling automated text understanding, information
extraction, and context-aware decision support. From an
innovation perspective, LLMs have begun transforming
these functions by integrating with intelligent agents and
adaptive rule systems (Li and Starly 2024). This enables
personalised procurement recommendations and service
workflows, allowing firms to move from transactional
automation to cognitive and context-sensitive opera-
tions.

3.4.4.2. Mechanism: automated semantic matching and
service adaptation. Within sourcing and return pro-
cesses, LLMs enable organisations to move beyond
information extraction toward actionable interpretation,
allowing supplier intelligence and service insights to be
absorbed into adaptive procurement and after-sales rou-
tines. In sourcing, LLMs demonstrate powerful seizing
capabilities by extracting actionable insights from sup-
plier profiles, environmental audits, and multilingual
compliance reports using semantic evaluation techniques
(Li, Ko, and Ameri 2025; Li and Starly 2024). This
allows organisations to seize supplier intelligence faster
and more transparently. By recommending low-carbon
sourcing decisions based on historical data and green
metrics (Aylak 2025), LLMs actively promote sustain-
able procurement. They also help transform traditional
sourcing models by integrating real-time data fusion
and value-based supplier evaluation into dynamic deci-
sion loops. Within the Return phase, LLMs contribute
to sensing customer dissatisfaction or defects by inter-
preting natural language feedback and emotional tone,
enhancing root-cause analysis (Sliż 2024). These insights
are used to seize optimisation opportunities in warranty
management and reverse logistics workflows. Through
chatbots and automated service agents, LLMs also trans-
form after-sales operations from reactive to proactive
systems, where standardised, AI-driven workflows sup-
port consistent, efficient, and customer-aligned service
delivery (Gezdur and Bhattacharjya 2025).

3.4.4.3. Outcome: enhanced sourcing and service capa-
bilities. The outcomes of LLM adoption in these areas
include greater sourcing transparency, faster supplier
identification, and improved alignment with environ-
mental goals. In sourcing, LLMs strengthen supplier dis-
covery and evaluation through multilingual information
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extraction and semanticmatching, increasing both trans-
parency and responsiveness (Aylak 2025). These capabili-
ties are particularly impactful in expanding procurement
access for SMEs and in embedding sustainability con-
siderations into sourcing decisions (Li, Ko, and Ameri
2025; Li and Starly 2024). Firms are increasingly able
to balance cost-effectiveness with environmental impact,
driving a shift toward fair, intelligent, and low-carbon
procurement ecosystems. LLMs are redefining the return
process through the automation of service workflows,
including complaint handling, warranty claims, and fail-
ure diagnostics (Gezdur and Bhattacharjya 2025). These
improvements result in faster response times, lower ser-
vice costs, and greater customer satisfaction (Raman
et al. 2024; Sliż 2024). Through advanced natural lan-
guage understanding, LLMs support a shift from reac-
tive problem-solving to proactive service management,
improving the resilience and consistency of reverse logis-
tics systems.

Despite growing attention to the automation of sourc-
ing and returns via LLMs, current studies tend to empha-
sise technical feasibility over practical viability. Most
works operate under the assumption of high-quality,
multilingual textual data but can rarely hold in frag-
mented or low-resource supply chain contexts. More-
over, semantic automation systems often lack explain-
ability, raising concerns about trust and compliance in
regulatory-sensitive industries. This highlights an urgent
need for research that explores boundary conditions,
interpretability, and the integration of LLMswith existing
procurement and service infrastructures.

3.4.5. Theme 3: cognitive coordination inmake
This theme addresses how LLMs are applied to support
coordination, real-time monitoring, and rule standardis-
ation in manufacturing environments. The applications
are most prominent in the Make process of the SCOR
model.

3.4.5.1. Context: need for adaptive scheduling and pro-
cess control. Manufacturing processes often struggle
with integration across departments, inflexible schedul-
ing routines, and delayed response to unexpected events.
From a theoretical viewpoint, manufacturing coordi-
nation has traditionally been addressed through deter-
ministic scheduling and control frameworks (Oh 2024;
Xie et al. 2025). These approaches often ignore adap-
tive learning and semantic reasoning. In practice, opera-
tional disruptions, last-minute changes, and fragmented
information create persistent coordination problems (Hu
et al. 2025). LLMs contribute by supporting context-
driven scheduling, intelligent documentation, and real-
time response generation. From an innovation angle,

LLMs are increasingly used in cognitive manufacturing
environments, where they interact with sensors, visual
data, and machine logs to guide process adjustments
(Cauli et al. 2024; Jannelli et al. 2025; Knott, Perez-
Cruz, and Defraeye 2023). This reflects a shift from
rule-based execution to adaptive and autonomous coor-
dination, alignedwith dynamic capability principles such
as sensing and reconfiguring in real time.

3.4.5.2. Mechanism: intelligent scheduling and real-time
feedback processing. In manufacturing environments,
LLMs support coordination by continuously interpret-
ing operational signals and embedding this understand-
ing into adaptive scheduling and process reconfiguration.
LLMs enhance sensing in the Make phase by enabling
real-time monitoring of shop floor conditions, detecting
defects through integration with Vision Transformers,
and interpreting unstructuredmachine-generated text or
image data (Cauli et al. 2024; Knott, Perez-Cruz, and
Defraeye 2023). Through reinforcement learning and
language-based planning, LLMs seize control of intelli-
gent scheduling and environment-aware process regula-
tion (Hu et al. 2025; Leite et al. 2025). These capabilities
facilitate transformation by enabling systems that learn
from anomalies, adapt workflows on the fly, and contin-
uously optimise operational rules, marking a shift toward
cognitive manufacturing.

3.4.5.3. Outcome: agile, transparent, and intelligent
operations. The implementation of LLMs in manufac-
turing results in improved traceability, higher qual-
ity assurance, and greater process transparency. LLMs
are driving a transformation toward cognitive and
autonomousmanufacturing systems. Their impact is evi-
dent in areas such as real-time scheduling, quality assur-
ance, and green production.When integrated with visual
models, LLMs support automated component recogni-
tion (Cauli et al. 2024), defect detection (Hu et al. 2025;
Ni et al. 2024), and traceability, enabling higher process
transparency and compliance assurance (Oh 2024; Xie
et al. 2025). At the operational level, LLMs reducemanual
effort and increase system responsiveness, especially in
environments characterised by fluctuating demand (Liu
et al. 2023; Löwhagen, Schwendener, and Netland 2025).

Although cognitive coordination via LLMs is emerg-
ing as a transformative approach in manufacturing, sev-
eral methodological and empirical gaps persist. Exist-
ing studies often focus on narrow use cases, such as
documentation or defect detection, without exploring
full-system integration or human-machine collaboration
in real-time shop floors. Moreover, the adaptability of
LLMs in highly time-sensitive or safety-critical scenar-
ios remains largely untested. Another limitation is the
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Figure 8. The proposed LLM-SCM framework.

lack of standard benchmarks for assessing scheduling
intelligence, making reproducibility and comparison dif-
ficult. Future investigations should prioritise longitudinal
studies in industrial environments, incorporate diverse
sensor data, and address the challenges of latency, robust-
ness, and system interoperability.

3.5. Conceptual framework

Table 5 presents a summary of the thematic analysis.
Based on thematic analysis, this study proposes an inte-
grated framework that explains how LLMs can enable
dynamic capabilities and reveal critical limitations across
supply chain processes to bridge the theoretical and oper-
ational gaps identified in current literature. As illustrated
in Figure 8, the framework adopts a four-level architec-
ture that links theory, causal explanation, diagnostic anal-
ysis, and operational application in a structured manner.
The four levels comprise a theory level, a causal explana-
tion level based on theCMO framework, a diagnostic and
research guidance level, and an application level aligned
with the SCOR supply chain processes.

The theory level is grounded in DCT and focuses on
three core organisational capabilities: Sensing, Seizing,
and Transforming. Within the context of LLM-enabled
supply chain management, sensing provides guidance on
how LLMs can support the identification and interpreta-
tion of disruptions, weak signals, and emerging patterns
in supply and demand. Seizing relates to how insights
generated by LLMs can be translated into timely and

informed decisions under operational constraints. Trans-
forming captures the longer-term role of LLMs in reshap-
ing routines, coordination mechanisms, and decision
processes across supply chain activities.

These dynamic capabilities inform the causal expla-
nation level, which is structured using the CMO logic.
At this level, sensing primarily guides the identification
and framing of research contexts (C), including research
motivations and problem settings in supply chain man-
agement. Seizing informs the analysis of mechanisms
(M), explaining how LLMs operate in practice and how
their reasoning, retrieval, and interaction capabilities are
enacted within supply chain decision processes. Trans-
forming is reflected in the interpretation of outcomes (O),
capturing how repeated and coordinated use of LLMs
can lead to changes in performance, adaptability, and
organisational practices.

Building on this causal explanation, the diagnostic and
research guidance level combines insights from the con-
text andmechanism components of the CMO framework
to support the identification of key limitations in current
LLM-enabled supply chain applications. Across SCOR,
data idealism is most severe in Plan, Source, and Return
due to fragmented and uncertain data; explainability is
most severe in Plan, Make, and Deliver where decisions
are high-stakes and must be defensible; and integra-
tion/governance limitations aremost acute inDeliver and
Enable where real-time execution and accountability are
essential. At this level, diagnosed limitations are used
to guide the selection of appropriate LLM competences
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Table 5. CMO-based literature summary.

Context (Motivations)
SCOR Theory-driven Practice-driven Innovation-driven Mechanism (Application) Outcome (Impact) Reference

Plan Structure dependence Forecast inaccuracy Semantic-driven planning
chain

Unstructured data–driven prediction Enhanced prediction accuracy Fan, Wu, and Yang (2025); Wang et al.
(2025a); Mishra and Senapati
(2025); Xin, Zhu, and Peng (2024);
Breitung and Müller (2025); Li, Ko,
and Ameri (2025)

Multimodal fusion forecasting Optimised resource allocation
Strategy simulation & resource
planning

Improved risk identification

Risk classification & identification Strengthened system collaboration
Crisis-responsive decision support Multi-dimensional risk perception

Source Semantic absence Supplier identification
delays

Green intelligent sourcing Intelligent supplier matching Improved supplier identification Li, Ko, and Ameri (2025); Li and Starly
(2024); Aylak (2025)

Green sourcing optimisation Enhanced green procurement capacity
Compliance & risk detection Strengthened network & data security
Cybersecurity & data tracking

Make Integration deficiency Rigid scheduling Smart manufacturing
coordination

Intelligent scheduling Improved scheduling efficiency Cauli et al. (2024); Knott, Perez-Cruz,
and Defraeye (2023); Hu et al.
(2025); Leite et al. (2025)

Process & environmental optimisation Enhanced traceability & security
Product traceability & identification Process automation & intelligence

Data fusion & quality control
Adaptive rules & standardised workflows

Deliver Coordination blind spot Complex delivery Integrated delivery system Route planning & delivery
optimisation

Improved logistics & inventory efficiency Hu et al. (2025); Yazdinejad et al.
(2023); Bao et al. (2024); Xie et al.
(2025)

Inventory synergies & causal analysis Enhanced service quality & satisfaction
Reduced cost & inventory risk
Optimised resource scheduling

Return Framework disconnection Lagging risk control Cognitive support system After-sales process optimisation Optimised customer experience Sliż (2024)
Customer interaction & rule
adaptation

Enhanced process transparency

Strengthened learning & talent development
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and to indicate feasible research priorities under differ-
ent SCOR process conditions. These priorities represent
the outcome (O) of the diagnostic process, translating
analytical insights into actionable research guidance.

Finally, the application level situates the diagnos-
tic and research guidance within the SCOR processes
of Plan, Source, Make, Deliver, and Return. This level
illustrates how limitation-aware LLM competences and
research priorities can be applied across different sup-
ply chain processes, thereby linking theoretical reason-
ing and causal analysis to process-specific application
contexts.

4. Application pathway and development trend
of LLM in SCM

This section builds upon the proposed LLM-SCM frame-
work to further explore the application pathways of LLMs
in SCM, considering the three core strategies of Indus-
try 5.0 ,– Human-Centric, Resilience, and Sustainability
(TWI 2022). A corresponding pathway framework out-
lining this application roadmap is developed. In addition,
based on thematic analysis and the constructed pathway
framework, the study identifies key development trends
for SCM empowered by LLMs.

4.1. LLM-SCMapplication pathway framework

As shown in the Figure 9, the future application path-
way of LLMs in SCM can be systematically structured
through a CMO framework. This structure offers a clear
logic for aligning LLM deployment with supply chain
transformation goals.

4.1.1. Step 1 – identify the problem andmotivation
(context)
Organisations must first clarify the types of challenges
they aim to address. These include theory-driven limi-
tations such as semantic gaps and coordination issues,
practice-driven challenges like supplier identification
delays and risk control lag, and innovation-driven pur-
suits such as cognitive support systems or semantic-
driven planning chains. These motivations provide the
grounding context for LLM adoption.

4.1.2. Step 2 – enable dynamic capabilities through
LLMs (mechanism)
In response to the evolving demands of modern sup-
ply chains, marked by disruption, technological shifts,
and global competition, organisations require adaptive
and learning-oriented capabilities. Here, the Dynamic
Capabilities Theory offers a foundation, emphasising the
importance of sensing, seizing, and transforming. LLMs,

with their competencies in natural language understand-
ing, multimodal reasoning, RAG, and multilingual inter-
action, can be integrated into SCOR processes to activate
these dynamic capabilities. Specifically, LLMs are prov-
ing transformative in Planning, where they support sce-
nario simulation and adaptive reconfiguration, helping
firms build resilience in the face of uncertainty (Fan,Wu,
and Yang 2025; Wang et al. 2025a). In Sourcing, models
enable automated contract drafting, supplier evaluation,
and even assist in multilingual negotiations, while also
promoting human involvement through collaborative AI
interfaces (Aylak 2025; Li and Starly 2024). For the Make
process, LLMs, when integrated with IoT or digital twins,
help manufacturers reconfigure workflows and respond
dynamically, which benefits both continuity and sustain-
ability (Bao et al. 2024; Xie et al. 2025). In Delivery, they
offer tools for handling exceptions, refining communica-
tion with customers, and developing flexible fulfilment
options, all of which feed into greater responsiveness
(Bao et al. 2024; Xie et al. 2025). In the Return phase,
LLMs assist with both customer-facing interaction and
reverse logistics planning, helping organisations reduce
waste and improve circularity (Sliż 2024). This synergy
allows firms to sense weak signals across data sources,
seize new opportunities through automation and aug-
mentation, and transform decision-making practices at
scale.

4.1.3. Step 3 – achieve future-oriented SCM outcomes
(outcome)
Guided by the core values of Industry 5.0, including
human-centric, resilience, and sustainability, organisa-
tions can steer LLM integration toward strategic out-
comes. These include insight-driven planning, ethi-
cal sourcing, collaborative smart making, experience-
enhanced delivery, and transparent return services. By
embedding LLMs into the operational core, firms move
beyond efficiency gains to build supply chains that are
adaptive, responsible, and future-ready.

This three-step logic offers researchers and practition-
ers a coherent pathway to plan, prioritise, and implement
LLM-driven transformation in supply chain manage-
ment, supporting both immediate digital enhancement
and long-term strategic alignment.

4.1.4. Case example
To better demonstrate the practical viability of this three-
step pathway, we refer to a recent exploratory study (Jack-
son, Jesus Saenz, and Ivanov 2024b) that applied LLMs
to automate simulationmodelling in warehouse logistics.
This case offers a representative prototype that aligns well
with our LLM-SCM application pathway framework.
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Figure 9. The proposed LLM-SCM application pathway framework.

In Step 1, the core challenge addressed in this study lies
in the high technical barrier of building warehouse sim-
ulation models, a task that traditionally requires expert
knowledge and manual configuration. This constraint
limits the ability of organisations to rapidly experiment
with alternative planning, sourcing, delivery configura-
tions, or return flows in response to demand volatility,
supply disruptions, or operational redesign. From a DCT
perspective, this challenge reflects a limitation in organ-
isational sensing and seizing capabilities, as decision-
makers struggle to translate emerging operational signals
into timely analytical insights.

In Step 2, the framework developed in the study oper-
ationalises the three core dynamic capabilities as follows:

• Sensing: The LLM ingests unstructured natural-
language descriptions of logistics systems, such as
storage layouts, inventory policies, picking rules, or
queuing mechanisms, and interprets them using a
GPT-based architecture. This enables the system to
extract contextual knowledge directly from manage-
rial or operational narratives, lowering the cognitive
and technical barriers to system modelling. In SCM
terms, this capability supports planning and sourc-
ing decisions by rapidly capturing changes in demand
patterns, supplier flows, or resource constraints.

• Seizing: Based on this interpreted input, the LLM
generates executable Python code that instantiates a

discrete-event simulation model of the logistics sys-
tem. The model is executed dynamically, producing
performance metrics such as throughput, utilisation,
lead times, and congestion. This capability enables
rapid evaluation of alternative Plan–Make–Deliver
configurations, allowing decision-makers to assess
trade-offs and respond quickly to operational oppor-
tunities or disruptions without relying on lengthy
model-development cycles.

• Transforming: In the transforming stage, human
experts evaluate simulation outputs and iteratively
refine the natural-language inputs to improve model
fidelity or explore new scenarios. This human–AI
feedback loop gradually reshapes organisational rou-
tines for analysis and decision support. Over time,
logistics simulation evolves from an expert-centric
activity into a language-driven, collaborative capabil-
ity, enabling continuous reconfiguration of warehous-
ing, fulfilment, and return processes. This represents
a structural transformation in how analytical capabil-
ities are embedded within supply chain operations.

In Step 3, the application yields outcomes that align
closely with Industry 5.0 objectives. First, it empowers
non-technical users to participate directly in modelling
and decision-making processes (human-centric); Sec-
ond, it enables rapid reconfiguration of storage layouts,
picking strategies an return flows to respond to demand
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Figure 10. Practical case workflow under the LLM-SCM application pathway framework.

volatility and disruptions (resilience); Third, it facili-
tates resource-efficient layout planning, such as optimis-
ing space utilisation, reducing handling effort and eval-
uating circular logistics scenarios in return operations
(sustainability). The case thus exemplifies how the pro-
posed implementation logic can transition from concept
to operational insight, underscoring the transformative
potential of LLMs in SCM.

A visual summary of the system workflow is provided
in Figure 10 to support comprehension.

4.2. Development trend

4.2.1. Resilient and insight-driven planning
Future research focus in Plan could be how to com-
bine LLM reasoning with probabilistic uncertainty and
forecasting models without misleading confidence and
what explanation formats actually improve S&OP align-
ment (counterfactuals, causal graphs, provenance-based
narratives). Enterprises increasingly face challenges such

as high demand uncertainty, delayed responsiveness to
external shocks, and fragmented coordination among
cross-functional teams (Fan, Wu, and Yang 2025; Wang
et al. 2025a). These conditions hinder supply chains’
ability to anticipate disruptions, distribute resources effi-
ciently, and align operational strategies with dynamic
market demands. LLMs offer new capabilities to sup-
port semantic sensing and predictive simulation, partic-
ularly in integrating unstructured data into forecasting
workflows (Fan, Wu, and Yang 2025). Furthermore, the
transforming capability of LLMs lies in their potential to
continuously learn from diverse planning scenarios and
adjust prediction logic based on stakeholder feedback.
However, current systems remain limited by challenges
in forecast explainability, semantic interoperability, and
deployment robustness, particularly under high-stakes,
time-sensitive planning (Caetano, Oliveira, and Ramos
2025; Hamidi, Hosseini, and Hosseyni 2025).

When effectively embedded LLMs into SCM plan-
ning, operationally, they improve demand forecasting



20 Z. SONG ET AL.

precision, reduce planning latency, and enhance cross-
functional collaboration (Fosso Wamba et al. 2024;
Simchi-Levi, Mellou, and Pathuri 2025). Strategically,
they increase organisational foresight and scenario readi-
ness, allowing firms to anticipate structural risks and
model alternative futures (Xie et al. 2025). These con-
tributions support the resilience pillar of Industry 5.0
by enabling early signal detection, collaborative plan-
ning, and dynamic response modelling across internal
and external supply chain actors.

However, ethical considerations remain. Emotion-
driven or sentiment-based forecasting systemsmay suffer
from hallucinated correlations or overfitting (Zouaghi
et al. 2025), leading to mismatches between perceived
and actual demand.Hence, future research should pursue
transparent and auditable forecasting pipelines, embed-
ding multi-stakeholder governance, fairness constraints,
and domain-specific knowledge bases.

4.2.2. Ethical and sustainable sourcing
How to design traceable supplier intelligence pipelines
(sources, timestamps, confidence, contradiction han-
dling) and how to evaluate and mitigate bias in LLM-
based supplier assessments and contract recommenda-
tions could be a future research focus. Organisations
continue to face persistent obstacles in the interpretation
of complex contracts, traceability of upstream suppliers,
and the ethical use of Environmental, Social, and Gover-
nance (ESG) data (Aylak 2025; Li and Starly 2024). Chal-
lenges also arise in managing sensitive information, veri-
fying supplier claims, and mitigating greenwashing risks
(Liu and Chou 2025; Wang et al. 2025a). These contex-
tual complexities limit the ability of firms to sense risks,
seize ethical opportunities, and transform procurement
systems in line with sustainable development goals.

LLMs offer novel mechanisms to address sourcing
challenges by enabling semantic reasoning over multilin-
gual procurement data, supporting contract clause inter-
pretation, and facilitating green supplier discovery. Fur-
thermore, LLMs seize sourcing opportunities by align-
ing procurement decision-makingwith sustainability tar-
gets. LLMs also contribute to transforming procurement
workflows by generating auto-complete or summarised
procurement reports, detecting clause-level anomalies,
or recommending edits to reinforce alignment with ethi-
cal policies.

Despite these capabilities, key barriers remain. These
include limited auditable explainability in sensitive deci-
sion scenarios, absence of standardised semantic corpora
for sustainability verification, and high risks of ESG mis-
use or manipulation in LLM output, especially when
firms repurpose AI-generated recommendations to sup-
port pre-existing greenwashing strategies (TWI 2022).

When responsibly deployed, LLMs can reducemanual
workload in contract review, improve data interpretabil-
ity, and accelerate supplier screening under green criteria.
On the other hand, deploying LLMs in SCM supports the
development of transparent, accountable, and resilient
procurement systems aligned with Industry 5.0’s ethics
and sustainability pillars.

However, the increased reliance on LLMs in sourc-
ing decisions also raises ethical concerns, such as
the risk of greenwashing (TWI 2022), where suppli-
ers may manipulate ESG narratives. To mitigate such
risks, future research should explore the construction
of domain-specific green corpora and audit-ready LLM
pipelines to ensure verifiable sourcing transparency.
Future research should prioritise the creation of domain-
specific green corpora, auditable LLM training pipelines,
and compliance-aware language models capable of veri-
fying and justifying sustainability claims. In parallel, the
development of standardised interfaces to integrate LLMs
into Supplier Relationship Management (SRM) systems
and ethical compliance dashboards is critical to ensuring
operational scalability.

4.2.3. Collaborative and traceable smart making
Future research could focus on how can LLMs safely
interface with operational technology/industrial IoT and
structured control rules without unsafe recommenda-
tions or what governance patterns best prevent leak-
age of proprietary manufacturing knowledge. The Make
process in supply chains has become increasingly com-
plex, requiring high levels of real-time responsiveness,
traceability, and human–AI collaboration. Smart facto-
ries often struggle with production scheduling volatility,
quality inspection delays, and loss of process knowledge
due to fragmented systems and siloed workflows (Cauli
et al. 2024; Hu et al. 2025; Xie et al. 2025). Moreover,
small-batch customisation, sustainability goals, and dig-
ital transformation initiatives have intensified the need
for intelligent, flexible manufacturing environments that
can adapt dynamically to disruptions and variance (Cauli
et al. 2024; Fan and Chiu 2024). These challenges cre-
ate an urgent need for systems that can sense opera-
tional disruptions, seize optimisation opportunities, and
continuously transform shop-floor logic in real time.

LLMs exhibit strong sensing capabilities through inte-
gration with visual transformers and machine learning
models (Knott, Perez-Cruz, and Defraeye 2023; Yazdine-
jad et al. 2023). LLMs also support seizing actions by
generating adaptive responses. Their semantic reason-
ing capabilities enhance machine–human interaction,
acting as AI co-pilots that mediate between system
logic and operator queries, improving production trans-
parency and traceability. In terms of transforming, LLMs
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enable knowledge transfer and dynamic workflow gen-
eration through integration with manufacturing knowl-
edge graphs, digital twins, andMES (Manufacturing Exe-
cution Systems).

Despite these promises, practical challenges persist,
including weak compatibility with manufacturing logic,
inadequate handling of proprietary operational data,
and instability in output under time-critical constraints.
LLMs also lack standardised performance metrics to
evaluate their suitability in high-risk manufacturing
environments.

Deployed appropriately, LLMs can reduce quality
inspection time, enhance traceability, and streamline
anomaly detection in complex production environments.
Strategically, they promote a shift toward adaptive, intel-
ligent manufacturing systems that support collaborative
decision-making and self-learning workflows, reinforc-
ing the human-centric and resilience objectives of Indus-
try 5.0.

Future research should focus on building secure,
explainable LLM agents tailored for production environ-
ments, including error annotation tools, real-time audit
trails, and role-based human-AI collaboration interfaces.
Additionally, a pressing need exists to develop evaluation
frameworks that measure LLM performance in terms of
scheduling accuracy, explainability, and knowledge gen-
eralisation within dynamic production contexts.

4.2.4. Resilient and experience-driven delivering
Future research focus could be how to make LLM deci-
sion support robust to rapidly changing conditions (real-
time retrieval, continuous validation) or how to evaluate
LLMs in live operations without unacceptable service
risk. In the Deliver process in supply chain manage-
ment, Challenges persist in route optimisation, inven-
tory reallocation, and context-aware service adaptation,
particularly in response to rapid demand fluctuations,
urban congestion, or delivery exceptions (Aylak 2025;
Hu et al. 2025). Traditional logistics systems, heavily
reliant on static optimisation models, often fail to inte-
grate dynamic customer feedback, real-time sensor data,
and exception-driven reasoning, hindering their ability
to sense disruptions early and respond with agility.

LLMs enhance sensing capabilities by interpreting
multi-modal, unstructured signals to identify delivery
risks, rerouting needs, or customer dissatisfaction (Aljaž
2024; Bao et al. 2024). LLMs also support seizing by
enabling semantic route optimisation and proactive cus-
tomer engagement. LLMs play a transforming role in
reshaping logistics architectures from reactive delivery
to anticipatory service ecosystems. Through integration
with transportation management systems (TMS) and
warehouse management systems (WMS), LLMs facilitate

continuous learning from historical disruptions, co-
develop routing heuristics with human planners, and
automate exception-handling protocols with embedded
ethics and emotional reasoning.

However, significant deployment challenges remain,
including limited integration with real-time structured
inventory systems, insufficient interpretability of LLM
outputs in high-pressure delivery windows, and ethi-
cal concerns related to bias in customer interaction or
cross-cultural misinterpretation (TWI 2022).

Properly implementing LLMs can improve delivery
accuracy, reduce customer service response times, and
enable adaptive routing in volatile environments. Addi-
tionally, they support the transition to resilient, human-
centric logistics networks that are both experience-
driven and systemically robust, contributing to Indus-
try 5.0’s values of customer empowerment, transparency,
and sustainable responsiveness. Future research should
investigate LLM-aided semantic reasoning chains across
logistics flows, combining structured and unstructured
data streams.Moreover, developing auditing and explain-
ability mechanisms for LLMs in customer-facing appli-
cations is critical to prevent service bias, manage tone,
and build trust in emotionally charged or multicultural
service environments.

4.2.5. Transparent and empathetic return
How can LLMs extract reliable structure from messy
return narratives while quantifying uncertainty and how
to prevent “plausible but wrong” sustainability narratives
in ESG/circularity reporting could be future research
focus in Return process. In this process, enterprises often
face persistent issues such as unpredictable return vol-
umes, low traceability of returned items, inefficient ser-
vice processing, and weak customer interaction mech-
anisms (Sliż 2024). These limitations hinder the ability
to effectively process feedback, manage warranties, and
extract operational insights from return behaviours, rais-
ing both operational and ethical concerns.

LLMs can parse customer feedback across channels
to identify patterns in return reasons, dissatisfaction sig-
nals, or service quality gaps. Additionally, LLMs auto-
mate common service responses and provide dynamic
support in multilingual environments, generating empa-
thetic and situation-aware replies that enhance customer
satisfaction. By continuously learning from return inter-
actions, LLMs can help reshape reverse logistics work-
flows. When integrated with rule-based engines, deci-
sion trees, or dynamic knowledge graphs, they support
adaptive service reconfiguration.

However, critical challenges persist. LLM-generated
recommendations risk emotional misjudgement, fraud-
ulent misclassification, or privacy violations, especially
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when handling sensitive personal data. There is also a
lack of explainable reasoning for return denials, inad-
equate trust safeguards, and legal ambiguity regarding
accountability in AI-led service decisions (TWI 2022).

When responsibly applied, LLMs can reduce return
processing time, improve service standardisation, and
enhance issue resolution accuracy. Moreover, LLMs
enable firms to develop empathetic, transparent, and
ethically aligned after-sales systems, advancing Industry
5.0’s focus on human dignity, trust, and inclusiveness in
digitally mediated services.

The application of LLMs in return classification and
dispute handling also introduces potential ethical pit-
falls, including fraudulent misclassification and privacy
breaches (TWI 2022). As a safeguard, there is an urgent
need to develop trust frameworks and domain-tuned
safeguards to ensure that automated return systems
remain fair, secure, and accountable. Future research
should focus on embedding explainable AI and bias
detection tools into LLM service pipelines, while defining
the legal and ethical boundaries of AI-enabled customer
interaction. Creating standard return corpora, multilin-
gual service tonemonitors, and transparency dashboards
will further reinforce trustworthiness in reverse service
automation.

4.2.6. Explainability and transparency
While LLMs exhibit strong transformative potential
across all SCOR processes, from planning and sourc-
ing to delivery and return, a persistent and cross-cutting
challenge lies in their explainability and transparency
(Simchi-Levi, Mellou, and Pathuri 2025). As discussed
in previous subsections, each domain encounters specific
concerns, such as unverifiable supplier claims, opaque
demand forecasts, and ambiguous justifications in auto-
mated customer interactions. These issues are not iso-
lated; rather, they point to a systemic barrier in the
trustworthy deployment of LLMs in SCM.

The black-box nature of many foundation models
limits their interpretability, especially when operational
decisions have ethical, legal, or strategic implications.
This can erode user trust, complicate accountability, and
hinder regulatory compliance. Moreover, without trans-
parent reasoning mechanisms, it becomes difficult for
supply chain professionals to audit, validate, or refine
model outputs in real time.

Recent research offers several promising directions
to address these challenges. RAG and agent-based sys-
tems can ground LLM outputs in verifiable sources
(Li, Ko, and Ameri 2025), enabling more transparent
and traceable reasoning. These techniques are particu-
larly beneficial for applications like sourcing documen-
tation or regulatory reporting, where explainability is

critical. In addition, well-structured prompt engineer-
ing strategies, such as chain-of-thought(Zhang et al.
2025), can guide the model to articulate intermediate
reasoning steps, enhancing human interpretability and
auditability.

5. Conclusions

This review systematically examined howLLMs are being
applied in SCM and, on this basis, proposed an inte-
grated LLM-SCM application pathway framework. The
frameworkmaps the technical capabilities of LLMs to the
five SCOR processes, Plan, Source, Make, Deliver, and
Return, and organises their application pathways through
the CMO lens. By linking these pathways with the
dynamic capability perspective, the framework explains
how LLMs can enhance sensing, seizing, and transform-
ing routines across supply chains. The analysis further
connects these outcomes with the priorities of Industry
5.0: human-centricity, resilience, and sustainability.

The review identifies three major thematic clusters
in current research,– forecasting and simulation, seman-
tic automation, and cognitive coordination,– which cor-
respond to different stages of the supply chain. From
these clusters, several development trends were derived:
resilient and insight-driven planning, ethical and sustain-
able sourcing, collaborative and traceable smart making,
resilient and experience-driven delivering, and transpar-
ent and empathetic return. Each trend highlights both
opportunities and persistent barriers, such as the need for
explainable forecasting models, domain-specific corpora
for sustainable sourcing, evaluation metrics for manu-
facturing agents, integration with real-time logistics sys-
tems, and trustworthy mechanisms in reverse supply
chain services.

The proposed framework offers both theoretical and
practical implications. Theoretically, it provides a struc-
tured lens for aligning LLM competencies with estab-
lished SCM process logic, thereby offering a foundation
for future conceptual development. Practically, it sup-
ports supply chain practitioners, digital transformation
managers, and policymakers in identifying where LLMs
can address pressing challenges such as demand volatility,
supplier transparency, production adaptability, logistics
disruptions, and return complexity.

Looking forward, future research may further vali-
date and extend this framework by conducting empirical
studies on LLM deployment within specific industry sec-
tors, integrating LLMs with domain-specific knowledge
graphs and simulation systems, and developing evalu-
ation benchmarks for ethical risk, interpretability, and
system resilience. The advancement of such work will be
essential to fully harness the transformative potential of
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LLMs in building smarter, more responsive, and socially
responsible supply chains.
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Appendices

Appendix A. Transformer architecture

Figure A1. Transformer architecture illustrating the encoder-decoder structure, with multi-head attention, feed-forward layers, and
positional encoding.
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Appendix B. Transformer variants

Table A1. Five popular Transformer variants.

Group Architecture name Year Key optimisation Representative model

A Text-focused
Transformers

BERT (Bidirectional Encoder
Representations from
Transformers)

2018 Bidirectional with Masked Language
Model (MLM) pre-training

BERT (Devlin et al. 2019), RoBERTa
(Liu et al. 2019), ALBERT (Lan
et al. 2020)

GPT (Generative Pretrained
Transformer)

2018 One-way autoregressive
(Auto-regressive) for text generation

GPT-2 (Radford et al. 2019), GPT-3
(Brown et al. 2020), GPT-4
(OpenAITechnical Report
Chatgpt-4 2023)

T5 (Text-To-Text Transfer
Transformer)

2019 Unified task paradigm: text-to-text
(Seq2Seq)

T5 (Raffel et al. 2020), FLAN-T5
(Chung et al. 2022)

UL2 (Unifying Language Learning) 2022 Incorporate BERT, GPT, and T5 training
methods to improve adaptability

UL2 (Tay et al. 2023)

CTRL (Conditional Transformer
Language)

2019 Controlled generation, user input to
control text style

CTRL (Keskar et al. 2019)

B Transformers for
Rasoning
and Optimisation

MoE (Mixture of Experts Transformer) 2021 Activates only some of the parameters
to improve computational efficiency.

Switch Transformer (Fedus, Zoph,
and Shazeer 2022), DeepSeek
(DeepSeek-AI 2025)

LoRA (Low-Rank Adaptation) 2021 Parameter efficient fine-tuning (PEFT)
to reduce computational costs

LoRA (Hu et al. 2021), QLoRA
(Dettmers et al. 2023)

Reformer (Efficient Transformer) 2020 Reduce storage requirements and use
LSH attention

Reformer (Kitaev, Kaiser, and
Levskaya 2020)

Linformer (Linear Transformer) 2020 Linear attention computation to
reduce complexity

Linformer (Wang et al. 2020)

BigBird (Sparse Attention
Transformer)

2020 Sparse Attention, Long Text Support BigBird (Zaheer et al. 2020)

Perceiver (General Perception Model) 2021 Universal input (text/image/video) to
extend Transformer applicability

Perceiver (Jaegle et al. 2021)

C Multimodal Transformer ViT (Vision Transformer) 2021 Suitable for image classification, direct
processing of pixel blocks

ViT (Dosovitskiy et al. 2021), DeiT
(Touvron et al. 2021)

Swin Transformer (Shifted Window
Transformer)

2021 Hierarchical window attention for
computational efficiency

Swin Transformer (Liu et al. 2021)

CLIP (Contrastive Language-Image
Pretraining)

2021 Joint text-image training for
cross-modal retrieval

CLIP (Radford et al. 2021)

DALL·E (Text-to-Image Transformer) 2021 Generate images, text-based
descriptions

DALL·E (Ramesh et al. 2021),
DALL·E 2 (2022)

GPT-4 V (Vision-capable Transformer) 2023 Text+ image input for enhanced
visual understanding

GPT-4 V (GPT-4 V(Ision) System
Card 2024)

Sora (Text-to-Video Transformer) 2024 Text to Video Generation Sora (n.d.)
D Long Context

Transformer
ALiBi (Attention Linear Biases) 2021 Enhanced long text handling to avoid

fixed position encoding
ALiBi (Press, Smith, and Lewis
2022)

RWKV (RNN+ Transformer Hybrid) 2023 Combining RNN and Transformer
features to support long sequences

RWKV (Peng et al. 2023)

Ring Attention 2024 Supports long text with millions of
tokens

Claude 3 (Anthropic 2024), Gemini
1.5 (Pichai and Hassabis 2024)

RetNet (Retention Transformer) 2023 Memory enhancement to improve
long-term interaction

RetNet (Sun et al. 2023)

E Task Adaptation
Transformer

Instruction-Tuned Transformer 2022 Instruction Tuning for dialogue InstructGPT (Ouyang et al. 2022),
FLAN-T5 (Chung et al. 2022)

RLHF (Reinforcement Learning from
Human Feedback)

2022 Human feedback reinforces learning to
optimise AI alignment

ChatGPT (Ouyang et al. 2022)

RAG (Retrieval-Augmented
Generation)

2020 Incorporate knowledge retrieval to
improve the quality of responses

RAG (Lewis et al. 2020)

Self-Refinement Transformer 2023 Model self-optimisation to reduce
hallucinations

Claude 3 (Anthropic 2024)
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Figure A2. BERT adopts only the encoder component of the original Transformer architecture and emphasises the use of a bidirectional
attention mechanism. By incorporating two pretraining tasks – Masked Language Modelling (MLM) and Next Sentence Prediction (NSP)
– BERT.

Appendix C. Representative model

Classic NLP transformer
Transformer models for natural language processing (NLP)

are commonly structured into three types: encoder-only,
decoder-only, and encoder-decoder. The encoder applies self-
attention and feedforward layers to extract deep feature repre-
sentations from the input. The decoder uses unidirectional self-
attention and cross-attention to integrate the encoder’s output
and produce the final output. The encoder-decoder architec-
ture captures context by using bidirectional self-attention in the
encoder and cross-attention in the decoder to generate high-
quality text (Zhang et al. 2025). Encoder-onlymodels like BERT
(Bidirectional Encoder Representations from Transformers)
(Devlin et al. 2019) are bidirectional and optimised for lan-
guage understanding via pretraining tasks such as masked lan-
guage modelling (MLM) and next sentence prediction (NSP).
Decoder-only models, such as GPT (Brown et al. 2020) and
LLaMA (Touvron et al. 2023), follow an autoregressive pat-
tern and excel in text generation. Encoder-decoder architec-
tures, like T5 (Raffel et al. 2020) and BART (Bidirectional
and Auto-Regressive Transformers) (Lewis et al. 2019), are
well-suited for sequence-to-sequence tasks including transla-
tion and summarisation. These structures serve as foundational
designs for numerous downstream models and adaptations. In
supply chain operations, these models are used for information
extraction from contracts, automatic document summarisa-
tion, and generation of communication templates for suppliers
or customers.

Calculated optimisation transformer
To address the limitations of the standard Transformer in

terms of computational efficiency, memory usage, and model
size, researchers have introduced various structural optimisa-
tions. Parameter activation methods like Mixture of Experts
(MoE) (Shazeer et al. 2017) and Switch Transformer (Fedus,
Zoph, and Shazeer 2022) activate only subsets of the network,
enabling trillion-parameter scaling (Shazeer et al. 2017). Effi-
cient tuning approaches such as LoRA (Hu et al. 2021) reduce

training costs by updating limited parameters. Sparse atten-
tion models, such as Longformer (Beltagy, Peters, and Cohan
2020) andBigBird (Zaheer et al. 2020), enable longer input han-
dling with reduced computation. Finally, architectural replace-
ments like Reformer (Kitaev, Kaiser, and Levskaya 2020) and
Linformer (Wang et al. 2020) reduce attention complexity.
Their logical reasoning capabilities are especially relevant for
demand forecasting, cost optimisation, and multilingual logis-
tics scenarios, enabling support across complex international
procurement environments.

Multimodal transformer
To support multimodal tasks such as image-text match-

ing, text-to-image generation, and visual question answering,
researchers have introduced a range of structural and process-
ing enhancements to the original Transformer architecture.
These core optimisations include extending input represen-
tations, designing modality alignment mechanisms, adjusting
fusion strategies, and developing unifiedmodelling paradigms.
Multimodal Transformers extend the application of Transform-
ers from text to other modalities such as images, video, and
audio by modifying input formats and incorporating multi-
modal encoder fusion mechanisms. Models like Vision Trans-
former (ViT) (Dosovitskiy et al. 2021) process image patches
as tokens using self-attention. CLIP (Radford et al. 2021) aligns
image-text pairs via dual encoders for zero-shot classification.
DALL·E (Ramesh et al. 2021) and GPT-4 V (GPT-4 V(Ision)
System Card 2024) generate images from text, while Sora (n.d.)
enables text-to-video generation. These models employ cross-
modal attention, shared embeddings, or unified tokenisation to
support tasks like visual question answering, captioning, and
multimodal generation. Architectures like CLIP and GPT-4 V
fuse image-text representations to support tasks such as OCR,
visual inspection, and anomaly detection in packaging or goods
handling. This is valuable in warehouse operations and quality
assurance.

Long context & memory enhancement transformer
To address the computational bottlenecks and limitedmem-

ory capacity of standardTransformers in handling long-context



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH 31

Figure A3. Mixture of Experts (MoE) architecture, which replaces the standard feed-forward layer with multiple expert subnetworks
controlled by a learned gating mechanism. During inference, only a small subset of experts is activated, allowing the model to scale to
trillions of parameters while maintaining computational tractability.

information, researchers have introduced targeted structural
optimisations. These enhancements focus on redesigning the
attention mechanism, replacing traditional positional encod-
ing, improving state storage, and incorporating recurrent struc-
tures. Sparse attention architectures like Longformer (Beltagy,
Peters, and Cohan 2020) and BigBird (Zaheer et al. 2020)
reduce overhead via local/global windows. Recurrent-state
models such as RWKV (Peng et al. 2023) combine RNN-
likememory with Transformer parallelism, supporting stream-
ing inference. Transformer-XL introduces segment-level recur-
rence and relative positional encodings, while RetNet (Sun
et al. 2023) uses recurrence-based propagation to enable effi-
cient long-form processing. These models extend Transformer
usability to legal texts, code, and multi-document QA. This
enables long-range supplier evaluation, production tracking,
and scenario-based planning in multi-echelon supply chains.

Task adaptation and self-supervised learning transformer
Transformers for task adaptation and self-supervised learn-

ing are designed to improve generalisation, unsupervised

pretraining, and alignment with human intent. Although these
methods are not architectural variants themselves, they reflect
key strategies for task adaptation and alignment in the evolu-
tion of Transformer-based models. Instruction tuning enables
models like FLAN-T5 (Chung et al. 2022) to follow natural-
language prompts across diverse tasks. Reinforcement Learn-
ing from Human Feedback (RLHF), as used in InstructGPT
and ChatGPT (Ouyang et al. 2022), aligns output behaviour
with human preferences through reward modelling and Prox-
imal Policy Optimisation. Retrieval-Augmented Generation
(RAG) (Lewis et al. 2020) integrates external knowledge during
decoding, improving factual accuracy and transparency. These
strategies enhancemodel reliability withoutmodifying the core
Transformer architecture. Their flexibility makes them ideal
for decision support systems that personalise procurement rec-
ommendations or automate planning workflows. They are also
applied in dynamic report generation and interaction with ERP
or MRP systems.
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Figure A4. Vision Transformer (ViT), which treats images as sequences by partitioning them into fixed-size patches. Each patch is linearly
projected into an embedding and combined with positional encodings before being processed by self-attention layers, enabling pure
Transformer-based vision processing without Convolutional Neural Networks (CNNs). An MLP head performs final classification, while
internal MLP blocks enhance nonlinear feature representation.
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Figure A5. The Receptance Weighted Key Value (RWKV) model combines Transformer-style parallel training with an RNN-inspired
recurrent state-passing mechanism. Through gating functions and decay-based memory, RWKV supports streaming input and cap-
tures long-range dependencies with reduced inference complexity, enabling efficient processing of contexts spanningmillions of tokens
without explicit self-attention.
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Figure A6. Reinforcement Learning from Human Feedback (RLHF), which enhances alignment by combining Supervised Fine-Tuning
(SFT) with Proximal Policy Optimisation (PPO). Human-labelled preferences guide reward modelling, enabling the Transformer to
generate output that better reflect human expectations, reduce hallucinations, and adhere to ethical standards.
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Appendix D. LLMs competencymatrix

Model architecture and technical features Training and data characteristics

Model
architecture

type∗
Parameter

scale
Context

window size

Activated
parameters (for
MoE Models) Tokenizer type

Model
compression
and distillation

Inference and
training
efficiency

Training data
scale

Training data
sources

Data diversity
and quality

Training
optimisation
techniques

Model
fine-tuning

and instruction
tuning

capability

PaLM 1 E 540B 512 No SentencePiece None Relatively
High

Relatively large Internet+
Open Data

Medium Optimized SGD Limited

PaLM 2 C,E Undisclosed 4K No SentencePiece None Efficiently Relatively large Internet+
Open Data

Relatively High Optimized SGD Limited

Gemini 1 C,E Undisclosed 32K Partial acti-
vation

SentencePiece None Relatively
High

Large scale Internet+
multimodal
data

High Optimized SGD
+ RLHF

Supported

Gemini 1.5 C,E Undisclosed 1M Partial acti-
vation

SentencePiece None Extremely
high

Large scale Multimodal
data+
Internet data

Extremely high Optimized SGD
+ RLHF

Supported

Gemini 2.0 C,E Undisclosed 2M Partial acti-
vation

SentencePiece None Extremely
high

Large scale Multimodal
data+
Internet data

Extremely high Optimized SGD
+ RLHF

Supported

Gemma2 C Undisclosed 128K No Improved BPE None Efficiently Relatively large Open Source
data+
professional
corpus

High Optimized SGD
+ RLHF

Supported

ChatGPT-o1 E Undisclosed 32K No Improved BPE None Efficiently Large scale Internet+
Open Data

High RLHF Supported

ChatGPT-o1-mini E Undisclosed 32K No Improved BPE None Extremely
high

Medium scale Internet+
Open Data

High RLHF Supported

GPT-3.5 E 175B 4 K/16K No BPE None Medium 300B+ Internet+
Open Data

Relatively High RLHF Supported

GPT-3.5 Turbo E 175B 16K No BPE None Efficiently 300B+ Internet+
Open Data

High RLHF Supported

GPT-4 C,D Undisclosed 8 K/32K No BPE None Relatively
High

Hundreds of
billions

Internet+
Open Data+
Professional
corpus

Very high RLHF Supported

GPT-4o C,D,E Undisclosed 128K No Improved BPE None Extremely
high

Hundreds of
billions

Multi-source
data+
multimodal
data

Extremely high RLHF+
multimodal
tuning

Supported

LLaMA 3 8B E 8B 128K No SentencePiece None Efficiently 15.6 T tokens Internet+
multimodal
data

High Optimized SGD
+ RLHF

Supported

LLaMA 3 70B E 70B 128K No SentencePiece None Efficiently 15.6 T tokens Internet+
multimodal
data

High Optimized SGD
+ RLHF

Supported

(continued).
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Table A2. Continued.

Model architecture and technical features Training and data characteristics

Model
architecture

type∗
Parameter

scale
Context

window size

Activated
parameters (for
MoE Models) Tokenizer type

Model
compression
and distillation

Inference and
training
efficiency

Training data
scale

Training data
sources

Data diversity
and quality

Training
optimisation
techniques

Model
fine-tuning

and instruction
tuning

capability

LLaMA 3 405B E 405B 128K No SentencePiece None Extremely
high

15.6 T tokens Internet+
multimodal
data

Extremely high Optimized SGD
+ RLHF

Supported

Claude 3 Opus C,D,E Undisclosed 1M No Improved BPE None Extremely
high

Large scale Multimodal
data+
Internet

Extremely high RLHF+
Optimized
SGD

Supported

Claude 3 Sonnet C,D,E Undisclosed 200K No BPE None Efficiently Large scale Multimodal
data+
Internet

High RLHF Supported

Claude 3.5 Sonnet C,D,E Undisclosed 200K No BPE None Extremely
high

Large scale Multimodal
data+
Internet

Extremely high RLHF Supported

Mistral 7B B 7.3B 8K No BPE None Efficiently 1.4 T tokens Internet+
Open Data

High Optimized SGD Supported

Mixtral 8× 22B B 141B 64K 39B BPE None Extremely
high

Multi-T level Multimodal
data+
Internet

Extremely high Optimized SGD
+ RLHF

Supported

Mistral Small 3 B 24B 32K No BPE None Extremely
high

1 T tokens Internet+
Open Data

High Optimized SGD Supported

Mixtral (MoE) B,D 141B 64k 39B BPE None Extremely
high

Multi-T level Multimodal
data+
Internet

Extremely high Optimized SGD
+ RLHF

Supported

BERT A 110M 512 No Wordpiece Supported Medium 3.3B tokens Wikipedia+
BooksCorpus

Medium Adam Supported

RoBERTa A 355M 512 No BPE Supported Efficiently 160GB text Common Crawl High Adam Supported
DistilBERT A 66M 512 No BPE Supported Efficiently 82GB text Wikipedia+

BooksCorpus
Medium Adam Supported

BLOOM E 176B 2K No BPE None Medium 1.6 T tokens Multilingual
data

High Optimized SGD Supported

BLOOMZ E 176B 2K No BPE None Medium 1.6 T tokens Multilingual
data

High Optimized SGD Supported

ChatGLM E 6.2B 2K No SentencePiece None Efficiently 1 T tokens Chinese+
English data

High Optimized SGD Supported

ChatGLM2 E 6B 32K No SentencePiece None Efficiently 1.4 T tokens Chinese
English
bilingual
data

High Optimized SGD Supported

ChatGLM3 D 6B 128K No SentencePiece None Extremely
high

2 T tokens Multilingual
data

Extremely high RLHF+
multi-round
optimisation

Supported

(continued).



IN
TERN

A
TIO

N
A
L
JO

U
RN

A
L
O
F
PRO

D
U
C
TIO

N
RESEA

RC
H

37

Table A2. Continued.

Model architecture and technical features Training and data characteristics

Model
architecture

type∗
Parameter

scale
Context

window size

Activated
parameters (for
MoE Models) Tokenizer type

Model
compression
and distillation

Inference and
training
efficiency

Training data
scale

Training data
sources

Data diversity
and quality

Training
optimisation
techniques

Model
fine-tuning

and instruction
tuning

capability

ChatGLM4 D,E Undisclosed 128K No SentencePiece None Extremely
high

10 T tokens Multimodal
data

Extremely high RLHF Supported

Falcon3 1B E 1B 8K No BPE None Efficiently < 100B tokens High-quality
text

Medium Optimized SGD Supported

Falcon3 3B E 3B 32K No BPE None Efficiently 100B tokens High quality
data+ code

High Optimized SGD Supported

Falcon3 10B E 10B 32K No BPE None Extremely
high

14 T tokens Multilingual
data

High Optimized SGD Supported

DeepSeek-v3 B,D 671B 100K+ 37B SentencePiece None Extremely
high

20 T tokens Internet+
multimodal
data

Extremely high RLHF+ self-
optimisation

Supported

DeepSeek-R1 B,D 671B 100K+ 37B SentencePiece None Extremely
high

20 T tokens Internet+
multimodal
data

Extremely high RLHF+ self-
optimisation

Supported

Qwen1.5-32B E 32B 32K No BPE None Efficiently 15 T tokens Chinese corpus
+ Internet

High Optimized SGD
+ RLHF

Supported

Qwen2-7B C,E 7B 128K No BPE None Efficiently 12 T tokens Chinese+
English data

High Optimized SGD
+ RLHF

Supported

Qwen2.5-32B C,E 32.5B 128K No BPE None Efficiently 18 T tokens Internet+
Chinese
Corpus

High Optimized SGD
+ RLHF

Supported

Grok-1 E 314B 8K 7.85B Unknown None Relatively
High

Large scale Internet data High Unknown Supported

Grok-2 C,E Unknown Unknown Unknown Unknown Unknown High Unknown Unknown Unknown Unknown Unknown
Grok-3 C,E Unknown Unknown Unknown Unknown Unknown Extremely

high
Large scale Extended data

sets
Unknown Unknown Unknown



38
Z.SO

N
G
ET

A
L.

Competency dimensions
Core Extended Safety and ethical dimensions

N
at
ur
al
la
ng

ua
ge

un
de
rs
ta
nd

in
g

an
d
ge
ne
ra
tio

n
ca
pa
bi
lit
y

Lo
gi
ca
la
nd

m
at
he
m
at
ic
al

re
as
on

in
g
ca
pa
bi
lit
y

Co
de

ge
ne
ra
tio

n
an
d
de
bu

gg
in
g

ca
pa
bi
lit
y

M
ul
ti-
tu
rn

di
al
og

ue
an
d
co
nt
ex
t

m
em

or
y

M
ul
til
in
gu

al
ca
pa
bi
lit
y

Re
tr
ie
va
l-a
ug

m
en
te
d
ge
ne
ra
tio

n
(R
AG

)c
ap
ab
ili
ty

Pe
rs
on

al
is
at
io
n
an
d
us
er

ad
ap
ta
bi
lit
y

To
ol
in
vo
ca
tio

n
an
d
pl
ug

in
in
te
gr
at
io
n
ca
pa
bi
lit
y

Bi
as

an
d
di
sc
rim

in
at
io
n
co
nt
ro
l

H
ar
m
fu
lc
on

te
nt

fil
te
rin

g

Fa
ct
co
ns
is
te
nc
y
an
d
au
th
en
tic
ity

D
at
a
pr
iv
ac
y
an
d
se
cu
rit
y

M
od

el
al
ig
nm

en
t

Lo
ca
ld
ep
lo
ym

en
tc
ap
ab
ili
ty

AP
Ia
va
ila
bi
lit
y

H
ar
dw

ar
e
co
m
pa
tib

ili
ty

M
ob

ile
an
d
ed
ge

de
vi
ce

su
pp

or
t

M
od

el
op

en
ne
ss
an
d
op

en
-s
ou

rc
e

st
at
us

En
te
rp
ris
e
su
pp

or
ta
nd

se
rv
ic
e
le
ve
l

ag
re
em

en
t(
SL
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65 55 45 512window 60 Not
Supported

Limited Not
Supported

Fair Relatively
Strict

Medium Standards Fair Not
Supported

Available TPU Not
Supported

Closed
Source

Supported

78 70 60 4Kwindow 75 Supported Limited Supported Relatively
Strong

Strict Relatively
High

Standards Relatively
Strong

Not
Supported

Available TPU Not
Supported

Closed
Source

Supported

85 80 75 32Kwindow 83 Supported Relatively
Strong

Supported Relatively
Strong

Strict High Standards Strong Not
Supported

Available TPU Not
Supported

Closed
Source

Supported

88 85 80 1Mwindow 86 Supported Strong Supported Extremely
Strong

Strict Very high Standards Extremely
Strong

Not
Supported

Available TPU Not
Supported

Closed
Source

Supported

90 88 82 2Mwindow 89 Supported Extremely
Strong

Supported Extremely
Strong

Strict Very high Standards Extremely
Strong

Not
Supported

Available TPU Not
Supported

Closed
Source

Supported

85 82 78 128Mwindow 84 Supported Relatively
Strong

Supported Relatively
Strong

Strict High Standards Relatively
Strong

Supported Available GPU/TPU Supported Open
Source

Supported

88 85 80 32Kwindow 87 Supported Limited Not
Supported

Relatively
Strong

Strict High SOC 2 com-
pliance

Strong Not
Supported

Available GPU/TPU Not
Supported

Closed
Source

Supported

80 78 75 32Kwindow 80 Supported Limited Not
Supported

Relatively
Strong

Strict High SOC 2 com-
pliance

Strong Not
Supported

Available GPU/TPU Not
Supported

Closed
Source

Supported

70 65 48 16Kwindow 75 Supported Limited Supported Fair Relatively
Strict

Medium SOC 2 com-
pliance

Medium Not
Supported

Available GPU/TPU Not
Supported

Closed
Source

Supported

72 68 50 16Kwindow 78 Supported Limited Supported Relatively
Strong

Strict Relatively
High

SOC 2 com-
pliance

Relatively
Strong

Not
Supported

Available GPU/TPU Not
Supported

Closed
Source

Supported

86 85 67 32Kwindow 85 Supported Relatively
Strong

Supported Strong Strict High SOC 2 com-
pliance

Strong Not
Supported

Available GPU/TPU Not
Supported

Closed
Source

Supported

90 88 70 128Kwindow 89 Supported Strong Supported Extremely
Strong

Strict Very high SOC 2 com-
pliance

Extremely
Strong

Not
Supported

Available GPU/TPU Not
Supported

Closed
Source

Supported

66.7 57.2 72.6 128Kwindow 68.9 Supported Limited Supported Relatively
Strong

Strict High Standards Strong Supported Available GPU/TPU Supported Open
Source

Supported

79.3 83.7 80.5 128Kwindow 81.2 Supported Limited Supported Relatively
Strong

Strict High Standards Strong Supported Available GPU/TPU Supported Open
Source

Supported

85.2 89 89 128Kwindow 91.6 Supported Strong Supported Extremely
Strong

Strict Very high Standards Extremely
Strong

Supported Available GPU/TPU Supported Open
Source

Supported

90 87 85 1Mwindow 88 Supported Strong Supported Extremely
Strong

Strict Very high Standards Extremely
Strong

Not
Supported

Available GPU/TPU Not
Supported

Closed
Source

Supported

81.5 78 75 200Kwindow 82 Supported Strong Supported Extremely
Strong

Strict High Standards Strong Not
Supported

Available GPU/TPU Not
Supported

Closed
Source

Supported

90.4 85 83 200Kwindow 86 Supported Strong Supported Extremely
Strong

Strict Very high Standards Extremely
Strong

Not
Supported

Available GPU/TPU Not
Supported

Closed
Source

Supported

70 68 65 8Kwindow 72 Supported Limited Supported Relatively
Strong

Strict High Standards Strong Supported Available GPU/TPU Supported Open
Source

Supported

85 90.8 80 64Kwindow 82 Supported Strong Supported Extremely
Strong

Strict Very high Standards Extremely
Strong

Supported Available GPU/TPU Supported Open
Source

Supported

81 79.1 76 32Kwindow 80 Supported Strong Supported Relatively
Strong

Strict High Standards Strong Supported Available GPU/TPU Supported Open
Source

Supported

(continued).
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Competency dimensions

Core Extended Safety and ethical dimensions Application and deployment dimensions
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SL
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85 90.8 80 64window 82 Supported Strong Supported Extremely
Strong

Strict Very high Standards Extremely
Strong

Supported Available GPU/TPU Supported Open
Source

Supported

None None None 512window None Not
Supported

Limited Not
Supported

Medium Relatively
Strict

Medium Standards Medium Supported Available CPU/GPU Supported Open
Source

Not
Supported

88.5 None None 512window None Not
Supported

Limited Not
Supported

Medium Relatively
Strict

High Standards Strong Supported Available CPU/GPU Supported Open
Source

Not
Supported

79 None None 512window None Not
Supported

Limited Not
Supported

Medium Relatively
Strict

High Standards Medium Supported Available CPU/GPU Supported Open
Source

Not
Supported

39 None 15 2Kwindow None Supported Limited Supported Relatively
Strong

Strict Medium Standards Medium Supported Available GPU/TPU Supported Open
Source

Supported

40 None 16 2Kwindow None Supported Limited Supported Relatively
Strong

Strict Medium Standards Medium Supported Available GPU/TPU Supported Open
Source

Supported

54 None None 2Kwindow 50 Supported Limited Supported Relatively
Strong

Strict Medium Standards Strong Supported Available GPU/TPU Supported Open
Source

Supported

60 None None 32Kwindow 55 Supported Limited Supported Relatively
Strong

Strict High Standards Strong Supported Available GPU/TUP Supported Open
Source

Supported

70 None None 128Kwindow 75 Supported Strong Supported Extremely
Strong

Strict Very high Standards Extremely
Strong

Supported Available GPU/TPU Supported Open
Source

Supported

85 92 84 128Kwindow 87 Supported Strong Supported Extremely
Strong

Strict Very high Standards Extremely
Strong

Supported Available GPU/TPU Supported Open
Source

Supported

54.4 None None 8Kwindow 60 Supported Limited Supported Relatively
Strong

Strict High Standards Strong Supported Available GPU/TPU Supported Open
Source

Supported

65 72 69 32Kwindow 70 Supported Limited Supported Relatively
Strong

Strict High Standards Strong Supported Available GPU/TPU Supported Open
Source

Supported

73.1 83 74 32Kwindow 78 Supported Strong Supported Relatively
Strong

Strict High Standards Strong Supported Available GPU/TPU Supported Open
Source

Supported

87.1 90.2 82.6 100K +
window

89 Supported Strong Supported Extremely
Strong

Strict Very high Standards Extremely
Strong

Supported Available GPU/TPU Supported Open
Source

Supported

90.2 92 85 100K +
window

91 Supported Strong Supported Extremely
Strong

Strict Very high Standards Extremely
Strong

Supported Available GPU/TPU Supported Open
Source

Supported

73.4 77.4 37 32Kwindow 80 Supported Strong Supported Relatively
Strong

Strict High Standards Strong Supported Available GPU/TPU Supported Open
Source

Supported

65 72 70 128Kwindow 68 Supported Limited Supported Relatively
Strong

Strict High Standards Strong Supported Available GPU/TPU Supported Open
Source

Supported

78 85 78 128Kwindow 83 Supported Strong Supported Relatively
Strong

Strict High Standards Strong Supported Available GPU/TPU Supported Open
Source

Supported

73 50 63.2 8Kwindow Unknown Supported Limited Not
Supported

Unknown Unknown Medium Open Source Unknown Supported Unknown GPT/TPU Not
Supported

Open
Source

Unknown

Estimated
80

Estimated
60

Estimated
70

Unknown Unknown Supported Limited Unknown Unknown Unknown Medium Standards Unknown Not
Supported

Available GPU Not
Supported

Closed
Source

Unknown

Unknown Unknown Estimated
85

Unknown Unknown Supported Strong Unknown Unknown Unknown High Standards Unknown Not
Supported

Available GPU Not
Supported

Closed
Source

Unknown
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Appendix E. Reviewed studies summary table

Author Year LLM type SCM process Key findings

W. Wang et al. 2025 BERT Plan Used BERT to extract legal-text insights to enhance credit risk
prediction in supply chain finance.

Mishra & Senapati 2025 LLM-based Agentic AI Plan→Deliver LLM-driven TDD automated retail decision-making and
demand forecasting with expert-level accuracy.

Y. Li et al. 2025 RAG-LLM, KGs Source Combined LLMs with knowledge graphs to enhance supplier
discovery and Q&A interpretability.

Huang et al. 2025 ChatGPT 4.0 Plan→Return Used ChatGPT to extract expert insights for stakeholder-driven
sustainable supply chain strategies.

X. Hu et al. 2025 Transformer-based model Make Transformer-based model resolved decision conflicts in
manufacturing scheduling for improved coordination.

S. Fan et al. 2025 GPT Plan/Deliver Used GPT to extract firm-level supply chain risk from site visit
transcripts for financial forecasting.

W. Wang, et al. 2025 LLaMA3 Source LLM-based hybrid model improved methanol price forecasting
for supply chain risk management.

Breitung & Müller 2025 GPT-3 Plan/Source Used GPT-3 to map global firm networks and identify
supplier–customer–competitor relationships.

Phuengrod et al. 2025 LLM based Plan LLM-driven analytics supported research–industry alignment
and project matching in innovation supply chains.

Lin et al. 2025 LSTM-based Plan LSTM-based model forecasted emergency drug demand for
disaster-responsive pharmaceutical supply chains.

Aylak 2025 Transformer-based Make/Deliver/Return Transformer-based SCM system optimised logistics and
reduced emissions through intelligent automation.

Gezdur & Bhattacharjya 2025 LLM based Plan→Return LLMs enhanced supply chain agility, decision support, and
knowledge management via unstructured data insights.

Xie et al. 2025 Swin Transformer V2 Make/Deliver Swin Transformer improved log identification accuracy for
traceability in timber supply chains.

Hamidi et al. 2025 NLP archiecture Plan Topic modelling of social media revealed demand shifts and
panic buying patterns for responsive SCM.

C.-Y. Liu & Chou 2025 Llama3 fine-tuned Plan/Source LLM fine-tuned for legal text analysis improved procurement
compliance in construction SCM.

Leite et al. 2025 RAG-LLM Plan/Make RAG-enhanced LLM improved decision-making and
environmental control in livestock supply chains.

Taiwo et al. 2025 RAG-LLM Plan/Make/Deliver Used GenAI and RAG to optimise water network planning,
quality monitoring, and maintenance.

Fontoura et al. 2025 GLM Plan GLMs supported ethical, energy-efficient planning in supply
systems under BE-CSR principles.

Guo et al. 2025 LLM based Make/Deliver Used an LLM-aided E2E model to optimise multi-period
inventory replenishment and cost control.

Jiang et al. 2025 Attention-based LLM Plan Attention-based LLM framework improved day-ahead PV
forecasting accuracy under varying conditions.

Jannelli et al. 2025 LLM-based Agentic AI Plan→ Deliver Automated consensus-seeking via LLM agents reduces the
bullwhip effect and outperforms traditional inventory
coordination approaches.

Fosso Wamba et al. 2024 ChatGPT / Generative AI Plan→Make→
Deliver→ Return

Empirical survey evidence shows GenAI adoption improves
cost-efficiency and customer experience but faces data and
organisational challenges.

Sliż 2024 ChatGPT Return Applied ChatGPT to streamline after-sales processes, reducing
lead times and improving service quality.

Shishehgarkhaneh et al. 2024 BERT, RoBERTa Plan Transformer-based NER enhanced supply chain risk detection
from news data in construction sector.

Xin et al. 2024 GPT Plan GPT enhanced demand forecasting, pricing, and collaboration
in online grocery supply chains.

Y. Li & Starly 2024 ChatGPT, KGs Source Integrated LLMs with MSKG to improve manufacturer
recommendation and service identification.

S.-K. S. Fan & Chiu 2024 Vision Transformer Make Transformer-based vision model improved defect detection
and sustainability in semiconductor manufacturing.

Bao et al. 2024 Swin Transformer Deliver Swin Transformer improved multi-scale logistics detection in
agricultural supply via remote sensing.

D. Li & Fu 2024 LSTM-Transformer Plan Hybrid LSTM-Transformer model improved long-term
sequence prediction for SCM-relevant forecasting.

Beyer Díaz et al. 2024 LSTM-BERT Plan Used BERT-enhanced LSTM to improve oil price prediction for
supply planning insights.

Ni et al. 2024 LLM based Make LLM-supportedmetrics enabled smarter safety risk monitoring
in manufacturing supply chains.

Cauli et al. 2024 Vision Transformer Make/Source Vision Transformer and QA system enabled automated part
recognition and selection in industrial SCM.

Sangher et al. 2024 BERT Plan LLM-based models detected cybercrime patterns from dark
web to secure digital supply chains.

Qu et al. 2024 T5 Plan LLM-based framework predicted EV charging demand by
fusing spatiotemporal and environmental data.
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Jing et al. 2024 BERT Plan BERT-GCN fusion improved tamper detection in electricity
supply chain data propagation.

X. Li et al. 2024 Multimodal LLM Plan Used LLM-enhanced multi-modal modelling to improve new
product sales forecasting accuracy.

Raman et al. 2024 ChatGPT Plan→Return ChatGPT outperformed Bard in SCM Q&A tasks, improving
answer accuracy via iterative queries.

Aljaž 2024 ChatGPT Make/Deliver Used ChatGPT within TOC TP to diagnose root causes of shelf
stockouts and support retail decision-making.

Jackson et al. 2024 GPT-3 Codex Plan Used GPT-3 Codex to auto-generate logistics simulation
models from natural language inputs.

Oh 2024 GPT-4 Source Used GPT-4 prompts to extract accurate product names for
improved sourcing data quality.

Chiu et al. 2024 LLM based Source Used NLP and LCA to assess green supplier risks and support
sustainable sourcing decisions.

Q. Zhou et al. 2024 Transformer-LSTM Plan Used LLM-based forecasting to model hazardous waste trends
and guide industrial SCM policy.

H. Zhou et al. 2024 Transformer based Source Used transformer-based OCR to extract structured data from
shopping receipts for offline demand analysis.

Bo & Xu 2024 Transformer-PSO Plan Combined Transformer and PSO to enhance demand
forecasting and reduce SCM costs.

Ahmed et al. 2024 Multimodal LLM Source Used DETR to detect crop diseases, improving upstream
quality control in agri-supply chains.

G. P. Zhang et al. 2024 Transformer based Plan Transformer outperformed classical and neural models in
forecasting sparse, intermittent demand.

Jahangir & Quilty 2024 Transformer based Plan Transformer outperformed LSTM in 24-hour water demand
forecasting across urban districts.

Knott et al. 2023 Vision Transformer Make Used lightweight ViT to assess fruit quality in low-resource,
decentralised food supply chains.

Cano-Marin et al. 2023 BERTopic Deliver Used NLP on social media to reveal global risks in COVID-19
vaccine supply chains.

Onoufriou et al. 2023 Multi-timeline Transformer Plan Multi-timeline Transformer improved yield forecasting under
data scarcity in agri-supply chains.

Yazdinejad et al. 2023 BERT Source Used BERT to recommend alternative drugs in
blockchain-based pharma supply chains.

Skórnóg & Kmiecik 2023 ChatGPT Plan ChatGPT outperformed auto.arima in production forecasting
despite workflow limitations.

Yang et al. 2023 Tspformer (Transformer based) Deliver Proposed Tspformer to optimise delivery routing via efficient
transformer-based combinatorial search.

Ghimire et al. 2023 multi-head attention Transformer Plan Used multi-head attention Transformer (TNET) to improve
power demand forecasting accuracy.

Vallés-Pérez et al. 2022 Seq2Seq-Transformer Plan Transformer-based model enabled efficient multi-store sales
forecasting without retraining.

Bai et al. 2022 Transformer based Plan Used unsupervised MultiDBN-T to improve multivariate load
forecasting accuracy by over 40%.

Zou et al. 2022 Transformer-AOA Deliver Used TAOA (Transformer+ AOA+ RL) to optimise low-carbon
MDVRP with best delivery cost-efficiency.

Coltey et al. 2022 LLM-driven NLP Plan/Source Used LLM-driven NLP to support sourcing, regulation
guidance, and crisis-aware supply decisions for SMEs.

Garg et al. 2021 LLM based Deliver Proposed LLM-enabled semantic queries to improve logistics
tracking and transport decision-making.

Satirapiwong &
Siriborvornratanakul

2021 LLM-driven NLP Source Automated invoice information extraction using NLP to
support SCM document processing.

Wan et al. 2021 LLM-driven NLP Source Used text mining to evaluate suppliers from dialogue data,
improving sourcing decisions.



https://dspace.org/

Large language models in supply chain management: a 
systematic literature review and application framework
Song, Zhe; Xie, Ying; Yang, Lichao; Zhao, Yifan

2026-12-31
Taylor & Francis
https://doi.org/10.1080/00207543.2026.2641103
Song Z, Xie Y, Yang L, Zhao Y. (2026) Large language models in supply chain management: 
a systematic literature review and application framework. International Journal of Production 
Research, Available online 13 March 2026

Downloaded from a DSpace repository. https://dspace.org/

https://dspace.org/
https://doi.org/10.1080/00207543.2026.2641103
https://dspace.org

