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ABSTRACT 

LLMs like GPT-4 possess an exceptional ability to understand and generate human language, 

driven by advancements in Artificial Intelligence, Deep Learning, and Natural Language 

Processing. Companies are increasingly interested in integrating this cutting-edge technology 

into their Supply Chain processes to leverage its capabilities. While previous studies have 

explored the impact of LLMs on various Supply Chain Management functions—such as 

demand forecasting, supplier evaluation, simulation, and optimization—no comprehensive 

survey has yet consolidated these functions into a single research effort.  

This thesis provides a thorough review of the impact of LLMs on Supply Chain Management, 

focusing on four key dimensions: demand forecasting, supplier evaluation, simulation, and 

optimization. The study begins with a knowledge background section designed to equip the 

reader with essential information about LLMs and Supply Chain Management. Following this, 

the benefits and challenges of applying LLMs in Supply Chain Management are examined, 

supported by two detailed case studies showcasing real-world applications. The thesis 

concludes by outlining potential directions for future research, offering a roadmap for further 

exploration in this rapidly evolving field. 

Key findings reveal that LLMs significantly enhance SCM by improving efficiency, accuracy, and 

decision-making capabilities. They empower both technical and non-technical users and 

democratize access to complex processes like simulations and optimization. However, 

integrating LLMs into SCM presents challenges such as user adoption issues, hallucinations, 

privacy concerns, and potential disruptions. Addressing these challenges is crucial for the 

successful and safe implementation of LLMs in SCM, paving the way for innovative, resilient, 

and responsive supply chain operations. 
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1. INTRODUCTION 

Human beings possess the remarkable ability to express and communicate through language, 

which develops during early childhood and continues to evolve throughout their lifetime. 

However, machines lack the inherent capacity to comprehend and communicate in human 

language unless they are equipped with powerful AI algorithms. The goal of achieving human-

like reading, writing, and communication skills in machines has been a long-standing research 

challenge and desire. The advent of LLMs marks a significant milestone in this quest, 

leveraging advancements in DL methods, massive computational resources, and extensive 

training data (Usman Hadi et al., 2020). 

LLMs have recently garnered significant attention for their exceptional performance in various 

predictive and generative tasks, highlighting their potential to transform multiple industries 

(Urlana et al., 2024). The field of NLP has observed substantial advancements with the 

development of sophisticated conversational AI systems like ChatGPT, which has attracted 

considerable interest and adoption (Chowdhury et al., 2023). 

An essential area where LLMs can be transformative is SCM. Effective SCM is critical for 

enhancing operational efficiency, reducing costs, and improving customer satisfaction. 

However, the complexity and unpredictability inherent in supply chains present significant 

challenges to managers, requiring advanced tools and technologies to support decision-

making processes. It is here where LLMs can play an important role. 

This thesis underscores the importance of leveraging LLMs in SCM by demonstrating their 

potential to revolutionize decision-making, demand forecasting, and supplier evaluation. 

Additionally, this work explores how two decision-making tools can work in tandem with 

LLMs: Simulations and Optimizations. Both are important for solving real-world decision-

making problems and can be enhanced by making these processes more accessible to 

decision-makers who may lack the necessary mathematical expertise (Wasserkrug et al., 

2024). 

Overall, the findings of this thesis suggest that the integration of LLMs into SCM can lead to 

significant operational efficiency and cost savings, enhanced supply chain resilience, strategic 

supplier management, informed decision-making, and a competitive advantage in the 
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marketplace. The comprehensive review and case studies provided offer valuable insights and 

a roadmap for future research, emphasizing the transformative potential of LLMs in SCM. 

1.1. RESEARCH OBJECTIVES 

This thesis aims to explore the multifaceted impact of LLMs on SCM, identifying both the 

opportunities and challenges associated with their implementation. To achieve this, the 

research will address the following key questions: 

• How can LLMs improve decision-making processes in SCM? 

• What are the comparative benefits of using LLMs over traditional demand forecasting 

methods in SCM? 

• How can LLMs enhance the supplier evaluation and selection process in SCM? 

• What are the key challenges in integrating LLMs into existing SCM systems? 

• How can organizations overcome the barriers to implementing LLMs in their supply 

chain processes? 

• What are the emerging trends in LLM applications for SCM? 
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2. BACKGROUND 

2.1.  FUNDAMENTALS OF LARGE LANGUAGE MODELS 

Gen-AI has emerged as a transformative paradigm in ML, revolutionizing NLP with models like 

GPT-3.0 and GPT-4.0 (Kaswan et al., 2023). These models, known for their ability to generate 

coherent and contextually relevant text, are widely used in automated content creation, 

chatbots, code generation, and translation services, significantly enhancing human-computer 

interactions and textual creativity. 

LLMs, such as GPT-4 (OpenAI et al., 2023), belong to the Gen-AI domain and are based on 

Transformer language models. They utilize the Attention mechanism as their main building 

block (Vaswani et al., 2017). Typically, LLMs are pre-trained in an auto-regressive manner with 

next-word prediction tasks, demonstrating strong capabilities in text comprehension and 

generation (Y. Zhang et al., 2023). Recent advancements have shown that LLMs exhibit 

impressive proficiency across a wide array of text processing tasks, presenting massive 

context-aware knowledge and superior semantic comprehension through pre-training on 

large-scale text corpora (Z. Chen et al., 2023; Su et al., 2023). 

As described in Figure 1, Gen-AI is the intersection of DL and NLP plus Automatic Speech 

Recognition. According to Ali Linkon et al. (2024) “The classification of generative AI models 

varies based on their output, categorizing them into language, image, or video models. 

However, there's a growing trend toward multi-modal models capable of simultaneous 

learning from text and images, positioning them as foundational models.” 

 

 

Figure 1 Generative AI Relation Diagram (Ali Linkon et al., 2024) 

2.1.1. Transformers 

The Transformer model, introduced by Vaswani et al. (2017), represents a groundbreaking 

shift in DL, especially within the realms of NLP, CV, and speech processing. Initially developed 

as a sequence-to-sequence model for machine translation, Transformers have since evolved, 

demonstrating state-of-the-art performance across a myriad of tasks through PTMs. 
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Transformers distinguish themselves by employing a stack of encoder and decoder layers, 

which collectively enable the model to learn complex language structures (Kalyan et al., 2021). 

Unlike traditional neural networks that rely on recurrent or convolutional architectures, 

Transformers leverage attention mechanisms exclusively, facilitating the transfer of weighted 

representation knowledge between neural units (Zhou et al., 2023). 

At the core of this architecture is the self-attention mechanism, which allows the model to 

evaluate the importance of each word in an input sequence, independent of its position. This 

mechanism is pivotal for tasks like translation and question answering, where the context 

provided by distant words significantly influences the sentence's meaning (Usman Hadi et al., 

2020). 

Transformer-based pre-trained language models predominantly use tokenizers such as 

WordPiece, BPE, bBPE, and SentencePiece to construct vocabularies. These tokenizers 

segment raw text into individual tokens, which form the input sequences for LLMs (Kalyan et 

al., 2021; Usman Hadi et al., 2020). 

For DL models to process textual data, the text must be converted into a numerical format. 

This is achieved through embeddings, which map input text to dense, low-dimensional 

vectors, forming the numerical input for models like Transformers (Kalyan et al., 2021). 

The adoption of Transformer models extends beyond language-related applications into fields 

like CV, audio processing, chemistry, and life sciences, underscoring their versatility and 

effectiveness (Lin et al., 2022). This widespread applicability and the continuous 

advancements in Transformer architectures affirm their status as the cornerstone of modern 

DL. 

2.1.2. Impact of the Scaling Law on LLMs 

Scaling laws have been proven universal in AI, describing the relationship between model 

performance and factors like model size and data size, particularly in the success of scaling 

PTMs (G. Zhang et al., 2023). The establishment of a power-law relationship linking model 

performance to compute budget, model scale, and data scale has been pivotal in 

understanding these models. Results demonstrate that expanding the compute budget 

continues to yield significant benefits, encouraging the increase in model scales (DeepSeek-AI 

et al., 2024; Kaplan et al., 2020; Zhao et al., 2023). 

Scaling the parameters and training tokens enhances LLMs' capacity to learn from pre-training 

data, improving generalization abilities and reducing model perplexity (Naveed et al., 2023; 

Zhao et al., 2023). The role of scaling is evident in models like GPT-3, which exhibit superior 

abilities compared to earlier versions. By scaling the model size, dataset size, and total 

computation, the performance of causal decoders is substantially improved (Zhao et al., 

2023). 
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2.1.3. Pre-train and Fine-tune Paradigm 

With the rise of DL, model parameters have increased rapidly, necessitating larger corpora for 

training to prevent overfitting. However, creating labeled corpora is expensive, leading to the 

adoption of the pre-train and fine-tune paradigm. This approach involves training a language 

model on large-scale unlabeled corpora to predict textual data probabilities, followed by fine-

tuning task-specific objectives (Lin et al., 2022; P. Liu et al., 2023; Qiu et al., 2020). 

PTMs can learn universal language representations from large text corpora, improving model 

initialization and serving as a regularization method to prevent overfitting on smaller datasets 

(Qiu et al., 2020). Models like BERT, XLNet, and RoBERTa have established new baselines for 

many natural language understanding benchmarks (Ribeiro et al., 2021). 

Fine-tuning adapts PTMs to specific tasks using task-specific data. Common techniques include 

supervised fine-tuning, instruction tuning, alignment tuning, and PEFT: 

• SFT refines LLMs after extensive pre-training, boosting performance across tasks with 

labeled datasets (Y. Liu et al., 2024; Zhao et al., 2023). 

• Instruction tuning trains LLMs on datasets with instruction-output pairs, enhancing 

performance and controllability (Y. Liu et al., 2024; Lu et al., 2023; Naveed et al., 2023; 

Zhao et al., 2023). 

• Alignment Tuning addresses the divergence of LLM outputs from human values (Y. Liu 

et al., 2024; Shen et al., 2023; Zhao et al., 2023), training models to meet the criteria 

of being helpful, honest, and harmless (Y. Liu et al., 2024; Naveed et al., 2023; Zhao et 

al., 2023). RLHF stands out as an institute solution for aligning with human preferences 

through reinforcement learning (Zhao et al., 2023). 

• PEFT includes techniques like Adapter tuning, Prompt-based tuning, Prefix Tuning, and 

LoRA, reducing computational and memory overhead while preserving performance 

(Hu et al., 2021; Y. Liu et al., 2024; Naveed et al., 2023; Thangarasa et al., 2023; Yang 

et al., 2023). 

Despite their capabilities, LLMs are prone to catastrophic forgetting during model adaptation, 

where previously learned knowledge is lost. Strategies like LoRA help but still face challenges 

with this issue (S. Chen et al., 2020; Kalajdzievski, 2024; Zhai et al., 2023). 

2.1.4. Prompting Techniques and Engineering 

After pre-training or adaptation tuning, a major approach to using LLMs is to design suitable 

prompting strategies for solving various tasks (Zhao et al., 2023). These prompts are 

sequences of natural language inputs that guide LLMs to generate pertinent responses 

without further training. Users provide context and directives, influencing the model's 

downstream performance. Techniques include: 
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• In-Context Learning (ICL): Uses a few examples within the input prompt to perform 

tasks, enabling few-shot or zero-shot learning without explicit parameter updates 

(Agrawal et al., 2023; Brown et al., 2020; Dong et al., 2022; Lu et al., 2023; Tang et al., 

2023; Zhao et al., 2023). 

• Few-Shot Learning: Provides a few input-output examples as demonstrations before 

task execution (Brown et al., 2020; Wei et al., 2022). 

• One-Shot Learning: Similar to few-shot but with only one demonstration (Brown et al., 

2020). 

• Zero-Shot Learning: Uses natural language instructions without any demonstrations, 

often improved by instruction fine-tuning (Brown et al., 2020; Naveed et al., 2023). 

• Chain-of-Thought (CoT): Enhances reasoning by prompting LLMs to articulate 

intermediate steps toward a final answer, particularly effective in larger models (Lu et 

al., 2023; Pan et al., 2023; Tay et al., 2022; Zhao et al., 2023; Zhou et al., 2023). 

Prompt engineering has become a prominent area that designs and refines prompts to 

maximize LLM effectiveness for specific tasks, leveraging in-context learning without gradient-

based learning (Hu et al., 2021; Pan et al., 2023; Tian et al., 2023). 

2.1.5. Emergent Abilities 

LLMs exhibit a notable escalation in capabilities as they increase in size, particularly in 

reasoning and emergent abilities. Larger models improve in translating natural language into 

mathematical representations, performing multi-step inferences, and displaying refined 

commonsense reasoning (Yang et al., 2023). Emergent abilities, manifesting only when models 

reach a certain scale, highlight qualitative changes in model behavior due to quantitative 

changes in model size (Lu et al., 2023; Wei et al., 2022). 

These abilities enhance LLM utility in settings where they have not been explicitly trained, 

distinguishing them from smaller PTMs like BERT and DeBERTa (Z. Chen et al., 2023). As 

models grow, they not only improve task performance but also show potential for developing 

AGI, pushing the boundaries of AI capabilities (Jin et al., 2023). Techniques like in -context 

learning, instruction tuning, and chain-of-thought prompting underscore the transformative 

impact of scaling on LLM functionality and effectiveness (Lu et al., 2023). 

2.1.6. Limitations of LLMs 

LLMs face limitations in privacy, harmful content, and hallucinations. These models can 

inadvertently memorize and expose sensitive data, generate offensive or misleading content, 

and produce nonsensical or untruthful information. Addressing these issues involves robust 

safeguards, external knowledge integration, and advanced prompt engineering to ensure LLM 

reliability and safety (Agrawal et al., 2023; C. Liu et al., 2023; Yang et al., 2023; Y. Zhang et al., 

2023; Zhao et al., 2023). 
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2.1.7. External tools manipulation 

LLMs have inherent limitations, such as relying on pre-training data, which can become 

outdated. To address this, integrating external tools enhances LLM capabilities. For instance, 

GPT-4 utilizes tools like calculators and search engines to extend its functionality (Zhao et al., 

2023). This integration is crucial for maintaining up-to-date and accurate responses, 

compensating for the static nature of pre-trained knowledge. 

One approach to mitigate the limitations of outdated knowledge and hallucinations in LLMs is 

RAG. This method involves retrieving relevant information from external sources and 

integrating it into the generation process. RAG enhances the accuracy and reliability of LLM 

responses by leveraging real-time data from sources such as search engines (J. Chen et al., 

2023). The process includes retrieving context relevant to a query and using it to generate a 

response, ensuring the information is current and contextually appropriate (Jeong, 2023; 

Keswani et al., 2024). 

2.2. SUPPLY CHAIN MANAGEMENT 

SCM is the strategic coordination of business functions within a company and across 

businesses within the supply chain. Its goal is to improve the long-term performance of both 

individual companies and the entire supply chain (Hugos, 2011). SCM is a web of services and 

delivery options that involve procuring raw materials, transforming them into products, and 

delivering these products to customers (Yahya et al., 2021). Effective SCM ensures an 

economical and efficient supply chain, reducing costs, enhancing customer services (Malik et 

al., 2010), and adding value for stakeholders (Lambert & Cooper, 2000). 

SCM ensures the uninterrupted flow of materials, products, and information throughout all 

stages (Deiva Ganesh & Kalpana, 2022). It involves activities like production planning, 

inventory management, transportation, and information management, applicable to various 

industries from manufacturing to retail (Hugos, 2011). 

2.2.1. Decision-Making in Supply Chains 

Decision-making in supply chains spans design, planning, and execution phases (B. Li et al., 

2023). Each stage requires tailored approaches, balancing operational needs with strategic 

goals using structured methodologies (Svoboda & Lande, 2024). Supply chain managers must 

navigate complex systems and uncertainties, requiring clear understanding and effective 

strategies to manage complexities (Manuj & Sahin, 2011). 

2.2.1.1. Demand Forecasting 

Demand forecasting is crucial in SCM, influencing production planning and order fulfillment. 

Accurate predictions impact resource allocation, scheduling, worker training, and market 

strategies (Rozanec, 2021). Modern AI and ML methods enhance forecasting accuracy, 

reducing uncertainties in production and delivery planning (Borucka, 2023). Strategic-level 
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forecasts consider uncertain capacities and market changes, guiding decisions about 

distribution channels (Babai et al., 2022). 

2.2.1.2. Supplier Evaluation 

Strong supplier relationships enhance competitiveness by ensuring high-quality products, 

timely deliveries, and cost-effective solutions (Lopes & Rodriguez-Lopez, 2021). Supplier 

evaluation involves assessing factors like price, quality, delivery performance, and reputation. 

Advanced analytics and AI provide deeper insights into supplier performance and risks (Takala 

et al., 2014). Effective supplier management is critical in today’s competitive market, 

influencing overall supply chain performance (Wang & Wu, 2024). 

2.2.2. Decision-Making Tools 

2.2.2.1. Simulation and Modeling 

Simulation is vital for validating production layouts and sizing plants. It supports decision-

making by replicating scenarios, identifying potential issues, and saving costs  (Hugos, 2011; 

Terzi & Cavalieri, 2004). In SCM, simulation helps manage the complexity of supply chains by 

modeling various conditions (El Raoui et al., 2020). Industry 4.0 and digital twins integrate 

simulation for real-time process control (Mustafee et al., 2021). 

2.2.2.2. Optimization 

Optimization tools automate decision-making, using methods like LP and MILP to model and 

solve problems efficiently. These tools integrate supply chain elements, ensuring robust and 

efficient solutions (AhmadiTeshnizi et al., 2023; B. Li et al., 2023; Wasserkrug et al., 2024). 

Continuous algorithm improvements enhance their adoption across industries, aiding precise 

business decisions (Q. Li et al., 2023). 

2.2.2.3. Multi-Criteria Decision Making 

MCDM methods address decision-making involving multiple criteria, balancing conflicting 

objectives to achieve optimal outcomes (Wang & Wu, 2024). Techniques like AHP, ANP, 

TOPSIS, DEA, and fuzzy decision-making are used in SCM to handle complex decisions (Khan 

et al., 2018). MCDM helps balance criteria such as cost, quality, and delivery time, crucial for 

effective SCM. 
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3. LITERATURE REVIEW 

3.1. LARGE LANGUAGE MODELS IN SUPPLY CHAIN MANAGEMENT CONTEXT 

LLMs are rapidly growing in healthcare, education, information systems, hospitality, and 

tourism. However, SCM research and use cases are still in an early stage of development. The 

integration of LLMs and SCM heavily depends on human understanding and interpretation. 

Moreover, most of the approaches come from grey literature, and the lack of theoretical 

perspectives to better understand the technology-human relationship and how to potentialize 

the results and minimize the risks is a pressing issue (Fosso Wamba, Queiroz, et al., 2023). 

SCM processes and activities are relatively complex and require advanced technology such as 

AI to efficiently facilitate the three typical supply chain and logistics flows which are 

information flow, material flow, and financial flow (Jia et al., 2023). AI has already begun to 

play a significant role in business operations such as chatbots enhancing customers’ purchases 

(Y. Chen et al., 2023). 

Integrating AI into SCM leads to a fundamental transformation in operations and various 

interactive aspects of organizations and their surrounding environment. Today's operational 

activities within SCM incorporate AI technologies aiming to automate and optimize processes, 

enhance decision-making capabilities, and improve end-to-end transparency (Alkhaldi et al., 

2023).  

AI and ML have a deep impact on the entire SCM process, potentially replacing humans with 

their human-like abilities, optimizing processes that use massive quantities of data in real time 

to provide accurate planning, and enhancing productivity (Jia et al., 2023). AI has been 

adopted in SCM from monitoring only to control, optimization, and advanced autonomy 

(Shatat & Shatat, 2022). 

These new disruptive technologies (AI and Gen-AI) will lead to an increment in productivity 

transforming the SCM landscape and its limitations (Jackson, Ivanov, et al., 2024). Gen-AI can 

produce a paradigm shift in SCM improving several aspects such as procurement, inventory, 

logistics, sourcing, and risk mitigation. Can also enhance supply chain communication 

(Jackson, Ivanov, et al., 2024), decision-making processes, improve forecasting, and faster 

real-time responses to customer’s questions (Fosso Wamba, Guthrie, et al., 2023a). 

The most notorious Gen-AI model is ChatGPT from OpenAI. This model can potentially 

transform the business landscape carrying consequences to SCM processes (Fosso Wamba, 

Queiroz, et al., 2023).  

3.1.1. Benefits  

Empirical investigations underscore the substantial benefits of LLMs adoption in SCM. 

Companies, whether adopters or not, recognize efficiency gains and anticipate enhanced 
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performance in supply chain operations. Notably, organizational learning theory elucidates 

disparities between adopters and non-adopters, revealing a greater perception of benefits 

among adopters and amplified challenges among non-adopters. Nevertheless, these 

challenges tend to diminish post-implementation, indicating the role of organizational 

learning in accelerating LLMs diffusion and mitigating risks. While LLMs offer substantial 

benefits such as efficiency improvements, it also poses various challenges, including ethical 

considerations and integration with human workers. Understanding these dynamics through 

the lens of organizational learning theory provides valuable insights for practitioners and 

policymakers, facilitating informed decision-making in leveraging LLMs within SCM (Fosso 

Wamba, Queiroz, et al., 2023). 

Unlike traditional ML systems, which typically require expertise for operation and training, 

LLMs can generate output for users irrespective of their background, leading the way in a new 

era where AI is accessible to a broader audience (Hendriksen, 2023). Additionally, research 

indicates a growing utilization of AI by managers to address operational challenges within SCM 

(Sharma et al., 2022; Weisz et al., 2020). Moreover, studies highlight the potential for 

harmonious coexistence between human workers and LLMs, particularly in delineating tasks: 

repetitive functions can be delegated to AI while creative endeavors remain within the human 

domain (Weisz et al., 2020). However, concerns linger regarding the invasion of AI into 

creative tasks, potentially altering traditional work dynamics (Fosso Wamba, Queiroz, et al., 

2023). 

The constant use of tools like LLMs can leverage a robust AI-driven supply chain, displaying 

increasing versatility compared to earlier ML infrastructure solutions (Hendriksen, 2023).  

The evolving landscape of SCM is increasingly marked by the integration of GAI, as highlighted 

in recent industry insights. Publications such as the Wall Street Journal report a growing trend 

in the experimentation with and adoption of GAI technologies for enhancing communication 

and decision-making processes within supply chains (Jackson, Ivanov, et al., 2024). This 

exponential interest underscores the potential of GAI to streamline complex operations, 

reduce errors, and ultimately lead to more efficient and robust supply chain networks. The 

implications of these advancements suggest a significant shift towards more technologically 

integrated and automated supply chain environments, promising enhanced operational 

efficiencies across various supply chain segments. 

On the spectrum of AI's and LLMs' role in decision-making, the technology's integration into 

SCM can vary from assistive to fully autonomous functionalities. At one end, AI serves an 

assistive role, where it supports human decision-makers by providing data analysis, 

information retrieval, and personalized assistance, acting much like a digital advisor. This use 

of AI enhances human capabilities without replacing the decision-maker, ensuring that 

strategic decisions remain under human oversight (Hendriksen, 2023). Conversely, at the 

other end of the spectrum, AI assumes a more autonomous role, making critical decisions that 

can significantly impact the supply chain. This shift to an autonomous role raises important 
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questions about the balance of power, accountability, and ethical considerations in delegating 

decision-making to AI systems, transforming the traditional dynamics of SCM (Hendriksen, 

2023). 

LLMs can suggest ways to optimize inventory levels, reduce stock-outs, increase efficiency, 

and improve order fulfillment times by analyzing inventory data and saving costs (Bahrini et 

al., 2023). LLMs can also improve the accuracy of inventory management plans both in the 

short and long term (Skórnóg & Kmiecik, 2023). Svoboda & Lande (2024) discuss the lack of 

experiment papers about GPT applications in decision-making such as MCDM. 

LLMs are increasingly recognized for their capability to support not only technical users but 

also non-technical stakeholders in executing technical tasks. This support is particularly 

valuable in transforming plain language problem descriptions into techn ical problem 

formulations, thereby simplifying the initial stages of technical project development. The 

recent focus on using LLMs for automating code-generation tasks further enhances their 

utility, enabling the fine-tuning of these models to specific problem-solving contexts. Such 

advancements are particularly beneficial where non-technical users need to engage with 

optimization processes without deep knowledge of the underlying algorithms. The ability of 

LLMs to bridge this knowledge gap not only enhances user support but also fosters a more 

inclusive environment where more individuals can contribute to and interact with 

optimization tasks without extensive training (Amarasinghe et al., 2023). 

LLMs play a critical role in democratizing access to complex processes, such as optimization. 

By simplifying the formulation of problems and the setup of solutions, these models make 

expert-level knowledge more accessible to a broader audience. This accessibility is essential 

for enhancing the efficiency and inclusivity of decision-making processes in business 

environments. Furthermore, the use of LLM-based chatbots can facilitate effective 

communication between business decision-makers and optimization experts. This not only 

helps in clarifying the requirements and expected outcomes of optimization projects but also 

ensures that non-expert stakeholders can actively participate in and understand these 

processes (AhmadiTeshnizi et al., 2023; Wasserkrug et al., 2024). 

In terms of integration, LLMs do not need a large infrastructure to work. If the user has an 

internet connection can work with these models (like GPT-4) eliminating AI adoption barriers 

(Hendriksen, 2023). Other models, such as Llama, can work without an internet connection 

using a local machine preventing any leakage of data outside the organization.  

3.1.2. Challenges  

The integration of LLMs into SCM is assured to transform the field significantly, prompting 

both scholars and practitioners to reassess the existing practical applications and theoretical 

frameworks, such as Transaction cost economics (TCE) and Complex adaptive systems (CAS). 

This technological shift requires careful consideration of how LLMs are implemented and the 

potential impacts on traditional SCM practices (Hendriksen, 2023). While LLMs offer 
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revolutionary capabilities in automating and optimizing processes, their application is not 

without limitations that could undermine the benefits. 

Historical IT innovation studies indicate that the acceptance and integration of new 

technologies like LLMs are largely driven by perceived business value, which weighs the 

benefits against the challenges of adoption. As AI systems proliferate across individual and 

organizational levels, they redefine traditional models and assumptions in SCM, challenging 

the pre-existing notion that supply chains are primarily human and organizational constructs. 

The increasing capability of AI to perform complex decision-making necessitates a 

reevaluation of our foundational theories in SCM (Fosso Wamba, Guthrie, et al., 2023b; 

Hendriksen, 2023). 

The integration of AI into SCM is more than just a technical adaptation; it is a complex social 

process shaped significantly by human interactions and the sensemaking processes individuals 

employ. According to Hendriksen (2023), how individuals from various professional 

backgrounds and roles within SCM perceive and interpret AI profoundly influences its 

integration. Understanding human sensemaking, the process through which people attribute 

meaning to their collective experiences, is critical in navigating the trajectory of AI adoption 

and determining its effectiveness in the supply chain environment. 

Nowadays, the SCM process uses ML and neural network technologies in their processes and 

is viewed by users as a “black box” due to their limited explainability (Kosasih et al., 2023), 

including LLMs.  

Manufacturing supply chains use AI and ML to improve their cost efficiency by around 10%. 

Although this would be a promising direction, around 63% of manufacturing companies are 

still reluctant to use these types of technologies to manage and monitor their  supply chain 

and logistics activities (Shatat & Shatat, 2022). 

The relationship between management and the technology used in business is ambiguous. 

Studies find a positive relationship between them, whereas others find no association or even 

a negative impact (Y. Chen et al., 2023). The lack of awareness about AI technology can lead 

to low trust in technology and low acceptance by managers and consumers, implying slow 

adoption among manufacturing companies  (Nayal et al., 2022). 

One of the primary challenges associated with LLMs in SCM is the risk of generating sub -

optimal or incorrect outputs, known as "hallucinations". These inaccuracies can range from 

minor errors to significant misinformation, which may require the development of domain-

specific tools to correct outputs, particularly in complex fields such as code generation. 

Generic tools exist to address these issues, but they often fall short in handling the nuanced 

requirements of specific applications (B. Li et al., 2023). Moreover, the opacity of LLM 

methodologies compounds these challenges, as users and stakeholders cannot easily discern 

how the models generate their outputs. This lack of transparency can erode trust, particularly 

when errors lead to public missteps or financial losses, as illustrated by an incident with 
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Google’s AI chatbot which resulted in a substantial drop in market value following an 

inaccurate public response (Richey et al., 2023). This situation underscores the significant 

ethical and reputational risks involved in deploying generative AI technologies in critical 

sectors like SCM. 

Privacy remains a critical concern in the application of any AI technology within SCM, 

especially when using domain-specific data that may be proprietary. Despite the privacy 

assurances that might be provided through SLAs, the risk of data interception by malicious 

entities cannot be overlooked. Many organizations are therefore considering privacy-

preserving approaches to AI deployment, which involve keeping sensitive data in-house and 

away from external LLM hosts to mitigate risks associated with data breaches (B. Li et al., 

2023). 

As businesses venture into the digital age, SCM faces a significant disruption facilitated by AI 

applications like LLMs (Richey et al., 2023). The discipline SCM appears unprepared for the 

revolutionary potential of AI tools, as current theoretical frameworks do not fully encompass 

the disruptive capabilities of these advanced methods (Hendriksen, 2023). While some 

researchers have explored AI's role in enhancing supply chain efficiency and mitigating 

disruptions like those from the COVID-19 pandemic, these studies fall short of capturing AI's 

full disruptive potential.  

Disruptions in SCM typically refer to events that alter the flow of goods or services, requiring 

adaptation and innovation with significant social and environmental impacts. Gen -AI 

integration introduces potential pitfalls, such as overreliance on AI, inappropriate delegation 

of authority, misplaced trust, and unethical uses, which can lead to complex risks like an "AI-

bullwhip effect" where inaccurate AI analyses disrupt the entire supply chain (Hendriksen, 

2023). Effective management of these disruptions requires decision support systems that 

provide real-time visibility and data-driven decision-making to enhance supply chain agility, 

flexibility, and operational performance (Kashem et al., 2023). 

3.2. LARGE LANGUAGE MODELS APPLICATIONS IN THE CONTEXT OF SUPPLY CHAIN 

MANAGEMENT 

Industries are exploring different ways to incorporate new technologies, with their benefits 

and limitations. The range of aspects LLMs can impact in SCM is considerable. Some of those 

aspects will be covered in this section. 

As described in Bahrini et al. (2023), LLMs like ChatGPT can enhance SCM tasks, such as 

Demand forecasting, Inventory optimization, and Supplier selection/evaluation, besides the 

potential implementations in SCM tools. 
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3.2.1. Demand Forecasting 

Research on the application of LLMs in time series forecasting has diversified into three 

primary approaches. The first involves directly applying pre-trained LLMs, utilizing their 

natural language understanding to interpret time series data, inspired by the success of 

language-based applications such as chatbots. The second method aggregates diverse time 

series data across various domains into a unified model, aiming to enhance its versatility and 

general applicability. The third approach focuses on fine-tuning LLMs, with techniques such as 

aligning model layers specifically for time series data, introducing contrastive learning for 

better temporal representation, and modifying input layers to translate temporal data into a 

language-compatible format. Notably, there remains an unexplored potential in spatial-

temporal forecasting, indicating a promising direction for future research (Lai et al., 2024). 

3.2.2. Supplier Evaluation 

The integration of ChatGPT into supplier evaluation processes signifies a remarkable 

advancement in SCM. Wang & Wu (2024) merged traditional MCDM models with ChatGPT-

based evaluations, developing a comprehensive system that enhances the efficiency and 

accuracy of supplier assessments. Early studies suggest that GPT-4 can perform foundational 

analyses for supplier selection by evaluating supplier profiles based on specified parameters 

and instructions (Hendriksen, 2023). 

Moreover, the application of Gen-AI in supplier evaluations offers revolutionary benefits over 

conventional methods. AI can swiftly analyze extensive datasets from numerous suppliers, 

considering various factors such as cost-effectiveness, product quality, reliability, operational 

efficiency, and sustainability (Richey et al., 2023). Additionally, AI promotes inclusivity by 

suggesting strategies to integrate minority-owned, women-owned, or veteran-owned 

enterprises within the supply chain. Its advanced text generation abilities also support the 

creation of detailed supplier profiles, negotiation strategies, and contractual terms based on 

historical data and predictive analytics. This comprehensive approach not only optimizes the 

selection process but also ensures more equitable and informed decision-making, driving 

innovation and sustainability in supplier management. 

Although, there are few implementations in SCM, LLMs as evaluators in general is a field in 

which researchers have been more prolific. The following frameworks and methods have 

potential to be used as supplier evaluation tools. 

3.2.3. Simulation and Modelling 

Simulation modeling plays a vital role in managing complex systems, capturing intricate 

dynamics that often elude traditional analytic methods. Despite its utility, the process is 

hindered by significant challenges: high technical complexity and the necessity for constant, 

detailed communication between domain experts and simulation engineers, leading to 

increased time and financial costs. Recent developments in NLP present an opportunity to 
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overcome these hurdles. LLMs are being explored for their potential to streamline the 

development of simulation models by facilitating an efficient dialogue between experts and 

engineers. This capability reduces the iterative communication that typically extends project 

timelines and costs, suggesting a promising shift toward more efficient simulation modeling 

practices (Jackson & Rolf, 2023). 

Furthermore, the application of LLMs extends beyond mere facilitation; it reshapes how 

simulations are performed and integrated across various domains. As LLMs like ChatGPT 

become more user-friendly and accessible without the need for advanced programming or 

API knowledge, they are poised to become as integral to Modeling & Simulation (M&S) as ML  

technologies have in recent years. This advancement promises to make sophisticated 

simulation tools more accessible and adaptable, enhancing their application in complex 

decision-making scenarios across diverse fields. The increased integration of LLMs indicates a 

significant shift towards automation and intelligent decision-making within M&S, driving 

innovation and efficiency in ways previously unattainable (Giabbanelli, 2023). 

Effective communication within interdisciplinary modeling teams is crucial, especially given 

the diversity of expertise among team members. Traditional modeling languages such as UML 

and SysML, while useful, often have a steep learning curve for non-specialists. This can hinder 

collaborative efforts, as not all team members are able to engage deeply with the technical 

aspects of the model. Research has shown that even simplified visual representations of 

models can be challenging for non-experts like senior executives. To overcome these barriers, 

LLMs offer a promising solution by converting complex model structures into accessible, easily 

understandable textual narratives, thus enhancing comprehension across all levels of 

technical proficiency (Giabbanelli, 2023). 

3.2.3.1. Explaining Simulation Process and Outcomes 

The process of simulation construction is technically complicated, implying that domain 

experts cannot develop simulation models by themselves, therefore simulation engineers are 

required. However, simulation engineers lack the domain knowledge experts have (Jackson & 

Rolf, 2023).  

Explaining the outcomes of simulations in a clear and concise manner is essential for effective 

decision-making. Natural Language Generation (NLG) plays a critical role in this process by 

converting complex simulation data into straightforward textual descriptions. This approach 

reduces the cognitive load on users, allowing them to focus on making informed decisions 

based on the summarized data. While NLG helps in simplifying the presentation of simulation 

outcomes, ensuring the accuracy and completeness of these explanations remains a 

challenge, particularly when dealing with complex or nuanced data sets. Continuous 

advancements in NLG are necessary to improve the fidelity and utility of textual summaries in 

representing simulation outcomes (Giabbanelli, 2023). 
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3.2.3.2. Simulations Errors 

Identifying and explaining errors in simulation models is crucial for ensuring their accuracy 

and reliability. While LLMs are effective in articulating the reasons behind simulation errors, 

their capability to detect these errors directly is limited. LLMs excel in transforming complex, 

technical error analyses into clear, understandable language, aiding modelers in the 

verification and validation processes. This not only facilitates a deeper understanding of the 

errors but also enhances the modelers' ability to make informed corrections, thereby 

improving the overall robustness of the simulation models (Giabbanelli, 2023). 

3.2.3.3. Generate simulations based on natural language 

Simulation models of logistic systems can be automatically generated from natural language 

descriptions, facilitating collaboration between human experts and AI-based systems in the 

field of simulation modeling. 

The study by Jackson, Jesus Saenz, et al. (2024) investigates the use of AI, specifically GPT-3 

Codex, to automate the creation of simulation models for logistics systems from natural 

language descriptions. They developed a framework that generates valid simulation models 

for queuing and inventory management systems based on verbal explanations. This 

framework utilizes GPT-3 Codex to translate natural language into executable Python code, 

addressing the complexity and technical expertise traditionally required in simulation 

modeling. 

The language model adjusts its parameters using intermediate results to produce accurate 

Python simulation code. Python was chosen due to GPT-3 Codex's proficiency in it and its 

ability to dynamically execute code. The framework uses Python's 'eval' method to convert 

strings into bytecode for execution. Human experts validate and verify the generated code, 

creating a feedback loop to ensure accuracy. 

The authors' framework facilitates prompt engineering and hyperparameter tuning, 

integrating human validation to ensure the generated code's accuracy and functionality. This 

study highlights the potential for significant efficiency gains and cost savings in simulation 

model development, making it more accessible to domain experts without extensive technical 

knowledge. 

3.2.4. Optimization 

In the realm of SCM, effective decision-making is heavily reliant on mathematical optimization 

techniques. However, a significant challenge exists as most decision-makers lack the necessary 

mathematical skills or access to experts who can apply these complex methods. This gap has 

spurred calls for making mathematical optimization more accessible to a broader range of 

decision-makers, striving to democratize the technology so it can be utilized more widely 

across industries (Wasserkrug et al., 2024). Furthermore, when automation is introduced to 
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streamline decision-making processes, it often still requires the involvement of business 

operators to interpret, modify, or directly override outcomes.  

The inherent complexity of these decisions, often derived from large-scale operations and 

"black-box" algorithms. Unfortunately, many of these operators do not possess an adequate 

background in optimization, leading to inefficient and time-consuming consultations with data 

scientists and engineers, which can significantly slow down decision-making processes. This 

lack of transparency and optimization expertise can hinder effective management and 

adaptation to changing conditions within a business environment (B. Li et al., 2023). 

The technical challenges in optimization are particularly evident when dealing with complex 

real-world problems that require advanced methodologies like MILP. These methods are 

crucial for addressing intricate issues in areas such as production planning, resource 

allocation, and transportation management. However, successfully transforming these 

decision-making challenges into MILP models relies heavily on deep expertise in operations 

research and mathematical optimization. This necessity creates a barrier for non-experts, 

limiting the practical application of MILP to those few who possess the required specialized 

knowledge (Q. Li et al., 2023). 

3.2.4.1. LLMs in the optimization process 

Recently, there has been a push to incorporate LLMs into the optimization process, aiming to 

simplify the formulation of optimization models. Despite these efforts, LLMs currently face 

significant limitations; they are generally fine-tuned for simpler mathematical tasks like LP and 

are not yet capable of managing the complexities associated with larger datasets that include 

extensive variables and constraints. This limitation significantly hinders their practical 

application in real-world settings. Furthermore, while there is notable progress in generating 

models from natural language descriptions, many errors persist, and few models are 

developed to the point of practical application. Consequently, there remains a substantial 

need for further research and development to enhance the capabilities of LLMs to generate, 

solve, and analyze complex optimization models more effectively (Amarasinghe et al., 2023; 

Wasserkrug et al., 2024). 

The integration of LLMs into the field of optimization aims to enhance the functionality and 

accessibility of these tools within complex decision-making environments. One of the primary 

purposes of LLMs is to improve the explainability of optimization outcomes. As B. Li et al. 

(2023) note, decision processes in large-scale optimizations often rely on algorithms perceived 

as "black boxes" by operators and planners. This lack of transparency can hinder business 

operators' ability to address customer queries, respond to unexpected events, and rectify 

inefficiencies effectively. By enhancing the explainability of these processes, LLMs help 

demystify the results of complex optimizations, enabling business operators to understand 

and communicate the reasoning behind specific decisions more clearly. 
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3.3. LARGE LANGUAGE MODELS USE CASES 

3.3.1. UniTime 

The UniTime model (X. Liu et al., 2024) based on “UniTime: A Language-Empowered Unified 

Model for Cross-Domain Time Series Forecasting", leverages a PTM as its backbone, adapted 

to process time series data through fine-tuning with domain-specific instructions. Its 

innovative design allows it to handle diverse time series data from various SCM domains such 

as sales, inventory, logistics, and supplier data. Traditional models often require separate 

configurations for different datasets, increasing complexity. UniTime overcomes this with a 

flexible architecture that adapts to varying data characteristics, including different numbers 

of variables, input lengths, and prediction horizons. This adaptability ensures that the model 

can generalize across multiple SCM scenarios, making it suitable for a wide range of 

applications within the supply chain. 

 

Figure 2 UniTime Architecture (X. Liu et al., 2024) 

Figure 2 shows how UniTime architecture works. The model begins by preparing the time 

series data and text instructions. Time series data, which includes sequences like daily sales 

numbers, are grouped into "tokens" or chunks. This grouping allows the model to identify 

patterns over these chunks rather than analyzing data points individually. Text instructions, 

which describe the context of the time series data (e.g., “Daily sales of product X in store Y”), 

are converted into embeddings. These embeddings translate the textual information into a 

form that the model can understand. 

Once the data is prepared, the text instructions and time series tokens are combined. The text 

embeddings are placed first, followed by the time series tokens. This sequence ensures that 

the model reads the instructions before examining the data, facilitat ing better contextual 

understanding. 

To improve the model’s generalization capabilities, masking is applied to the time series data. 

Masking involves hiding parts of the data using a binary mask vector, forcing the model to 

learn from incomplete information. This technique prevents overfitting and ensures that the 

model can handle missing or incomplete data effectively. The masked time series data and the 

binary indicator vector are then combined through a process called gated fusion. This 
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integration helps the model understand which parts of the data are visible and which are 

hidden, enhancing its predictive accuracy. 

The combined data and instructions are processed through multiple layers in the model. Each 

layer refines the model’s understanding of the data by considering both the instructions and 

the time series tokens together. UniTime leverages a pre-trained GPT-2 model to initialize its 

weights, providing a strong foundation for understanding the textual information and 

improving the model's overall performance. Layer normalization, multi-head self-attention, 

and multi-layer perceptrons are key components in these layers. The self-attention 

mechanism allows the model to look back and forth within the data to understand 

relationships and dependencies. 

After processing the data through these layers, the model generates long-term forecasts using 

a decoder. The decoder includes a lightweight Transformer and a learnable padding token to 

ensure consistent sequence lengths across different domains. The final step involves 

flattening the processed data and using a linear layer to produce the predictions.  

One of the most significant results of the UniTime model is its ability to provide highly accurate 

forecasts. By leveraging the self-attention mechanism of the Transformer architecture, 

UniTime captures long-range dependencies in the data, resulting in precise demand 

predictions. This accuracy is crucial for maintaining optimal inventory levels, minimizing 

stockouts, and reducing excess inventory. 

UniTime showed a marked reduction in MSE and MAE compared to traditional models. This 

improvement highlights UniTime's superior ability to capture complex temporal patterns in 

supply chain data. The model maintained high accuracy across different supply chain domains, 

such as sales data, inventory levels, and logistics data. This consistency underscores the 

model’s ability to generalize across varied datasets. 

The UniTime model's architecture supports zero-shot transferability, enabling it to apply 

learned knowledge from one domain to another without retraining. This capability is 

particularly beneficial in dynamic supply chain environments where new products, markets, 

or supply chain structures frequently emerge. In tests, UniTime successfully transferred its 

learning from historical sales data to predict trends in new product launches with minimal 

degradation in accuracy. The zero-shot transferability feature reduced the need for extensive 

retraining, saving time and computational resources. 

The application of masking techniques in UniTime has significantly improved the model’s 

robustness. By training on partially hidden data, the model becomes adept at handling missing 

or incomplete data, which is common in real-world supply chain scenarios. UniTime’s 

performance remained stable even with a significant portion of data points masked, 

showcasing its ability to make accurate predictions despite data gaps. The use of masking 

helped prevent overfitting, ensuring that the model’s predictions were reliable across 

different datasets and not just the training data. 
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A key advantage of UniTime is its unified model approach, which eliminates the need for 

multiple specialized models. This approach simplifies the management and deployment of 

forecasting systems, reducing operational overhead and streamlining processes within the 

supply chain. With UniTime, a single model can be used across various SCM domains, ensuring 

consistent and efficient performance without requiring extensive reconfiguration. 

3.3.2. GPT as evaluator 

MCDM is a crucial methodology applied in various domains to evaluate, rank, or select 

alternatives based on multiple conflicting criteria. Supplier evaluation is one of its classic 

applications, playing a critical role in SCM. Traditional MCDM models like the AHP and FCE 

involve gathering data through expert surveys and using structured evaluation frameworks to 

ensure objective and scientific assessments. 

Wang & Wu (2024) in “Can ChatGPT Serve as a Multi-Criteria Decision Maker? A Novel 

Approach to Supplier Evaluation“ explore the potential of using ChatGPT for supplier 

evaluation, comparing its performance with traditional MCDM methods. The study focuses on 

121 suppliers from Company A’s supply chain, collecting both quantitative indicators and 

unstructured textual data. Quantitative data includes various performance metrics, while 

textual data consists of transaction records and other qualitative descriptions. 

The foundation of the study involves creating a comprehensive dataset for evaluating 

suppliers, segmented into quantitative and qualitative data. The quantitative data includes 

numerical indicators such as product acceptance rates, timeliness of delivery, and cost 

metrics, crucial for objectively measuring supplier performance across various dimensions. On 

the other hand, the qualitative data consists of unstructured text data, such as transaction 

records and feedback from supply chain personnel, providing a nuanced view of supplier 

performance. 

To process this data, an evaluation set consisting of grades like Good, Average, and Poor is 

defined. As shown in Figure 3 (a), surveys are conducted among industry experts to gather 

evaluation scores for suppliers under different criteria. The mean of these responses is 

calculated to derive the average evaluation score for each criterion. Textual records are 

categorized and structured to be input into the LLM for evaluation. 
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Figure 3 The overall architecture of ChatGPT-based MCDM Method (Wang & Wu, 2024) 

The traditional MCDM approach uses a combination of the AHP and FCE methods (Figure 3 

(b)). The AHP process begins with creating a hierarchical structure of evaluation dimensions 

and criteria. This involves constructing judgment matrices for criteria and sub-criteria, where 

elements represent the relative importance of each criterion. The eigenvectors corresponding 

to the maximum eigenvalue of these matrices are used to determine the relative weights of 

criteria and sub-criteria. The FCE method defines membership functions for each sub-criterion 

to determine the supplier's degree of membership to various evaluation grades. A fuzzy 

evaluation matrix is constructed for each supplier, incorporating these membership functions, 

and the aggregate scores are computed to derive a comprehensive evaluation grade for each 

supplier. 

The LLM-based methodology leverages ChatGPT to perform supplier evaluations. This process 

begins with designing prompts to guide the model (Figure 3 (b)). The prompt design includes 

a prefix prompt that establishes the role and context for the evaluation, the main content 

prompt that provides specific textual records related to each criterion for a supplier, and a 

post-prompt that instructs the model to output evaluation grades for each criterion and the 

overall supplier score. For each supplier and sub-criterion, the textual description is inputted 

into ChatGPT, which predicts the evaluation grade based on the description and outputs a 

grade vector for each supplier. Post-processing techniques ensure consistency and relevance 

of the model's output by applying methods like regular expression extraction and synonym 

dictionaries to align the results with predefined evaluation categories. 

The study conducts an experimental and comparative analysis between traditional MCDM 

methods and the ChatGPT-based approach. Using AHP and FCE methods, the traditional 

evaluations involved calculating criteria and sub-criteria weights and constructing fuzzy 

evaluation matrices for each supplier. These matrices were then used to derive aggregate 

scores and final evaluation grades. For the ChatGPT-based approach, the model was prompted 

with structured inputs to evaluate each criterion for the suppliers. Various techniques, such 

as Chain-of-Thought prompting, demonstration-based in-context learning, and voting 

ensemble methods, were tested to enhance the model's performance. 
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The performance of ChatGPT-based evaluations was compared to traditional methods using 

metrics like accuracy, precision, recall, and F1-score. The results indicated a high level of 

alignment between ChatGPT's evaluations and those of human experts. The best 

configuration of ChatGPT achieved an F1-score of 74.05%, demonstrating its capability to 

perform multi-criteria decision-making tasks effectively. The Chain-of-Thought approach 

improved logical consistency, while the demonstration-based learning and voting ensemble 

methods enhanced robustness and accuracy. The voting ensemble method showed the 

highest accuracy, suggesting the benefit of aggregating multiple model predictions to capture 

diverse perspectives. This analysis underscores ChatGPT's potential as a reliable and efficient 

tool for supplier evaluation in SCM. 

3.3.3. Use Cases Analysis  

In the context of SCM, LLMs have been gaining traction for their potential to enhance various 

SCM functions. Two key papers provide a foundation for understanding how LLMs can be 

integrated into SCM: "Can ChatGPT Serve as a Multi-Criteria Decision Maker? A Novel 

Approach to Supplier Evaluation" and "UniTime: A Language-Empowered Unified Model for 

Cross-Domain Time Series Forecasting." 

As shown in Table 1, both papers highlight the transformative potential of LLMs in SCM. The 

first paper addresses the gap in automating supplier evaluation processes, reducing the 

reliance on human experts, and demonstrating the potential of LLMs in MCDM tasks . The 

second paper, "UniTime: A Language-Empowered Unified Model for Cross-Domain Time 

Series Forecasting", fills the gap in cross-domain time series forecasting by proposing a model 

that generalizes across multiple domains, thus enhancing predictive performance and 

operational efficiency. 

Table 1 Comparative Analysis of Large Language Model Applications in Supply Chain 

Management 

Study Methodology Key Findings Gaps Addressed 

Can ChatGPT Serve as 
a Multi-Criteria 

Decision Maker? 

Traditional MCDM 
(AHP, FCE) vs. 

ChatGPT 

ChatGPT's evaluations 
align closely with human 

experts, demonstrating 
efficiency and cost-
effectiveness 

Automates 
supplier 

evaluation, 
reduces reliance 
on human 

experts. 

UniTime: A Language-
Empowered Unified 
Model 

Cross-domain time 
series forecasting 
with Language-TS 
Transformer 

Advances forecasting 
performance and zero-
shot transferability, 
adaptable to various 
domains 

Generalizes 
across multiple 
domains, 
enhancing 
predictive 

performance 
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4. CONCLUSIONS AND FUTURE WORKS 

The integration of LLMs into SCM represents a significant advancement in the field, offering 

the transformative potential to enhance decision-making, demand forecasting, supplier 

evaluation, and overall operational efficiency.  

This study contributes to the field of SCM by demonstrating the practical applications and 

benefits of LLMs across various functions. The comprehensive review and case studies provide 

valuable insights into how LLMs can enhance operational efficiency, decision-making, and 

resilience in supply chains. The integration of LLMs into SCM processes highlights the potential 

for significant cost savings, improved supplier management, and more effective logistical 

planning. Furthermore, the thesis emphasizes the importance of addressing challenges such 

as user adoption, hallucinations, privacy concerns, and AI advancements to ensure the 

successful and safe implementation of LLMs in SCM. 

To further advance the integration of LLMs in SCM, future research should focus on the 

following areas: 

• Develop fine-tuning methods that address the nuances of supply chain operations, 

ensuring that LLMs can adapt to diverse SCM environments. 

• Explore the integration of LLMs with emerging technologies such as digital twins and 

IoT to enhance real-time data collection and analysis. 

• Assess the potential of combining LLMs with blockchain technology to improve 

transparency and security in supply chain transactions. 

• Research privacy-preserving techniques to ensure the secure use of sensitive supply 

chain data. 

• Develop ethical guidelines and frameworks for the responsible deployment of LLMs in 

SCM, addressing issues such as bias and fairness. 

• Investigate the scalability of LLM-based solutions in large-scale supply chain networks. 

• Study the factors influencing user adoption of LLM-based solutions in SCM, including 

user training and support mechanisms. 

By addressing these areas, future research can further unlock the potential of LLMs in SCM, 

driving innovation, efficiency, and resilience in supply chain operations. The findings of this 

thesis provide a solid foundation for continued exploration and practical implementation of 

LLMs in the evolving landscape of supply chain management. 
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