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Abstract - The $1 trillion logistics industry embraces Large Language Models (LLMs) to streamline workflows and 

sharpen decision-making for shippers, brokers, and carriers. LLMs deliver real-time freight visibility updates across all 

shipments—tracking or non-tracking, parsing carrier emails and EDI data to cut status delays from 24 hours to minutes, 

which is vital for the 20% of freight on spot markets (DAT, 2024). They process documents like bills of lading, slashing 

manual entry time from 30 minutes to seconds (NLP benchmarks), and flag fraud by detecting 1 in 10 invoice anomalies 

(Transport Topics estimate), saving $10,000 annually per 1,000 loads. LLMs analyze payment histories and reviews for 

carrier vetting, reducing $15,000 yearly losses from unreliable shippers (Cass Freight Index, 2023). General 

communications—60% of which are manual (Transport Topics, 2024)—are automated, drafting rate queries or delay 

alerts 50% faster, enhancing cross-party collaboration. 

 

LLMs also power a service metrics analysis and recommendation system, evaluating on-time delivery rates (e.g., 92% 

carrier average, DAT) and fuel costs ($3.50/gallon, EIA 2024) to suggest top carriers or routes, saving $50-$100/load. By 

processing dynamic inputs—12% weather delay spikes (Sea-Intelligence, 2024) or 15% fuel price swings—LLMs optimize 

pricing and routing decisions in real-time, boosting margins and resilience. For shippers, this means proactive load 

updates; for brokers, faster carrier matching; for carriers, fraud protection and vetted partners. Despite a 6-12 month 

integration timeline and data privacy hurdles, LLMs are transforming logistics into a connected, fraud-resistant, and data-

driven ecosystem, delivering measurable efficiency in a high-stakes industry. 

 

Keywords - LLMs, logistics automation, supply chain optimization, predictive analytics, workflow automation, AI in 

logistics. 

 

1. Introduction 
The logistics industry is an extremely important part 

of international trade and supply chain, and the global 

logistics industry is under growing pressure for higher 

operating efficiency, faster responsiveness and lower cost 

[1]. With higher customer expectations and more complex 

freight networks, logistics providers seek technologies to 

help automate time-consuming processes and expedite 

faster, smarter, informed decisions. There are rule-based 

systems, RPA and optimization algorithms that can handle 

some logistics tasks; it automate away the tasks that have 

structured and unstructured data, which we know make a 

significant part of all tasks within logistics for some 

companies [2]. 

 

With the advent of Large Language Models (LLMs), 

which are conditional NLP models trained on a large 

corpus of text to generate human-like text. LLMs like 

OpenAI's GPT-4, Claude, and Meta's LLaMA provide 

uncanny skills in reading contracts, emails, shipping 

documentation and real-time questions [3]. These models 

are more advanced than automated ones because they 

perform context-aware processing, semantic reasoning and 

self-adaptive communication, reshaping how logistics 

systems interact with users and control the whole system 

[4]. 

 

In freight brokerage, LLMs are already employed to 

create customized carrier bid emails, bulk parse responses 

in real-time, and extract bid rates and rankings from LTL 

carriers that have adopted dynamic rating strategies [5]. In 

transportation supply chain planning, LLMs work on 

exception management, Dynamic routing decisions, SLA 

reporting and predictive analytics. Their use in bringing 

together structured (TMS, ERP, etc.) and unstructured data 

inputs (emails, advisories, documents, etc.) brings a new 

orientation to Automation and analysis at scale [6]. This 

paper investigates the applicability of LLMs in 

transforming logistics operations through the integration 

into core logistics workflows, the replacement or 

augmentation of human tasks and the barriers to adoption. 

We analyze real-world applications in carrier outreach, 

document processing, planning support, and a framework 

for deploying LLM-powered agents in logistics 

environments. Additionally, I will discuss how LLMs may 

transform the industry from transactional Automation to 

cognitive-scale decision-making. 

http://www.internationaljournalssrg.org/
http://creativecommons.org/licenses/by-nc-nd/4.0/
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1.1. Research Gap 

With an increasing number of publications on artificial 

intelligence in supply chain management and logistics, 

there is still a significant gap regarding the practical use 

and performance assessment of Large Language Models 

(LLMs) in logistics applications. Current research focuses 

on classic approaches to Automation, including Robotic 

Process Automation (RPA), simple machine learning 

methods and rule-based systems that could help optimize 

business processes. However, all these methods 

undermine the processing of unstructured data and the 

making of semantic reasoning or context-driven decisions, 

which pre-trained LLMs are particularly good at. 

 

Despite its successful applications across finance, 

legal tech, and customer support industries, LLMs are 

surprisingly underexplored in logistics, especially in high-

friction, language-dependent workflows such as carrier 

outreach, detention claim processing, SLA validation, and 

document analysis. Academic and industry research that 

shows, in a systematic way, how LLMs can be integrated 

with core logistics systems (e.g., TMS, WMS, ERP) is 

limited, and benchmarks for determining the impact that 

LLMs have in terms of the quality of decision making, the 

speed of operations and the accuracy of compliance are 

nonexistent. 

 

2. Literature Review 

Logistics and freight space, a manual coordination and 

fragmented communication field, is quickly becoming a 

data-driven industry. The emergence of Large Language 

Models (LLMs) now offers the opportunity to automate 

more workflows and improve decision-making, especially 

in functions such as carrier outreach, load matching, rate 

negotiation and freight documentation [7][8]. 

 

The LLM Foundation in Enterprise Automation, The 

Large Language Models (LLMs), such as GPT-4, Claude, 

and PaLM, which are based on the transformer, are 

capable of context-aware text generation and 

understanding. Li et al. (2024) presented GPT-3 and its 

ability for the model to perform a spectrum of language 

tasks with only light optimization [9]. These functionalities 

set the stage for using LLMs in logistics and other domains 

in which unstructured data (emails, contracts, chat logs) 

comprises most of the communication flow. LLMs can 

read, summarize and produce fluid natural language input 

with near-human fluency and automate tasks beyond 

standard rule-based systems' capabilities [10]. 

 

AI Brokers and LLMs in the Freight Brokerage sector 

use cases that are seeing the light of day illustrate how 

LLMs with AI agents can vastly improve freight brokerage 

efficiency. Miller, T (2025) introduced reinforcement 

learning agents for the bidding strategies in transportation, 

which paved the way for automated decision-making in 

dynamic markets [11]. In practice, many modern AI agents 

can automate carrier outreach, from using LLMs to 

compose personalized bid emails to parsing inbound 

responses and even replying to instant rate queries [12]. 

For instance, generative AIs can now work with 

Transportation Management Systems (TMS) to extract 

load attributes and create customized communication for 

carriers, replacing the manual "spray and pray" method. 

Results broke 50% to 100% response rates and cut daily 

email time by 80% Trucking Dive 2024 [13]. 

 

Supporting Decision-Making Through the 

Understanding of Natural Language: In addition to 

communicating, LLMs act as decision aids, notably when 

attending to awkward decision-making logistics problems. 

Chalkidis et al. (2021) demonstrated that LLMs can do 

better than the legacy NLP approaches in comprehending 

legal clauses and regulatory language, something relevant 

to reviewing SLAs, detention clauses, or customs 

documentation [14]. This deep knowledge helps LLMs 

become intelligent assistants in key decisions like 

investigating shipment delays, proposing SLA adjustments, 

or assessing claim eligibility [15]. 

 

Collaborative integration and orchestration of grid-

wide systems, LLMs are also making multi-system 

orchestration possible, a critical requirement in logistics 

where data silos between TMS, ERP and load boards 

create friction. By fusing LLMs into automation platforms 

(like with LangChain or similar Agentic approaches), 

organizations can build fluent agents interacting across 

numerous APIs, orchestrating actions, and bringing 

context-based reasoning across platforms[17]. Mohammed, 

A. K (2024) describes how AI workflows decrease cycle 

times, enhance cross-departmental visibility, and involve 

little or no manual intervention in freight documentation, 

scheduling, and reporting activities [18]. 

 

Challenges, Barriers and Opportunities, despite these 

promising developments. Cecil, R. R (2024) draws 

attention to potential adverse outcomes of the free 

operation of AI agents' systems, including poor 

communication with high-value ship carriers or a wrong 

understanding of contracts that could give rise to bad 

publicity [19]. The average LLM roll-out across a supply 

chain has a 6–12 month integration graduation because of 

API-sensitive integrations, poor data quality and user 

education (Gartner 2024). 

 

However, the potential upside is enormous. LLMs 

make it possible to work faster and smarter and create new 

business models like 24/7 autonomous freight brokerage 

desks or personalized AI carrier reps that negotiate rates, 

process paperwork, and dispatch freight without needing 

people [20] [21]. 

 
2.1. Existing Research & Novelty of this study 

This paper primarily makes two contributions: firstly, 

it shows how Large Language Models (LLMs) can be 

implemented to automate logistics workflows; second, it 

applies our model in a novel domain area of enhanced 

decision-making. Although the existing deployment of 

technologies in logistics has concentrated on real rule-

based systems, RPA and elementary predictive modelling 
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for structured scenarios, including demand forecasting, 

route optimization and order tracking, have proved to be 

less effective in the handling of unstructured content, 

multi-system orchestration and natural language 

interactions that characterize practical logistics. Prior work 

in the research ecosystem mainly focuses on ingesting 

unstructured communication data (e.g., emails, PDFs, 

driver notes) or adopting hard-wired pre-defined logic 

hookups that are static and not easily adaptable or 

intelligent in real-time. Moreover, the function of NLP has 

been primarily restricted to simple category or keyword 

extraction rather than taking advantage of state-of-the-art 

transformer-based language models. The novelty of this 

work is that research considers context-focused, LLM-

powered decision-making. With semantic reasoning, 

summarization and intelligent response generation from 

various sources, including TMS, WMS, and ERP systems, 

this new approach transforms how logistics teams access 

operational data and automate workflow with enhanced 

decision-making.  

 

3. Workflow Automation with LLMs in 

Logistics 
Historically, logistics process automation has been 

centred around structured tasks involving scheduling 

shipments, placing orders, generating labels, and 

processing electronic data interchange (EDI) transactions 

[22]. Although these technologies enhance operational 

capacity, they are limited, especially when context 

awareness, language comprehension, or decisions based on 

ambiguous or incomplete input are needed. Here is where 

Large Language Models (LLMs) are changing the face of 

Automation - they are bringing real intelligence to tasks 

that once needed human-like understanding [23]. 

 

Automating Task According to Communication 

Patterns, A leading use case example of LLM-based 

workflow automation is within communication-dependent 

workflows such as carrier outreach, customer support, and 

vendor engagement.  

• LLMs can create custom email or SMS messages 

based on shipment specifics, service selections and 

past communications [24]. 

• Parse and categorize incoming messages, marking 

them as rate confirmation, load rejection, availability 

query, or accessorial request. 

• Automatically answer routine questions using pre-

trained or generated answers, accelerating response 

time and manual triage. 

• For instance, a freight broker on an LLM-integrated 

TMS can automatically deploy a multi-carrier email 

campaign and sort through all responses in mere 

minutes - work that would typically take hours of 

workforce [25]. 

 

Intelligent Document Handling: A large proportion of 

the logistics workflows deal with semi-structured or 

unstructured documents, such as: 

• Bills of lading (BOLs) 

• Proofs of delivery (PODs) 

• Customs declarations 

• Rate confirmations 

• Freight invoices 

 

LLMs, combined with OCR and extraction tools, can 

automate: 

• Document categorization and metadata retrieval 

• Field validation and cross-reference to data in the 

system 

• Error handling (e.g., weights not matching, signatures 

missing) 

 

As a result, these features help speed up downstream 

activities such as invoicing, compliance verification and 

claims processing while reducing errors [26]. 

 

Orchestration of the Workflow and Triggers for 

Decisions: LLMs also serve as workflow orchestrators, 

working to arrange tasks across multiple platforms (TMS, 

ERP, CRM, load boards) by reading the situation and 

triggering tasks.  

Examples include: 

• Realizing that a driver update would cause a delivery 

delay and preemptively sending a revised ETA to the 

consignee. 

• Detecting the risk of detention from gate-in/gate-out, 

the timestamps and the SLA terms and alerting the 

billing team to create a dispute order [27] 

automatically. 

• Proposing the best carrier for a shipment based on 

comparing the lane, rate thresholds, and previous 

behavior. 

• Unlike RPA bots that only read scripts, LLM-powered 

agents can respond to dynamic directives and make 

context-aware decisions, adapting according to the 

tone, urgency, and regulatory requirements [28]. 

 

Frugality and Scale: Building Agentic Systems from 

Assistants to Autonomous Agents, Coupling LLMs with 

multi-agent architectures (like LangChain and CrewAI) 

that support the formation of task-specific agents, allows 

for the construction of modular algorithms that cooperate 

among workflows.  

 

For instance: 

• A Rate Agent negotiates with the carrier according to 

the spot DAT or SONAR benchmarks [29]. 

• A Compliance Agent is responsible for contract 

compliance and SLA terms. 

• There is also a Visibility Agent for real-time status via 

chatbot or portal. With little human intervention, 

these agents can delegate tasks to other agents to 

achieve high-performance distributed executions of 

complex, multi-step workflows [30]. 

 

3.1. Use of LLMs in Logistics Tech 

Large Language Models (LLMs) are the building 

blocks of transformation when digitizing language-led 
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logistics operations, among other industries. In a 

documentation-heavy, human-communications-driven, 

reactive-decision-making discipline, LLMs are the 

intelligent intermediaries between unstructured 

information and the structured operational logic they feed. 

The internal mechanisms, integration methods and 

applications of LLMs in contemporary logistics chain 

systems [31]. 

 

3.2. Key Functions of Logistics LLMs 

LLMs are pretrained on large corpora of human text, 

which allows them to: 

• Natural Language Understanding (NLU): There are 

interpreting shipment instructions, contract emails, 

rate confirmations, and alerts. 

• Natural Language Generation (NLG): Writing 

personalized carrier outreach, delay notifications, 

customs declarations and exception justifications. 

• Reasoning Under Context, Making inferences from 

multi-turn dialogues, policy statements or document 

trails. 

• Finding the Right Data, Extracting the most relevant 

data (load records, rate history, SLAs) from large data 

stores or text collections using embeddings and vector 

similarity [32]. 

• Fundamentally, these features underpin very dynamic, 

high-volume logistics operations where nuance, intent, 

and variation in language are imperative. 

3.3. Functional Layers of Deployment of LLM 

Organization-related LLM applications in logistics can 

be divided into the following three layers: 

• Automation for Front-End Communication 

• LLM-based chatbots and email responders make 

it appear that someone is on the job 24/7 to handle 

customer service, carrier negotiations and 

appointment scheduling. 

• Input: Free-text email, question/query or portal 

message 

• Output: Human-style response parameterized by 

load specifics, location, or SLA 

• Processing of the Document at the back end 

• LLMs identify, interpret and validate 

information on BOLs, PODs, rate sheets and 

customs paperwork. 

• They can be used to flag inconsistencies, 

validate TMS/ERP data, or auto-route 

exceptions for resolution [33]. 

• Middleware Decision Agents 

• LLMs act as logical layers between systems (e.g., 

TMS and CRM) and coordinate the activities 

based on the knowledge they deduce from 

simulated inputs. Example: "Rate confirmation is 

delayed because driver ID is not filled" → auto-

follow-up + carrier compliance trigger. 

 
3.4. Key Use Cases of LLMs in Logistics 

 
Table 1. Represents LLM use cases across the logistics industry

Use Case LLM Functionality 

Carrier Outreach Generate and personalize bid emails based on load, location, and historical rates. 

Response Parsing Classify replies (accept, reject, query, reschedule) with 95%+ accuracy. 

Rate Negotiation Simulate broker-carrier negotiations with dynamic rate thresholds and counteroffers. 

SLA Interpretation Extract clauses from contracts and apply them to real-time situations (e.g., delays) 

Document Automation Summarize or structure data from PDFs, scanned BOLs, or rate agreements. 

Multi-lingual Translation Translate real-time port notices, customs messages, or global carrier emails. 

Exception Management Generate root-cause explanations and recommend the next steps for shipment 

failures. 

Workflow Instruction Parsing Interpret user prompts like: "Email carrier if POD not received in 24 hours." 

 

4. LLM-Driven Logistics Intelligence: Data, Automation, and Decision Impact 
 

Table 2. Represents input sources and areas of Automation, leading to improved decision-making outcomes 

Data Input / Source Area of Automation Enhanced Decision-Making Outcome 
On-time delivery rates (e.g., 92% 

carrier avg. – DAT) 
Carrier performance evaluation 

Recommends top-performing carriers, reduces late 

deliveries and improves SLA adherence 

Fuel price data ($3.50/gal – EIA 

2024) 
Route and cost modelling 

Suggests cost-effective lanes, increases margin per load 

by $50–$100 

Weather delay trends (12% spikes – 

Sea-Intelligence, 2024) 

Real-time risk forecasting and 

rerouting 

Dynamically reroutes or delays dispatch to avoid 

disruptions improves ETA accuracy. 

Fuel price volatility (15% swings) Pricing and rate negotiation logic 
Adjusts spot rates and bid responses based on cost 

forecasts that support dynamic pricing strategies 

Carrier, broker, and shipper 

transaction records 

Communication, fraud detection, 

and partner verification 

Flags suspicious carrier behaviour, recommends trusted 

partners, reduces fraud risk 

TMS + ERP integration (6–12 month 

setup) 

Workflow orchestration and data 

syncing 

Creates end-to-end visibility; supports continuous 

learning across systems 

Shipment status, ELD/telematics, 

exception events 

Customer updates and exception 

response generation 

Sends proactive delay notifications; boosts customer 

trust and service transparency 



Mukesh Kumar / IJCTT, 73(5), 133-143, 2025 

 

137 

LLMs are rarely used in isolation. They are often 

embedded within larger AI/automation stacks using 

LangChain / LlamaIndex to orchestrate document pipelines 

and chain LLM outputs with actions. 

 

Vector databases (e.g., Pinecone, FAISS, Weaviate) 

support semantic retrieval of freight records, past load 

conversations, or contract clauses. 

 

RAG (Retrieval-Augmented Generation) architectures, 

where LLMs pull from dynamic enterprise knowledge 

(load data, terminal logs, SLA repositories) before 

generating a response. 

 

API Integration with TMS, CRM, WMS, or ERP 

platforms to fetch real-time operational context (e.g., load 

status, location, fuel pricing). 

These integrations allow LLMs to reason on top of 

structured enterprise data, creating context- 

aware Automation rather than generic text processing [34]. 

 

4.1. Advanced Techniques in LLM-Driven Workflows 

• LLMs are guided with minimal examples to perform 

classification, summarization, or generation tasks 

specific to logistics language. 

• Agents powered by LLMs can invoke external tools 

(e.g., a pricing API or map service) mid-task to enrich 

decisions. 

• Platforms like CrewAI or AutoGen coordinate 

multiple LLM agents (e.g., Compliance Agent, Rate 

Agent, Tracking Agent), each with specialized 

prompts and memory [35]. 

 

5. Sample Scenario- Leveraging LLMs in Logistics Tech 
Table 3. Comprehensive representation of usage of LLM across areas of logistics with sample data input with benefits 

Area Scenario Sample Data Input LLM-Powered Action Outcome / Benefit 

Carrier 

Outreach 

Auto-personalized load 

offer emails sent to 

carriers 

TMS Load: Chicago → 

Dallas, Dry Van, 48K lbs, 

Pickup: May 8, Rate 

Target: $2.25/mi 

LLM generates 150 custom 

emails based on past carrier 

engagement and lane history 

Carrier response rate 

improves from 10% → 

22%, outreach time cut 

by 70% 

Rate 

Negotiation 

Interpreting counteroffers 

and generating automated 

replies 

Carrier response: "Can do 

for $2.40, flexible 

window." 

LLM suggests a response: 

"We can offer $2.32 all-in 

with quick pay. Can you 

confirm?" 

Shorter negotiation 

cycle, optimized margin 

protection 

Detention Claim 

Review 

Validating detention fee 

charges based on POD and 

SLA 

POD time: 12:15 PM, 

SLA free time: 1 hour, 

Charge submitted: $150 

for 2 hours detention 

LLM cross-references 

timestamps and SLA, finds 1-

hour valid, generates dispute 

response 

Prevents overpayment, 

reduces finance team 

workload 

Exception 

Handling 

Real-time rerouting due to 

road closure 

Load ID 4931, Current 

ETA: 2:30 PM, Delay: 3 

hours due to accident on I-

95 

LLM retrieves alternate 

routes, drafts customer email, 

adjusts ETA to 5:30 PM 

Customer notified in 

advance, SLA 

preserved, trust 

improved 

Document 

Intelligence 

Extracting data from 

scanned rate confirmations 

and PODs 

PDF with handwritten 

notes: "Deliver by 5/10 – 

Add $75 lumper." 

LLM+OCR parses 

handwriting, extracts date, 

surcharge, adds to load 

record 

Faster billing, fewer 

manual errors 

Load Planning 

Matching urgent loads 

with the most reliable 

carriers 

Load ageing> 12 hours, 

Lane: NJ to NC, Preferred 

carriers unavailable 

LLM suggests second-tier 

carriers with 95% OTD on 

this lane, adds notes for 

broker 

Ensures timely load 

coverage, reduces 

tender rejections 

Chatbot 

Integration 

Live query from the driver 

asking about delivery 

instructions 

Query: "Where do I drop 

in Atlanta?" 

LLM responds using the 

delivery address and dock 

instructions from load notes 

Reduces human 

intervention, instant 

driver support 

Invoice Dispute 

Resolution 

Broker disputes fuel 

surcharge line item. 

The invoice shows a 

+$200 surcharge; EIA fuel 

average: $3.50/gal, 

contract cap: $125 

LLM detects overcharge, 

generates polite rebuttal 

email concerning contract 

Recovery of $75 per 

load builds broker 

compliance consistency. 

SLA Monitoring 

Checking if loads are 

delivered within 

contractual terms 

Data: 300 shipments last 

week, OTD target: 95% 

LLM flags nine loads 

breaching SLA lists reasons 

(late PU, wrong dock, no 

POD) 

The compliance team 

receives the actionable 

report. 

Performance 

Forecasting 

Predicting service 

outcomes based on prior 

lane behavior 

Lane: Houston to Atlanta, 

new broker, first-time 

dispatch 

LLM warns: 80% failure risk 

due to inconsistent prior 

carrier engagement 

Prevents exposure, 

triggers backup 

planning 
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Fig. 1 LLM-driven Carrier outreach workflow 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Fig. 2 LLM enhanced document processing & fraud detection workflow 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 3 LLM powered Decision-making for route Optimization & Exception Handling 

 

6. Areas of Enhanced Decision Making 
Large Language Models (LLMs) are re-inventing 

logistics automation and redefining decision-making by 

delivering up-to-the-minute, context-aware intelligence 

[36]. Unlike classic models, which rely on rules or static 

logic, LLMs can understand intent and reason through 

ambiguity and make informed predictions using 

unstructured data. This makes it possible for Logisticians 

shift from reactive decisions to a proactive approach that is 

databased for different critical functions across operations 

[37]. 

 

6.1. Here are a Few Areas of Enhanced Decision-Making 

Capabilities 

Carrier and Rate Selection Optimization. LLMs may 

analyze various considerations, such as historical 

performance, available capacity, citation history, rating 

trends, and communication tone, to help brokers choose 

the best carrier for a load. 

 

6.1.1. Decision-Making Impact 

• Recommending the "best-fit carrier" based on "soft 

signals" (e.g., "reliable in winter lanes") 

• Find sub-performing and potential rejected carriers 

• Recommend rate counters built with the same tools 

the market uses to trade (DAT, Truckstop) 

 

6.2. Interpretation and Arbitration of SLA[38] 

By interpreting contracts, rate confirmations, and 

terminal advisories, LLMs can determine whether delay, 

accessorial or service failures are covered under 

compensable terms. 

Decision-Making Impact 

• Automatically verify if a claim for detention is 

legitimate using SLA language and timestamps. 

• Indicate which flags are for human review or if they 

auto-approve. 

• Create extensive justification memos supporting 

billing or disputes [39]. 

 

Load Details Input 

(TMS: Chicago → 

Dallas) 

LLM Creates 
Custom Bid Emails 

(150) 

Email Campaign 

Sent to Carriers 

LLM Parses 

Replies (95% 

Accuracy) 

Broker Reviews 

Shortlisted Carriers 

LLM Action: 
Generate Emails. 

(Based on Load, 
Rates) 

LLM Action: Send 

and Track 
(Improves 

Response Rate) 

LLM Action: Parse 
Responses 

(Classify:Accept/ 
Reject) 

LLM-Driven Carrier Outreach and Response Parsing Workflow: This flowchart demonstrates how LLMs 
automate carrier outreach by generating personalized bid emails and parsing responses with high accuracy, 

reducing manual effort and improving response rates from 10% to 22%, as discussed in the paper 

Document Input 

(BOLS, Invoices) 

LLM Processes 
Docs (Extract 

Data) 

LLM Validates 

Data (Weights, 

Signatures) 

LLM Detects Fraud 
(Anomaly 

Detection) 

Output for Review 

(Billing. 

Compliance) 

LLM Actions: 

OCR + Extract 

(Summarize, 

Categorize) 

LLM Actions: 
Cross - Reference 

(Match with 

TMS/ERP) 

LLM Actions: Flag 
Anamalies (1 in 10 

invoices) 

LLM-Enhanced Document Processing and Fraud Detection Workflow: This flowchart illustrates how 

LLMs process logistics documents like BOLs and invoices, validate data, and detect fraud (e.g., 1 in 10 
invoice anomalies), saving $10,000 annually per 1,000 loads, as outlined in the paper 

Shipment Data 

Input (Load ID, 

ETA) 

LLM Assesses 
Risks (Weather, 

Fuel Data) 

LLM Proposes 

Routes (Alternate 

Paths) 

LLM Handles 

Exception (Delay 

Notification) 

Updated Shipment 

Plan (Improved 

ETA) 

LLM Action: 
Analyse Risks 

(Weather: 12% 
Delay in Spike) 

LLM Action: 
Suggest Routes 

(Cost: $50-$100 
Savings) 

LLM Action: 
Notify Customer 

(Adjust ETA, Send 
Alert) 

LLM-Powered Decision-Making for Route Optimization and Exception Handling: This flowchart shows how LLMs 

analyze dynamic inputs like weather delays and fuel prices to optimize routing, handle exceptions, and notify 

customers, improving ETA accuracy and saving $50-$100 per load, as described in the paper. 
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6.3. Load Scheduling and Security Projection 

LLMs can aggregate structured and unstructured data 

(e.g., weather alerts, driver updates, new reports) to 

predict risk and suggest alternative plans. 

 

Decision-Making Impact 

• Invoke automated reroute or reschedule based on 

natural language notifications. 

• Anticipate the possibility of a lack of load and suggest 

to utilize alternate resources. 

• Improve the logic for assigning load in the future by 

examining historical incident reports. 

 

In integrating inventory and warehouse [40], LLMs 

can consolidate warehouse logs, WMS feeds , and 

inbound shipment instructions to optimize 

loading/unloading. 

 

Decision-Making Impact 

• Pinpoint warehouse bottlenecks during maintenance 

logs or even the operator's chat threads. 

• Recommend inventory transfers or replenishments 

• Auto-build pick-pack-ship orders with less human 

error 

 

Customer Communication and Failover Strategy [41], 

with LLMs adoption, shipment alerts, delays, and issue 

notifications are interpreted to create bespoke customer 

notifications and status updates automatically. 

 

Decision-Making Impact 

• Bespoke replies according to client tier history, tone, 

etc.. and urgency 

• Fill out exceptions with the value of mitigated 

feedback and Provide justification and mitigation 

guidance. 

• Enable agents to concentrate on high-touch work 

while AI deals with routine ones. 

 

In procurement and demand network design, LLMs 

can ingest RFP responses, market reports, carrier 

scorecards, and news articles, enabling procurement and 

capacity planning for teams [42]. 

 

Decision-Making Impact 

• Automatically summarize and compare contract bids. 

• Recommend new carrier relationships based on 

historical lane coverage or service trends. 

• Aid in new distribution centre placement. What if 

modelling 
 

Table 4. Represents areas in logistics where LLM can be used effectively, leading to enhanced decision-making. 

Area LLM-Driven Decision Support Decision-Making Enhancement 

Carrier Outreach 
Select the most likely responsive and qualified 

carriers from historical engagement. 

Increases booking probability improves speed 

and targeting of outreach decisions 

Rate Negotiation 
Analyzes counteroffers and benchmarks against 

market data to suggest optimized responses 

Enables dynamic, profit-aware negotiation 

decisions 

Detention Claim 

Review 

Cross-checks SLA terms with timestamps and 

justifies/rejects accessorial 

Supports objective, contract-aligned financial 

decisions 

Exception 

Handling 

Synthesizes live traffic data and updates 

customers in advance 

Enhances proactive, customer-centric 

operational decisions 

Document 

Intelligence 

Extracts key data from semi-

structured/unstructured inputs like handwritten 

notes and PDFs 

Reduces dependency on manual validation, 

enabling faster financial and compliance 

decisions 

Load Planning 
Recommends best-fit carriers based on service 

history and urgency 

Ensures strategic allocation of loads to 

reliable partners 

Chatbot 

Integration 

Automates contextual responses to operational 

queries (e.g., delivery, instructions, delays) 

Allows faster, informed decision-making at 

the edge (e.g., drivers, dispatchers) 

Invoice Dispute 

Resolution 

Identifies billing inconsistencies and frames 

contractual rebuttals 

Improves financial accuracy and negotiation 

posture in billing-related decisions 

SLA Monitoring 
Flags shipments breaching service levels with 

reasons 

Provides data-backed insights for service 

recovery and policy adjustment 

Performance 

Forecasting 

Predicts potential failure risks and suggests 

preventative actions 

Enhances operational foresight and risk-aware 

dispatch or backup planning decisions 
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7. Future Scope 
As Large Language Models (LLMs) increase in scale, 

specialization, and customizability, they will also have a 

new profound impact on logistics technology. Today, 

where most applications are in the Automation of 

information exchange, parsing of documents and support 

for a set of decisions, tomorrow's application will be the 

integration of an LLM as a full-fledged cognitive 

autonomous agent of the logistics world. These agents are 

not likely to react to commands but initiate their plans, 

optimize, and react to operational dynamics immediately. 

 

From Helpers to Semi-Autonomous Coordinators, In 

the future, LLMs will progress from instruments of 

reaction to effective decision-makers, with their abilities to 

orchestrate entire complex logistics flows through to 

completion. Leveraging Extracting Insights from/into Data 

Streams from Ecosystem covering: Thematic areas, Real-

Time Stream Data (IoT, Telematics, ERP, WMS) 

Utilizing the Intercepts these Agents will enable: 

• Monitor performance KPIs 

• Detect and fix outliers on time. 

• Assign capacity, reconfigure load plans, and reroute. 

This is where the next generation of AI-powered 

logistics control towers without people comes into 

play. 

 

Fine-tuning and Domain-Specific and Smaller 

Models: In the future, more tightly scaled LLMs will be 

trained on precise logistics languages such as waybill 

formats, customs codes, terminal vocabulary, and carrier 

communications. This domain specificity should lower 

hallucination risks and increase the relevance of the output. 

Lightweight, edge-deployable models can also serve 

offline (or latency-dependent) environments like 

warehouses, mobile dispatch units or shipboard terminals. 

 

Dialogue and Multimodal Logistics Interface: The 

amalgamation of voice, visuals, and text will lead to 

multimodal logistics assistants. Warehouse workers, 

drivers and brokers will collaborate with AI agents 

through natural language or visual inputs (e.g., scanning a 

damaged pallet and getting immediate compliance 

guidance). These agents may aid in real-time without 

requiring a screen-based interface, resulting in higher 

accessibility and less overhead. 

 

Explainable AI: With LLMs becoming more 

responsible, the demand for explainability, auditability, 

and compliance will become even more critical.  

 

LLM systems of the future will require guardrails to 

conform to compliance-related data such as (but not 

limited to) regulatory requirements (FMCSA, customs, 

and labour, to name a few.  

 

Decisions for resolving disagreements and 

attributions of responsibility: For industry-wide trust and 

adoption, frameworks such as Responsible AI and 

traceable workflows, as well as human-in-the-loop 

overrides, will be crucial. 

 

Smart Contracts and Blockchain Integration: LLM 

will work more and more alongside blockchain-based 

smart contracts to automate legally enforceable logistics 

activities.  

 

For example: 

• Auto-validating detention claims using smart port 

logs and SLA terms 

• When the POD upload is verified,  real-time payment 

will be initiated. 

• Implementing Contractual Exceptions via LLM-

reviewed Justification Memos 

 

It would enable tamper-proof, dispute-free execution 

of supply chain transactions involving carriers, shippers, 

ports and regulatory bodies. 

 

8. Challenges and Considerations  
While Large Language Models (LLMs) offer 

transformative potential for automating workflows and 

enhancing decision-making in logistics, their deployment 

is not without significant challenges—these span technical, 

operational, regulatory, and ethical dimensions. A 

thoughtful implementation approach is required to mitigate 

risks and ensure sustainable, responsible adoption across 

freight and logistics operations. 

 

Data Quality and Contextual Relevance: Logistics 

operations rely on fragmented and inconsistent data 

ranging from structured TMS/ERP records to unstructured 

carrier emails and port notices. LLMs are sensitive to input 

quality and may hallucinate or misinterpret poorly 

structured, outdated, or ambiguous data. 

 

Consideration: 

• Implement strong data pipelines with normalization 

and validation layers. 

• Use Retrieval-Augmented Generation (RAG) to 

ground LLM responses in authoritative enterprise data. 

• Fine-tune models with domain-specific corpora (e.g., 

load sheets, contracts 

detention logs) to improve contextual accuracy. 

 

Interpretability and Trust Issues: LLMs work as 

"black boxes," providing good quality results without 

transparent logic or trace. This lack of explainability can 

undermine stakeholder confidence in high-stakes logistics 

decisions (rate acceptance, SLA disputes, or customs 

compliance). 
 

Consideration: 

• Apply Explainable AI (XAI) methods and produce 

line-by-line rationales with the decisions. 

• Incorporate human-in-the-loop models for critical 

signoffs or contested cases. 

• Keep track of your audit and response versions for 

compliance. 
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Latency and Real-Time Boundaries: Many logistics 

tasks require low latency responses, e.g., during 

negotiations with carriers, dispatch coordination, or 

exception handling. LLMs are huge ones. However, it 

might add processing delays or risk hitting the timeouts. 

Consideration: 

• Usage of distilled or fine-tuned smaller models for 

real-time use. 

• Use asynchronous pipelines for batch-heavy LLM 

work (e.g., document parsing, summarization). 

• Accelerated on GPU or deployed at the edge. 

Domain-Specific Language and Limitations: Most 

LLMs are not fluent in logistics terminology, abbreviations 

(e.g., BOL, POD, FAK), or local dialects used in broker-

carrier conversations or customs statements. 

Consideration: 

• Refine models on logistics communication data, SOPs 

and tagged chat/email transcripts. 

• Develop fast engineering libraries that have 

engineered and structured use cases for logistic use 

cases. 

• Leverage embedding models and vector databases to 

enhance semantic awareness. 

Ethical and Regulatory Compliance LLMs can 

introduce biases in race recommendations, favour rates of a 

few lanes unfairly, or even leak sensitive information in 
auto-generated communication. 

Consideration: 

• Use ethical AI tools (e.g., fairness, accountability, 

transparency). 

• Periodically inspect LLM outputs for bias, 

discrimination, or hallucination. 

• Leverage role-based access control and redaction to 

secure sensitive PII and rate information. 

Integration Complexity and System Interoperability: 

LLMs must integrate with various enterprise enablers 

(TMS, WMS, CRM, ERP) with different data models, 

data limits, and latency requirements. Standardization 

deficiency makes it difficult to integrate seamlessly. 

Consideration: 

• Leverage orchestration platforms (e.g., LangChain, 

CrewAI) to control tool use and system pass-offs. 

• Utilize microservices and modular agent architectures 

for task isolation and ease of maintenance. 

• Emphasis on the (semantic) integration layers and not 

on complex scripting. 

Cost and Resource Considerations: Running LLMs 

can be costly in computing, and this is especially the case 

with production use, especially at scale for inference or 

fine-tuning, which might be too expensive for most 

logistics companies. 

Consideration: 

• Optimize for hybrid deployment, offload lightweight 

tasks to smaller models and keep larger models for 

high-impact reasoning. 

• Explore Open-source LLMs or API as a Service with 

a pay-as-you-go model. 

• Define KPIs tied to time savings, fasted load 

coverage, and dispute resolution enhancements. 

 

9. Limitations and Mitigation Strategies 
 

Table 5. Limitations of using LLM vs mitigation approaches 

Limitation Mitigation 

Hallucinations 

(fabricated outputs) 

Combine with RAG and 

enforce grounding via 

enterprise datasets 

Data Privacy & 

Compliance 

Use fine-tuned, private 

LLMs; avoid sending 

sensitive data to public APIs 

Latency for Real-

Time Scenarios 

Deploy smaller distilled 

models or hybrid rule + 

LLM pipelines. 

Lack of Domain 

Expertise (by 

default) 

Fine-tune on logistics-

specific documents and chat 

transcripts 
 

10. Conclusion 
The logistics industry is undergoing a paradigm shift, 

propelled by the growing need to enhance operational 

efficiency, reduce costs, and respond faster to market 

dynamics. Amid this transformation, Large Language 

Models (LLMs) have emerged as powerful enablers 

capable of interpreting, generating, and acting upon 

human-like language within high-volume, data-intensive 

environments. Their integration into logistics systems 

marks a pivotal advancement, extending Automation from 

structured workflows into areas traditionally reserved for 

human expertise, such as carrier negotiation, SLA 

interpretation, and exception resolution. 

This paper has explored how LLMs significantly enhance 

workflow automation, document intelligence, and 

decision-making processes when embedded within modern 

logistics technology stacks. Through real-world-inspired 

scenarios, how these models streamline carrier outreach, 

optimize document handling, and support proactive 

operational management, delivering measurable gains in 

responsiveness, cost savings, and accuracy. 

 

However, the journey toward widespread adoption is 

not without challenges. Data quality, explainability, 

integration complexity, and ethical use must be addressed 

through robust architecture, domain-specific training, and 

human-in-the-loop governance. Organizations must also 

consider cost models, infrastructure scalability, and the 

development of safe, transparent AI pipelines that ensure 

long-term trust and resilience. 
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Looking ahead, LLMs are poised to evolve from 

assistive tools into autonomous agents capable of 

orchestrating logistics ecosystems intelligently and 

ethically. As the models mature and integrate with IoT, 

smart contracts, and real-time data feeds, they will play a 

central role in shaping the next generation of cognitive 

supply chains where decisions are automated, contextual, 

explainable, and adaptive to change. 

  

References 
[1] Raha Aghaei et al., “The Potential of Large Language Models in Supply Chain Management: Advancing Decision-making, 

Efficiency, and Innovation,” arXiv preprint arXiv:2501.15411, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[2] Sami Azirar, Hossam A. Gabbar, and Chaouki Regoui, “IQLS: Framework for Leveraging Metadata to Enable Large Language 

Model-based Queries to Complex, Versatile Data,” System Innovation for an Artificial Intelligence Era, 2024. [Google Scholar] 

[Publisher Link] 

[3] Niklas Bergman Larsson, and Jonatan Talåsen, “Applying Large Language Models in Business Processes: A Contribution to 

Management Innovation,” Thesis, 2024. [Google Scholar] [Publisher Link] 

[4] Roy R. Cecil et al., “Advanced Methodologies and Technologies for Innovative Information Systems,” 2024 IEEE International 

Conference on Bioinformatics and Biomedicine (BIBM), 2024. [CrossRef] [Google Scholar] [Publisher Link] 

[5] Vineeta Dsouza, “Leveraging AI for Enhanced Efficiency and Automation in Business Operations,” International Journal of 

Computer Engineering and Technology, vol. 15, no. 4, pp. 568-576, 2024. [CrossRef] [Google Scholar] [Publisher Link] 

[6] E. Ferrigno, M. Rodriguez, and E. Davidsson, “Revolutionizing Drilling Operations: Next-gen LLM-AI for Real-time Support in 

well Construction Control Rooms,” SPE Annual Technical Conference and Exhibition, 2024. [CrossRef] [Google Scholar] 

[Publisher Link] 

[7] Aidar Galimkhanov et al., “Breaking Down Silos: LLM/API Driven Experience Management Tool for Well Construction,” SPE 

Gas & Oil Technology Showcase and Conference, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[8] Varun Gupta, “Leveraging AI and ML for Logistics Excellence: Case Studies and Success Strategies,” Supply Chain 

Transformation through Generative AI and Machine Learning, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[9] Chao Hu et al., “Large Language Model-enabled Knowledge Exploration for Automotive Assembly Process using Ontology,” 

SSRN, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[10] Saverio Ieva et al., “Enhancing Last-mile Logistics: AI-driven Fleet Optimization, Mixed reality, and Large Language Model 

Assistants for Warehouse Operations,” Sensors, vol. 25, no. 9, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[11] Tamen Jadad-Garcia, and Alejandra R. Jadad, “The Foundations of Computational Management: A Systematic Approach to Task 

Automation for the Integration of Artificial Intelligence into Existing Workflows,” arXiv preprint arXiv:2402.05142, 2024. 

[CrossRef] [Google Scholar] [Publisher Link] 

[12] Yongkuk Jeong, “Digitalization in Production Logistics: How AI, Digital Twins, and Simulation are Driving the Shift from Model-

based to Data-driven Approaches,” International Journal of Precision Engineering and Manufacturing-Smart Technology, vol. 1, 

no. 2, pp. 187-200, 2023. [CrossRef] [Google Scholar] [Publisher Link] 

[13] Maria Johnsen, Large Language Models (LLMs), Maria Johnsen, 2024. [Google Scholar] [Publisher Link] 

[14] Samuel Kirshner, “Artificial Agents and Operations Management Decision-making,” SSRN 4726933, 2024. [CrossRef] [Google 

Scholar] [Publisher Link] 

[15] Mariusz Kmiecik, “Creating a Genetic Algorithm for Third-party Logistics’ Warehouse Delivery Scheduling Via a Large Language 

Model,” Journal of Modelling in Management, vol. 20, no. 4, pp. 1138-1162, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[16] Yiwei Li et al., “Large Language Models for Manufacturing,” arXiv preprint arXiv:2410.21418, 2024. [CrossRef] [Google Scholar] 

[Publisher Link] 

[17] Jonas Lick et al., “Integrating Domain Expertise and Artificial Intelligence for Effective Supply Chain Management Planning 

Tasks: A Collaborative Approach,” Artificial Intelligence, Social Computing and Wearable Technologies, vol. 113, pp. 115-125, 

2023. [Google Scholar] [Publisher Link] 

[18] Shreekant Mandvikar, “Augmenting Intelligent Document Processing (IDP) Workflows with Contemporary Large Language 

Models (LLMs),” International Journal of Computer Trends and Technology, vol. 71, no. 10, pp. 80-91, 2023. [CrossRef] [Google 

Scholar] [Publisher Link] 

[19] J. Matheus et al., “Revolutionizing Real-time Drilling: Leveraging Large Language Models and Retrieval-augmented Generation 

for Enhanced Operational Efficiency,” Offshore Technology Conference, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[20] Tymoteusz Miller et al., “Leveraging Large Language Models for Enhancing Safety in Maritime Operations,” Applied Sciences, 

vol. 15, no. 3, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[21] Abdul Khaleeq Mohammed et al., “Boosting Decision-making with LLM-powered Prompts in PowerBI,” International Journal of 

Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering, vol. 13, no. 2, 2025. [CrossRef] [Google 

Scholar]  

[22] Karaim Olena, “Application of LLMs for a Chatbot System in the Logistics Industry,” Ukrainian Catholic University, Faculty of 

Applied Sciences, Department of Computer Sciences, 2024. [Google Scholar] [Publisher Link] 

https://doi.org/10.48550/arXiv.2501.15411
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+potential+of+large+language+models+in+supply+chain+management%3A+Advancing+decision-making%2C+efficiency%2C+and+innovation&btnG=
https://arxiv.org/abs/2501.15411
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=IQLS%3A+Framework+for+leveraging+metadata+to+enable+large+language+model-based+queries+to+complex%2C+versatile+data&btnG=
https://www.taylorfrancis.com/chapters/edit/10.1201/9781003514831-56/iqls-framework-leveraging-metadata-enable-large-language-model-based-queries-complex-versatile-data-sami-azirar-hossam-gabbar-chaouki-regoui
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Applying+large+language+models+in+business+processes%3A+A+contribution+to+management+innovation&btnG=
https://www.diva-portal.org/smash/record.jsf?pid=diva2%3A1870479&dswid=-8754
https://doi.org/10.1109/BIBM62325.2024.10822796
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Advanced+methodologies+and+technologies+for+innovative+information+systems&btnG=
https://ieeexplore.ieee.org/abstract/document/10822796
https://doi.org/10.5281/zenodo.13331563
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Leveraging+AI+for+enhanced+efficiency+and+automation+in+business+operations&btnG=
https://d1wqtxts1xzle7.cloudfront.net/117748768/IJCET_15_04_050-libre.pdf?1724751630=&response-content-disposition=inline%3B+filename%3DLEVERAGING_AI_FOR_ENHANCED_EFFICIENCY_AN.pdf&Expires=1748886040&Signature=BAeCciN6Ew7UT7rhhMrfXeEYAyPvp8DhnsNrNCOTeG5tIb~8LfQe13Le9ksSFX~sXHoHY31m10Gf7LUzLBV6DBDyAwawcdex-Yk8bZRlMFO-iDthmRE911ZVCcN2t9v2xvs6MEXVaXTeQCG5nbO5alEBP50QN1jceZ8WqTmFBM3gixDT83vFmO0GAr3a-s1JB~D7p9hIgIJfkQWyPlc9ZzguXGtJnUC~9xSK0klL9nawYwuOC4VdU47J9NybJa-ZW05Y4BNHBBdBP1co8uu6yUEtUQZvdX6YMWcuyFPUrV8SX4T7-4uowc4HUB~z3dTvDnJMAZ-1BoSvHuma6~7Nxg__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://doi.org/10.2118/220798-MS
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Revolutionizing+drilling+operations%3A+Next-gen+LLM-AI+for+real-time+support+in+well+construction+control+rooms&btnG=
https://onepetro.org/SPEATCE/proceedings-abstract/24ATCE/24ATCE/563550
https://doi.org/10.2118/224500-MS
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Breaking+down+silos%3A+LLM%2FAPI+driven+experience+management+tool+for+well+construction&btnG=
https://onepetro.org/SPEGOTS/proceedings-abstract/25GOTS/25GOTS/652767
https://doi.org/10.4018/979-8-3693-4433-0.ch012
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Leveraging+AI+and+ML+for+logistics+excellence%3A+Case+studies+and+success+strategies&btnG=
https://www.igi-global.com/chapter/leveraging-ai-and-ml-for-logistics-excellence/368675
https://dx.doi.org/10.2139/ssrn.5149347
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Large+language+model-enabled+knowledge+exploration+for+automotive+assembly+process+using+ontology&btnG=
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5149347
https://doi.org/10.3390/s25092696
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Enhancing+last-mile+logistics%3A+AI-driven+fleet+optimization%2C+mixed+reality%2C+and+large+language+model+assistants+for+warehouse+operations&btnG=
https://www.mdpi.com/1424-8220/25/9/2696
https://doi.org/10.48550/arXiv.2402.05142
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+foundations+of+computational+management%3A+A+systematic+approach+to+task+automation+for+the+integration+of+artificial+intelligence+into+existing+workflows&btnG=
https://arxiv.org/abs/2402.05142
https://doi.org/10.57062/ijpem-st.2023.0052
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Digitalization+in+production+logistics%3A+How+AI%2C+digital+twins%2C+and+simulation+are+driving+the+shift+from+model-based+to+data-driven+approaches.+&btnG=
https://www.ijpem-st.org/journal/view.php?doi=10.57062/ijpem-st.2023.0052
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Large+language+models+%28LLMs%29&btnG=
https://books.google.co.in/books?hl=en&lr=&id=6rwOEQAAQBAJ&oi=fnd&pg=PA4&dq=Large+language+models+(LLMs)&ots=HlaTVFCDtH&sig=Bx311-qbne9-nJWCi2qVU2Ed23Q&redir_esc=y#v=onepage&q=Large%20language%20models%20(LLMs)&f=false
https://dx.doi.org/10.2139/ssrn.4726933
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Artificial+agents+and+operations+management+decision-making&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Artificial+agents+and+operations+management+decision-making&btnG=
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4726933
https://doi.org/10.1108/JM2-06-2024-0192
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Creating+a+genetic+algorithm+for+third-party+logistics%E2%80%99+warehouse+delivery+scheduling+via+a+large+language+model&btnG=
https://www.emerald.com/insight/content/doi/10.1108/jm2-06-2024-0192/full/html
https://doi.org/10.48550/arXiv.2410.21418
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Large+language+models+for+manufacturing&btnG=
https://arxiv.org/abs/2410.21418
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Integrating+domain+expertise+and+artificial+intelligence+for+effective+supply+chain+management+planning+tasks%3A+A+collaborative+approach&btnG=
https://books.google.co.in/books?hl=en&lr=&id=C4vlEAAAQBAJ&oi=fnd&pg=PA115&dq=Integrating+domain+expertise+and+artificial+intelligence+for+effective+supply+chain+management+planning+tasks:+A+collaborative+approach&ots=i57VOEqB3b&sig=vvub7iKb5iqJ6T9Zf5Z0S_LQYQ0&redir_esc=y#v=onepage&q=Integrating%20domain%20expertise%20and%20artificial%20intelligence%20for%20effective%20supply%20chain%20management%20planning%20tasks%3A%20A%20collaborative%20approach&f=false
https://doi.org/10.14445/22312803/IJCTT-V71I10P110
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Augmenting+intelligent+document+processing+%28IDP%29+workflows+with+contemporary+large+language+models+%28LLMs%29&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Augmenting+intelligent+document+processing+%28IDP%29+workflows+with+contemporary+large+language+models+%28LLMs%29&btnG=
https://www.ijcttjournal.org/archives/ijctt-v71i10p110
https://doi.org/10.4043/35742-MS
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Revolutionizing+real-time+drilling%3A+Leveraging+large+language+models+and+retrieval-augmented+generation+for+enhanced+operational+efficiency&btnG=
https://onepetro.org/OTCONF/proceedings-abstract/25OTC/25OTC/662535
https://doi.org/10.3390/app15031666
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Leveraging+large+language+models+for+enhancing+safety+in+maritime+operations&btnG=
https://www.mdpi.com/2076-3417/15/3/1666
https://doi.org/10.17148/IJIREEICE.2025.13201
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Boosting+decision-making+with+LLM-powered+prompts+in+PowerBI&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Boosting+decision-making+with+LLM-powered+prompts+in+PowerBI&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Application+of+LLMs+for+a+chatbot+system+in+the+logistics+industry&btnG=
https://er.ucu.edu.ua/items/0c7c65b5-4d09-4d70-a9b5-f4ebc3b3ad28


Mukesh Kumar / IJCTT, 73(5), 133-143, 2025 

 

143 

[23] Siriluk Phuengrod, Panita Wannapiroon, and Prachyanun Nilsook, “The Intelligent Collaborative Supply Chain Management with 

Large Language Models,” Journal of Theoretical and Applied Information Technology, vol. 103, no. 5, 2025. [Google Scholar] 

[Publisher Link] 

[24] Yinzhu Quan et al., “Leveraging Large Language Models for Risk Assessment in Hyperconnected Logistic Hub Network 

Deployment,” arXiv preprint arXiv:2503.21115, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[25] Sumaya Abdul Rahman et al., “Leveraging Large Language Models for Supply Chain Management Optimization: A Case Study,” 

Innovative Intelligent Industrial Production and Logistics, pp. 175-197, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[26] Nitin Rane, “Role and Challenges of ChatGPT and Similar Generative Artificial Intelligence in Business Management,” SSRN 

4603227, 2023. [CrossRef] [Google Scholar] [Publisher Link] 

[27] Roman Reznikov, “Enhancing Project Management Success through Artificial Intelligence,” International Journal of 

Multidisciplinary Research and Growth Evaluation, vol. 6, no. 1, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[28] Maryam Shahini et al., “Leveraging Large Language Models for Cost Management and Supply Chain Optimization,” SPE Annual 

Technical Conference and Exhibition, 2024. [CrossRef] [Google Scholar] [Publisher Link] 

[29] Zuber Peermohammed Shaikh, “Supply Chain Processes through Artificial Intelligence and Machine Learning: Application of 

Demand Planning, Reinforcement Learning, and Product Clustering,” Supply Chain Transformation through Generative AI and 

Machine Learning, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[30] Ajay Singh et al., “Application of Generative AI to Derive Insight from Supply Chain & Logistics Contracts,” Abu Dhabi 

International Petroleum Exhibition and Conference, 2024. [CrossRef] [Google Scholar] [Publisher Link] 

[31] Xue Song, Enhancing Human-centric Logistics Decision-making with AI-driven Route Optimization and Predictive Insights, 2025. 

[Google Scholar]  

[32] Jose Tupayachi et al., “Towards Next-generation Urban Decision Support Systems through AI-powered Construction of Scientific 

Ontology using Large Language Models: A Case in Optimizing Intermodal Freight Transportation,” Smart Cities, vol. 7, no. 5, pp. 

2392-2421, 2024. [CrossRef] [Google Scholar] [Publisher Link] 

[33] Amin Ullah et al., “The Role of LLMs in Sustainable Smart Cities: Applications, Challenges, and Future Directions,” arXiv 

preprint arXiv:2402.14596, 2024. [CrossRef] [Google Scholar] [Publisher Link] 

[34] Siyu Wu et al., “Cognitive LLMs: Toward Human-like Artificial Intelligence by Integrating Cognitive Architectures and Large 

Language Models for Manufacturing Decision-making,” Neurosymbolic Artificial Intelligence, 2024. [Google Scholar] [Publisher 

Link] 

[35] Yuchen Xia et al., “Incorporating Large Language Models into Production Systems for Enhanced Task Automation and 

Flexibility,” arXiv preprint arXiv:2407.08550, 2024. [CrossRef] [Google Scholar] [Publisher Link] 

[36] Yimo Yan et al., “Large Language Models for Traffic and Transportation Research: Methodologies, State of the Art, and Future 

Opportunities,” arXiv preprint arXiv:2503.21330, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[37] Hongke Zhao et al., “A Comprehensive Survey of Large Language Models in Management: Applications, Challenges, and 

Opportunities,” SSRN, 2024. [CrossRef] [Google Scholar] [Publisher Link] 

[38] Balagopal Ramdurai, “Large Language Models (LLMs), Retrieval-augmented Generation (RAG) Systems, and Convolutional 

Neural Networks (CNNs) in Application Systems,” International Journal of Marketing and Technology, vol. 15, no. 1, 2025. 

[Google Scholar]  

[39] Balagopal Ramdurai, and Prasanna Adhithya, “The Impact, Advancements and Applications of Generative AI,” International 

Journal of Computer Science and Engineering, vol. 10, no. 6, pp. 1-8, 2023. [Google Scholar]  

 

https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+intelligent+collaborative+supply+chain+management+with+large+language+models&btnG=
https://www.jatit.org/volumes/Vol103No5/20Vol103No5.pdf
https://doi.org/10.48550/arXiv.2503.21115
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Leveraging+large+language+models+for+risk+assessment+in+hyperconnected+logistic+hub+network+deployment&btnG=
https://arxiv.org/abs/2503.21115
https://doi.org/10.1007/978-3-031-80775-6_13
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Leveraging+large+language+models+for+supply+chain+management+optimization%3A+A+case+study&btnG=
https://link.springer.com/chapter/10.1007/978-3-031-80775-6_13
https://dx.doi.org/10.2139/ssrn.4603227
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Role+and+challenges+of+ChatGPT+and+similar+generative+artificial+intelligence+in+business+management&btnG=
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4603227
https://doi.org/10.54660/.IJMRGE.2025.6.1.1036-1046
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Enhancing+project+management+success+through+artificial+intelligence&btnG=
https://www.allmultidisciplinaryjournal.com/uploads/archives/20250124175054_MGE-2025-1-191.1.pdf
https://doi.org/10.2118/221022-MS
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Leveraging+large+language+models+for+cost+management+and+supply+chain+optimization&btnG=
https://onepetro.org/SPEATCE/proceedings-abstract/24ATCE/24ATCE/563785
https://doi.org/10.4018/979-8-3693-4433-0.ch014
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Supply+chain+processes+through+artificial+intelligence+and+machine+learning%3A+Application+of+demand+planning%2C+reinforcement+learning%2C+and+product+clustering&btnG=
https://www.igi-global.com/chapter/supply-chain-processes-through-artificial-intelligence-and-machine-learning/368677
https://doi.org/10.2118/222932-MS
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Application+of+generative+AI+to+derive+insight+from+supply+chain+%26+logistics+contracts&btnG=
https://onepetro.org/SPEADIP/proceedings-abstract/24ADIP/24ADIP/585405
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Enhancing+human-centric+logistics+decision-making+with+AI-driven+route+optimization+and+predictive+insights&btnG=
https://doi.org/10.3390/smartcities7050094
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Towards+next-generation+urban+decision+support+systems+through+AI-powered+construction+of+scientific+ontology+using+large+language+models%3A+A+case+in+optimizing+intermodal+freight+transportation&btnG=
https://www.mdpi.com/2624-6511/7/5/94
https://doi.org/10.48550/arXiv.2402.14596
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+role+of+LLMs+in+sustainable+smart+cities%3A+Applications%2C+challenges%2C+and+future+directions&btnG=
https://arxiv.org/abs/2402.14596
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Cognitive+LLMs%3A+Toward+human-like+artificial+intelligence+by+integrating+cognitive+architectures+and+large+language+models+for+manufacturing+decision-making&btnG=
https://neurosymbolic-ai-journal.com/system/files/nai-paper-791.pdf
https://neurosymbolic-ai-journal.com/system/files/nai-paper-791.pdf
https://doi.org/10.51202/9783181024379
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Incorporating+large+language+models+into+production+systems+for+enhanced+task+automation+and+flexibility&btnG=
https://arxiv.org/abs/2407.08550
https://doi.org/10.48550/arXiv.2503.21330
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Large+language+models+for+traffic+and+transportation+research%3A+Methodologies%2C+state+of+the+art%2C+and+future+opportunities&btnG=
https://arxiv.org/abs/2503.21330
https://dx.doi.org/10.2139/ssrn.4932769
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+comprehensive+survey+of+large+language+models+in+management%3A+Applications%2C+challenges%2C+and+opportunities&btnG=
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4932769
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Large+language+models+%28LLMs%29%2C+retrieval-augmented+generation+%28RAG%29+systems%2C+and+convolutional+neural+networks+%28CNNs%29+in+application+systems&btnG=
https://scholar.google.com/scholar?q=The+impact,+advancements+and+applications+of+generative+AI&hl=en&as_sdt=0,5

