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Purpose: Road logistics practitioners operate in a complex regulatory environment where 13 

compliance information is dispersed across numerous legal documents, making the 14 

identification and interpretation of relevant regulations time-consuming and challenging.  15 

This study evaluates an AI-based legal question-answering (QA) system that supports 16 

regulatory compliance through retrieval-augmented generation (RAG). The objective is to 17 

assess whether a lightweight retrieval-grounded approach can provide accurate, traceable,  18 

and operationally useful answers without requiring domain-specific model fine-tuning. 19 

Design/methodology/approach: The study adopts a design science and experimental 20 

evaluation approach. A domain-specific RAG architecture was developed using a corpus of 21 

Polish and European road transport regulations comprising approximately 2365 pages of legal 22 

documentation. A dataset of 50 practitioner-oriented legal questions with verified answers and 23 

article-level references was constructed for evaluation. The system combines semantic retrieval 24 

using vector embeddings and FAISS indexing with large language model-based answer 25 

generation. Performance was assessed through retrieval accuracy, answer correctness, citation 26 

grounding, and human-in-the-loop prompt refinement experiments. 27 

Findings: The results demonstrate that retrieval-grounded legal QA can effectively support 28 

compliance-related information retrieval in road logistics. Under one-shot conditions,  29 

the system achieved 59% answer accuracy and 26.3% fully grounded responses. With limited 30 

user interaction and prompt refinement, answer accuracy increased to 82% and fully grounded 31 

responses to 41%. Many failures were caused by query ambiguity rather than missing 32 

knowledge. The findings indicate that retrieval-grounded AI can provide transparent, 33 

document-linked responses suitable for operational decision support. 34 

Research limitations/implications: The study is based on a pilot dataset of 50 questions and 35 

focuses on Polish and EU road transport regulations. Future research should investigate larger 36 

datasets, multilingual retrieval, and user-centered evaluations examining trust, usability,  37 

and adoption. 38 
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Practical implications: The proposed system can assist logistics managers, dispatchers, 1 

compliance officers, and transport operators in locating and interpreting legal requirements 2 

more efficiently. Citation-grounded answers improve transparency and support faster 3 

regulatory decision-making. 4 

Originality/value: This study introduces one of the first retrieval-augmented legal QA systems 5 

specifically designed for road logistics compliance. It contributes a domain-specific Polish road 6 

transport QA dataset, a practical RAG-based compliance architecture, and empirical evidence 7 

on the feasibility of retrieval-grounded AI for operational regulatory support. 8 

Keywords: Artificial intelligence; Road transport regulations; Road transport management, 9 

Retrieval-augmented generation; Compliance support. 10 

Category of the paper: Research paper. 11 

1. Introduction 12 

Logistics plays a central role in supply chain management by creating place utility and 13 

ensuring that raw materials and finished goods move efficiently from suppliers to customers 14 

across regions and borders. It encompasses interconnected activities such as transportation, 15 

warehousing, inventory management, packaging, and information processing, with transport 16 

via road, rail, air, waterways, pipelines, and multimodal networks forming the backbone of most 17 

operations (Islam et al., 2013).  18 

In the European Union, road freight transport remains the dominant mode, accounting for 19 

nearly 1.9 trillion tonne-kilometres annually and supporting the majority of domestic and cross-20 

border trade flows (Eurostat, 2025). Given this scale, road logistics is critical to modern supply 21 

chains but is also highly exposed to regulatory, operational, and safety challenges. Similar 22 

issues are observed globally; for instance, the Australian road transport sector is characterized 23 

by fragmented supply chains, strong cost pressures, and poor safety outcomes, highlighting how 24 

complex subcontracting structures can undermine working conditions and complicate effective 25 

regulation (Rawling et al., 2017). 26 

Harmonizing regulations across the supply chain is fundamental to building an efficient and 27 

sustainable national logistics system. Effective integration requires coordinated action among 28 

government, industry, and society to ensure consistent policies and aligned operations (Akbar 29 

et al., 2025). Within this environment, understanding legal and regulatory requirements 30 

becomes a core operational capability rather than a peripheral administrative task. Empirical 31 

evidence shows that compliance with road safety and transport laws enhances supply chain 32 

reliability, responsiveness, and agility by reducing accidents, disruptions, and delivery delays 33 

(Adu et al., 2023).  34 

More broadly, transport logistics has been characterized as both an economic and legal 35 

institution, where freight flows are governed through contracts, regulatory standards,  36 

and formal legal frameworks. When these legal structures are weak or unclear, inefficiencies, 37 
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disputes, and coordination problems emerge, undermining system performance and 1 

sustainability (Filippova, Voronina, 2021). At the same time, many regulatory practices rely 2 

heavily on tacit, experience-based knowledge that is difficult to formalize, leading scholars to 3 

recommend expert involvement to complement technical analyses and ensure practical 4 

relevance (Glistau et al., 2024). 5 

However, legal document understanding itself is challenging due to the growing volume, 6 

length, and linguistic complexity of legal texts. Regulations, contracts, and policies often 7 

contain specialized terminology and formal structures that require expert interpretation, making 8 

manual analysis time-consuming even for professionals. For logistics practitioners who must 9 

make rapid operational decisions, this complexity creates substantial cognitive and practical 10 

burdens. Consequently, automated approaches such as summarization, retrieval, and QA are 11 

increasingly necessary to support efficient and reliable decision-making (Quevedo, 2023). 12 

Recent advances in artificial intelligence (AI), particularly large language models (LLMs), 13 

offer promising opportunities to address these limitations. Nevertheless, evidence suggests that 14 

general-purpose LLMs alone remain insufficient for legal question answering (QA), as they 15 

often generate overly generic responses, lack logical specificity, and may hallucinate 16 

information, potentially exposing users to legal and financial risks. Retrieval-augmented 17 

generation (RAG) approaches have therefore emerged to ground LLM outputs in relevant legal 18 

documents and cases, improving factual accuracy and reducing hallucinations (Yao et al., 19 

2025). RAG is an AI framework that improves LLM outputs by retrieving relevant information 20 

from external knowledge sources to ground responses in accurate, up-to-date, and verifiable 21 

facts (Martineau, 2023). 22 

Recent legal QA research demonstrates rapid progress in retrieval-augmented and LLM-23 

based assistance across multiple jurisdictions and legal domains but also reveals recurring 24 

limitations. Several studies introduce domain and language-specific datasets and benchmarks, 25 

such as criminal-law QA in India with practitioner-informed evaluation (Nigam et al., 2023), 26 

and Thai legal QA benchmarks focusing on financial and tax law while systematically 27 

comparing RAG pipelines and long-context alternatives (Akarajaradwong et al., 2025a, 2025b).  28 

In China, LeDQA provides long case-document QA with a professional question schema 29 

and sentence-level relevance annotations (Liu et al., 2024). Other work targets longer, 30 

explanatory answers and interpretability, proposing reasoning-first generation and semi-31 

synthetic long-form QA datasets (Ujwal et al., 2024), and showing that improving legal QA 32 

often requires more than semantic matching by integrating logical structures with retrieval and 33 

generation (Yao et al., 2025). Complementary Polish-language studies examine complex multi-34 

step reasoning datasets (Wojtasik et al., 2025), retrieval from lay statements to statutory 35 

provisions and the effects of fine-tuning retrieval models (Smywiński-Pohl et al., 2025),  36 

and explainable clause retrieval over a civil-code knowledge base (Matak, Chudziak, 2025).  37 
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Finally, systematic evidence from broader Legal NLP literature emphasizes that legal QA, 1 

summarization, and retrieval remain data and evaluation-constrained, and that curated datasets 2 

and robust grounding are central bottlenecks (Quevedo et al., 2023). 3 

However, despite these advances, none of the existing systems specifically address the 4 

operational needs of road logistics compliance. Therefore, across these studies, three gaps are 5 

especially relevant for road logistics. First, most benchmarks focus on general legal domains 6 

(civil/criminal/tax, procurement, case law) rather than operational transport compliance, where 7 

users need fast, actionable answers linked to specific regulations (Nigam et al., 2023; 8 

Akarajaradwong et al., 2025a, 2025b; Liu et al., 2024; Karp et al., 2025).  9 

Second, many evaluations remain offline and benchmark-driven (e.g., exam-style multiple 10 

choice or synthetic QA), and results repeatedly highlight persistent issues with hallucinations, 11 

incorrect citations, and brittle reasoning, especially for longer or judgment-style outputs, 12 

suggesting that system usefulness must be assessed in more assistive, user-facing settings (Karp 13 

et al., 2025; Ujwal et al., 2024; Yao et al., 2025).  14 

Third, legal RAG performance is highly dependent on the availability of task-appropriate 15 

QA data; however, transport-specific datasets remain largely absent, particularly for road 16 

transport regulations and practitioner-oriented questions reflecting dispatcher or 17 

logisticsmanager decision contexts (Quevedo et al., 2023; Smywiński-Pohl et al., 2025).  18 

Moreover, legal QA is inherently complex and data-intensive, while existing benchmark 19 

datasets are predominantly large, expert-annotated collections developed in English or Asian 20 

languages and focused on domains such as judicial decisions, contracts, or privacy law rather 21 

than operational transport regulations, creating a clear gap for Polish road-logistics compliance 22 

applications (Abdallah et al., 2023). 23 

Leveraging these insights and addressing the identified gaps, we focus on road-transport 24 

compliance as an under-served but operationally critical setting for legal QA. We develop and 25 

evaluate a domain-specific, Polish-language, retrieval-grounded QA system that supports 26 

practitioners in locating and interpreting relevant provisions with transparent evidence links. 27 

To enable an evaluation aligned with realistic logistics decision-making, we curate a focused 28 

dataset of 50 road-transport legal questions and answers reflecting practitioner-style queries. 29 

Accordingly, we address the following research questions: 30 

RQ1. How can AI-based legal question answering be developed for Polish-language 31 

logistics and transport regulations, where no domain-specific systems currently 32 

exist? 33 

RQ2. How accurately does the proposed RAG system retrieve the relevant legal basis and 34 

generate citation-grounded answers on a curated set of Polish road-transport 35 

compliance questions? 36 

Beyond addressing the research questions, this study contributes to the emerging 37 

intersection of logistics and legal AI by positioning legal QA within an operational compliance 38 

context rather than another legal QA benchmark. Specifically, we introduce a domain-specific 39 
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Polish road-transport QA dataset composed of practitioner-style, citation-grounded questions 1 

reflecting real logistics decision scenarios. Moreover, The originality of this study lies in its 2 

focus on road logistics compliance, a domain largely overlooked in existing legal QA research. 3 

Our results provide empirical evidence that a lightweight retrieval-augmented architecture 4 

can support regulatory QA without domain-specific fine-tuning or large annotated corpora. 5 

Hence, the study reframes legal QA as an assistive decision-support tool for dispatchers and 6 

logistics managers and provides empirical insights into how linguistic specificity and 7 

jurisdictional cues influence retrieval behavior in multi-layered regulatory environments. 8 

Moreover, our results show that failures arise primarily from query formulation ambiguity 9 

rather than retrieval absence, indicating that interactive clarification is a structural requirement 10 

of regulatory QA systems.  11 

The originality of the study lies in (1) developing a domain-specific RAG-based legal QA 12 

system for road logistics regulations, (2) constructing a practitioner-oriented Polish road 13 

transport QA dataset with verified legal references, and (3) empirically evaluating retrieval 14 

accuracy, answer correctness, and citation grounding in a real compliance-support setting.  15 

By positioning legal QA as an operational decision-support tool rather than solely a benchmark 16 

task, the study extends current research on legal AI and logistics compliance. 17 

The rest of the paper is organized as follows: The Literature Reviews section presents 18 

related work on regulatory complexity in road logistics and retrieval-augmented legal QA.  19 

The Methodology and Experimental Setup section presents the methodology and experimental 20 

setup, including dataset construction, the RAG system architecture, and the evaluation 21 

framework and results. The Discussion section discusses the findings, and the Conclusion 22 

section concludes the paper. Finally, the Future Direction section outlines directions for future 23 

work. 24 

2. Literature Review 25 

Logistics and road transport operations increasingly function at the intersection of 26 

operational efficiency, regulatory compliance, and digital transformation. As supply chains 27 

become more global and interconnected, firms must simultaneously manage complex transport 28 

processes, evolve legal requirements, and adopt new digital technologies.  29 

These developments have elevated regulatory knowledge and information management 30 

from peripheral administrative tasks to core operational capabilities. At the same time, advances 31 

in AI and data-driven systems are reshaping how logistics decisions are supported and executed. 32 

Against this backdrop, existing research spans three interrelated streams: regulatory and legal 33 

complexity in logistics practice, AI and retrieval-based approaches for legal QA,  34 

and technology acceptance factors influencing the adoption of digital decision-support tools. 35 
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Reviewing these streams together provides the foundation for understanding why intelligent, 1 

assistive systems are increasingly necessary to support compliance and decision-making in road 2 

logistics. 3 

2.1. Regulatory Complexity and Decision-Making Challenges in Road Logistics 4 

Globalization and increasingly complex supply chains have made logistics and customs 5 

management central to the efficiency and compliance of international transport operations. 6 

While digital technologies such as automation, blockchain, and AI improve operational 7 

performance, their integration poses new challenges in meeting evolving regulatory and 8 

standardization requirements (Orłowska, Chackiewicz, 2024). 9 

Social legislation in road transport seeks to protect drivers’ working conditions and improve 10 

safety, yet EU and AETR rules are often perceived as complex and difficult to interpret. 11 

Compared with other countries, these regulatory burdens can hinder compliance and may even 12 

negatively affect road safety, highlighting the need for clearer and more supportive decision 13 

tools (Poliak et al., 2018). 14 

Moreover, road logistics operates within a complex, multi-layered regulatory environment 15 

where compliance is not optional but foundational to effective operations. Evidence shows that 16 

companies cannot function efficiently without being aware of and integrating legal, 17 

governmental, and transport regulations into daily practices. Transportation and logistics laws 18 

directly shape supply chain performance, costs, and reliability, making regulatory knowledge  19 

a core operational competence rather than a peripheral requirement (Mutangili, 2019).  20 

Similarly, previous research emphasize that legal transport operations are also governed by 21 

formal documentation requirements and evidentiary rules defined under national law and 22 

international conventions such as Convention on the Contract for the International Carriage of 23 

Goods by Road (CMR) and Uniform Rules Concerning the Contract of International Carriage 24 

of Goods by Rail (CIM) (Garnowski, 2017). 25 

Beyond structural complexity, compliance challenges translate into tangible operational 26 

risks. Legal misunderstandings may lead to inspections, fines, shipment delays, and contractual 27 

liabilities. Sector-specific legal frameworks, such as national commercial goods transport law, 28 

further demonstrate the formal and codified legal structures governing freight, forwarding,  29 

and warehousing activities under domestic and international provisions (Walther, 2008). 30 

It should also be noted that both EU and Polish regulations do not provide for uniform legal 31 

regulations covering all modes of transport. In the case of Polish legal regulations, the most 32 

general regulations concerning the transport of persons and goods are contained in the Civil 33 

Code. The provisions of the Civil Code in this regard (Odzimek, 2023). Consequently, day-to-34 

day logistics decision-making frequently depends not on formal legal analysis but on tacit, 35 

experience-based knowledge accumulated by dispatchers and managers. 36 

  37 
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In addition, educational perspectives emphasize that legal literacy is a necessary 1 

competence for logistics professionals, as daily activities rely heavily on contracts, liability 2 

rules, and international regulations such as CMR and INCOTERMS (Odzimek, 2023). 3 

However, in practice, operators often work under time pressure and rely on experience-based 4 

judgments rather than systematic consultation of legal texts, which may increase the risk of 5 

non-compliance. 6 

Recent developments in digital technologies suggest potential solutions to operational 7 

complexity in logistics. Bibliometric evidence indicates growing interest in the use of AI for 8 

decision-making support, process automation, and data-driven optimization in supply chains 9 

(Marchewka, Cierzniewska, 2025).  10 

Leveraging these developments, AI-based tools may also assist practitioners in navigating 11 

complex regulatory information by improving retrieval, interpretation, and transparency of 12 

legal knowledge. Additionally, the literature suggests that regulatory complexity, operational 13 

risk, and tacit knowledge gaps collectively justify the development of AI-assisted legal QA 14 

systems tailored specifically to logistics practice. 15 

2.2. Retrieval-Augmented Generation for Legal Question Answering 16 

AI is increasingly reshaping legal practice, with natural language processing (NLP) and 17 

LLMs supporting tasks such as legal document analysis, contract review, case prediction, legal 18 

research, and regulatory compliance. Recent studies report rapid growth in both the number and 19 

sophistication of these applications, highlighting the expanding role of AI as a practical 20 

decision-support tool for legal professionals (Siino et al., 2025). Despite enabling powerful QA 21 

capabilities, recent LLMs remain prone to hallucinations and factual errors (Zhai, 2025).  22 

Fine-tuning a language model on legal corpora can improve stylistic alignment but does not 23 

guarantee up-to-date knowledge and requires costly retraining whenever regulations change. 24 

Moreover, fine-tuned models internalize knowledge parametrically, making source attribution 25 

and traceability difficult, which is an important limitation in compliance and sensitive contexts. 26 

To address these limitations, Lewis et al. (2020) introduced RAG, which combines language 27 

models with document retrieval to ground responses in external knowledge sources, thereby 28 

improving factual accuracy and transparency. RAG extends LLMs by combining text 29 

generation with external information retrieval. Instead of relying only on knowledge learned 30 

during training, the system retrieves relevant document fragments from a document database 31 

and incorporates them into the prompt used for answer generation. This process grounds 32 

responses in verifiable sources, improving factual accuracy, and reducing hallucinations.  33 

By separating knowledge retrieval from language modeling, RAG thus enables domain 34 

adaptation without requiring model fine-tuning or large annotated datasets (Hindi et al., 2025). 35 

These properties make RAG particularly well-suited for evolving legal and regulatory 36 

environments where precision, traceability, and adaptability are critical. 37 
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Legal QA ranges from simple binary or multiple-choice tasks to long-form explanatory 1 

responses and is commonly implemented as a two-stage pipeline that integrates semantic 2 

retrieval with LLM-based answer generation (Redelaar et al., 2024). 3 

Building on this paradigm, recent studies have applied RAG-based legal QA across several 4 

national contexts. For instance, Matak and Chudziak (2025) develop a system based on the 5 

Polish Civil Code, contributing valuable evidence for non-English legal settings. Their work 6 

examines how chunking strategies influence retrieval efficiency and downstream performance. 7 

However, evaluation relies on an exam-style multiple-choice format in which the model selects 8 

among predefined answers, making it unclear whether the setup truly measures retrieval quality. 9 

As a result, answer selection may be conflated with genuine retrieval effectiveness. 10 

Wiratunga et al. (2024) introduce a case-based reasoning approach for RAG using  11 

an Australian law QA dataset and relies on BERT-based models that are explicitly trained for 12 

retrieval and similarity matching. While methodologically sound, it shares a similar limitation 13 

with the first work: neither paper evaluates whether the retrieved information is actually useful 14 

in a human-in-the-loop setting. In particular, there is no assessment of how retrieval supports  15 

a user’s learning or reasoning process, with the AI acting as an assistant rather than a standalone 16 

answer generator. 17 

Prior work on Thai legal QA has largely focused on statutory domains such as financial law 18 

and tax law. These studies construct datasets and benchmarks exclusively from Thai legal 19 

documents, without incorporating English or other languages. The resulting QA datasets are 20 

verified against authoritative legal references to ensure factual correctness. However, these 21 

systems are evaluated primarily through offline benchmarking and automated metrics. They are 22 

not deployed or assessed in real-world usage scenarios, and no human users are involved in 23 

evaluating system performance in practice. Moreover, the systems are not designed or studied 24 

as tools for user learning, such as supporting legal education or practitioner knowledge 25 

acquisition, but rather as static benchmarks for model comparison (Akarajaradwong et al., 26 

2025a, 2025b). 27 

In the Indian legal domain, existing work has focused mainly on criminal law and Supreme 28 

Court judgments. These studies construct a primary dataset along with a smaller test set to 29 

evaluate QA over judicial texts. While QA pairs are provided, the datasets generally lack 30 

explicit citation grounding or reference validation, which limits their applicability in learning-31 

oriented or trust-critical settings. Evaluation is conducted without involving human users 32 

interacting with the system in realistic legal scenarios. Additionally, these systems are not 33 

framed or evaluated as learning tools for users, such as law students or legal professionals,  34 

and remain monolingual with no multilingual evaluation (Nigam et al., 2023). 35 

  36 
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For Chinese civil law, recent efforts introduce QA datasets derived from legal case 1 

documents with limited human supervision. In this setting, large language models are used to 2 

annotate data under human oversight, but the task formulation is restricted to binary or ternary 3 

decision-making (e.g., “yes” versus “no or unknown”). As a result, these systems do not support 4 

open-ended answer generation or explanatory responses that would facilitate user learning. 5 

Evaluation focuses on annotation quality rather than on human interaction in real legal usage 6 

scenarios. Similar to the Thai and Indian datasets, the systems are monolingual, exclude 7 

English, and are not evaluated as educational or decision-support tools for end users (Liu et al., 8 

2024). 9 

Text embeddings convert raw text into numerical vector representations that allow machine 10 

learning systems to compute semantic similarity and carry out the relevant document retrieval 11 

in RAG. Earlier approaches such as TF-IDF rely on sparse frequency-based representations, 12 

while static embeddings like GloVe capture global word co-occurrence patterns (Pennington  13 

et al., 2014). More recent transformer-based models, including BERT, produce contextual 14 

embeddings that encode meaning based on surrounding text, enabling richer semantic 15 

understanding (Devlin, 2019; Muchori, Maina, 2025). To compare these embeddings, we use 16 

cosine similarity, which measures semantic relatedness by computing the angle between vectors 17 

and is widely adopted for retrieval and ranking tasks in embedding-based NLP systems (de Vos 18 

et al., 2021). 19 

Taken together, the reviewed literature highlights that many legal QA systems are primarily 20 

evaluated using benchmark-style metrics, while comparatively little attention is given to how 21 

retrieved information supports practical reasoning and decision-making in applied contexts.  22 

In operational domains such as logistics compliance, however, the usefulness of AI systems 23 

depends not only on answer accuracy but also on the transparency and traceability of the 24 

supporting legal sources. 25 

Accordingly, the architecture adopted in this study emphasizes practical interpretability in 26 

addition to technical retrieval performance. Rather than focusing solely on automated QA 27 

accuracy, the system is designed to expose the retrieval process and supporting evidence. 28 

Through a user-facing interface, practitioners can inspect the source document, page reference, 29 

and exact text segment used during answer generation. This design enables users to verify 30 

factual accuracy, assess relevance, and consult the broader legal context when necessary.  31 

In this way, the proposed RAG framework is positioned as an assistive decision-support tool 32 

that complements human interpretation rather than functioning as a fully automated black-box 33 

answer generator. 34 

  35 
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3. Methods 1 

Prior research on legal QA often depends on large, annotated datasets and task-specific fine-2 

tuning. In specialized operational domains such as road logistics, comparable QA datasets are 3 

scarce and building them at scale would require extensive manual effort. To address this 4 

constraint, we adopt a lightweight strategy based on a general RAG pipeline combined with 5 

targeted prompt engineering. The system grounds answers in a curated corpus of Polish and  6 

EU road-transport legal documents by retrieving relevant passages at query time and generating 7 

citation-linked responses, avoiding the need for training a domain-specific model on thousands 8 

of labeled question-answer pair examples. 9 

We evaluate the feasibility of this approach using an offline test set of 50 Polish practitioner-10 

style questions with verified answers and article-level references. Evaluation focuses on  11 

(i) retrieval success (whether the system retrieves the correct legal basis), (ii) answer correctness 12 

relative to the reference answers, and (iii) citation grounding quality (whether cited passages 13 

support the generated answer). This design enables a reproducible assessment of a domain-14 

specific legal QA system in road logistics without relying on large-scale annotated corpora or 15 

user studies in the conference version. 16 

3.1. Dataset Construction and Data Preparation 17 

Despite rapid progress in legal QA, there is currently no domain-specific dataset or 18 

evaluation framework targeting Polish road transport compliance. Developing such a dataset at 19 

scale would require substantial expert involvement to formulate practitioner-style questions, 20 

verify legally correct answers, and annotate precise citation spans. This creates a significant 21 

practical barrier to deploying AI-based compliance tools in logistics practice. 22 

More broadly, recently developed open-domain question answering (OpenQA) systems 23 

typically depend on large-scale annotated datasets to achieve state-of-the-art performance. 24 

However, producing these resources is labor-intensive and costly, as it requires expert 25 

validation, span-level annotation, and citation grounding. As a result, high-quality legal QA 26 

benchmarks are available only for a limited number of languages, primarily English and 27 

Chinese (Rybak et al., 2024). 28 

As summarized in Table 1, most widely used legal QA benchmarks focus on general legal 29 

domains such as case law, contract review, mergers and acquisitions, privacy policies,  30 

or national judicial examinations. These large datasets are predominantly in English or Chinese 31 

and are designed for broad legal reasoning tasks rather than sector-specific operational contexts. 32 

  33 
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Table 1.  1 
Benchmark Legal Question Answering Datasets 2 

Dataset  Legal Domain Size Language Authors 

CaseHOLD U.S. case law (holding 

identification from 

citations) 

53,000+ multiple-choice 

questions 

English (Zheng et al., 2021) 

COLIEE 2024 

- Task 1 and 

Task 2 

Federal Court of Canada 

case law 

5000+ English COLIEE 2024 

CUAD  Contract review / clause 

extraction 

13,000 English (Hendrycks et al., 

2021) 

MAUD Merger Agreement 

Understanding 

over 39,000 examples and 

over 47,000 total 

annotations 

English (Wang et al., 2023) 

JEC-QA National Judicial 

Examination of China 

26,365 multiple-choice 

questions 

Chinese (Zhong et al, 2020) 

PolicyQA privacy practices 25,017 reading 

comprehension style 

examples and 714 human-

annotated questions 

English (Ahmad et al., 2020) 

CJRC Chinese judicial reading 

comprehension 

50,000 questions with 

answers 

Chinese (Duan et al., 2019) 

PolQA Criminal & civil court 

judgments; tax 

interpretations; 

administrative decisions 

7,000 questions, 87,525 

manually labeled evidence 

passages 

Polish (Rybak et al., 2024) 

Source: Own materilas. 3 

Even recent retrieval-focused benchmarks such as LegalBench-RAG (Pipitone, Alami, 4 

2024) evaluate retrieval performance across diverse legal corpora but do not target transport-5 

specific regulations or compliance-oriented practitioner questions. Similarly, the Polish PolQA 6 

dataset (Rybak et al., 2024) provides an important contribution for Polish-language QA; 7 

however, it covers criminal and civil court judgments rather than operational road-transport 8 

regulations. 9 

Importantly, none of these benchmarks are tailored to the domain of road transport 10 

compliance, where practitioners require fast, actionable, and citation-grounded answers linked 11 

to specific EU and national transport regulations (e.g., AETR, Regulation 561/2006, CMR, 12 

ADR). Developing a large-scale, fully annotated QA dataset for this specialized domain in 13 

Polish would require substantial expert effort to formulate realistic practitioner-style questions, 14 

verify answers, and annotate precise legal references. Given the dispersed and frequently 15 

updated nature of transport regulations, maintaining such a dataset would further increase the 16 

resource burden. 17 

In order to evaluate our proposed approach, we constructed a domain-specific dataset  18 

of 50 Polish legal QA pairs covering core road-transport compliance topics (e.g., driving and 19 

rest times, cabotage, carrier liability, dangerous goods, and customs transit).  20 

  21 
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Table 2.  1 
Overview of the legal Q&A dataset fields with illustrative examples 2 

Question / 

English 

Answer / 

English 

Question / 

Polish 

Answer / 

Polish 

Document Cite Page 

What are the 

objectives of 

the legal 

regulations 

in the 

AETR? 

The 

objective 

of the 

regulations 

included in 

the AETR 

is to 

improve 

road safety 

and 

drivers' 

working 

conditions. 

Jakie są cele 

regulacji 

prawnych w 

AETR? 

Odpowiedź: 

Celem 

regulacji 

ujętych w 

AETR jest 

poprawa 

bezpieczeństwa 

ruchu 

drogowego i 

warunków 

pracy 

kierowców. 

European 

Agreement 

concerning 

the work of 

crews of 

vehicles 

engaged in 

international 

road 

transport 

(AETR). 

Preamble 

BEING 

DESIROUS of 

promoting the 

development and 

improvement of the 

international 

transport of 

passengers and 

goods by road, 

CONVINCED OF 

the need to increase 

the safety of road 

traffic, to make 

regulations 

governing certain 

conditions of 

employment in 

international road 

transport in 

accordance with the 

principles of the 

International 

Labour 

Organization, and 

joined to adopt 

certain measures to 

ensure the 

observance of those 

regulations, HAVE 

AGREED 

Page: 

No L 

95/ 1 

Source: Own materilas. 3 

The questions were developed based on a carefully selected set of 14 Polish and EU legal 4 

instruments governing road transport operations. The underlying corpus comprises legal 5 

materials in both English and Polish and covers key regulatory domains relevant to logistics 6 

and transport, including ADR requirements, the CMR Convention, customs procedures under 7 

the A.T.A. Carnet, and the TIR Convention.  8 

In total, the corpus contains approximately 1,432,435 tokens across 2,365 pages of legal 9 

documentation. The questions were designed in a practitioner-oriented, compliance-focused 10 

format to reflect realistic operational scenarios. All documents correspond to currently 11 

applicable legislation, ensuring contemporary relevance for legal and logistics decision support. 12 

Table 2 presents a sample entry illustrating the dataset structure. Each record includes  13 

(i) the question in Polish with an English translation, (ii) a verified answer, (iii) the governing 14 

legal instrument (e.g., Regulation (EC) 561/2006, CMR, ADR), (iv) the relevant article or 15 

section, (v) page reference, and (vi) an exact supporting quotation serving as the gold-standard 16 

citation. The dataset is grounded directly in official EU conventions, regulations, and Polish 17 
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transport law, enabling citation-based retrieval, explainable responses, and human-in-the-loop 1 

validation. The dataset will be made publicly available upon acceptance. 2 

3.2. Retrieval-Augmented Generation System Architecture 3 

The corpus was processed through a standardized ingestion pipeline within a RAG 4 

architecture (Figure 1). Our approach adopts a practical RAG stack designed for assistive use 5 

in real operational settings. We employ Faiss (Douze et al., 2025) as the vector database for fast 6 

document retrieval, OpenAI’s text-embedding-3-small model to generate text embeddings,  7 

and the gpt-4o-mini model as the language model, with document ranking based on cosine 8 

similarity. Faiss is an open-source library for efficient similarity search over large collections 9 

of dense vectors, enabling fast approximate nearest-neighbor retrieval of relevant documents at 10 

scale (Douze et al., 2025).  11 

The legal documents were loaded from the project directory in heterogeneous formats 12 

(including PDF, DOCX, TXT, and spreadsheet files) and converted into a unified representation 13 

as LangChain Document objects. Documents were segmented using a recursive character-based 14 

chunking strategy with a maximum chunk length of 800 characters and a 10% overlap  15 

(80 characters) to preserve semantic continuity across chunk boundaries. Although Figure 1 16 

illustrates the retrieval pipeline using PDF documents for simplicity, the actual corpus included 17 

PDF, DOCX, TXT, and spreadsheet files that were converted into a unified document 18 

representation prior to indexing. 19 

Each chunk was assigned a stable identifier derived from document name, page number, 20 

and chunk index, enabling deduplication and incremental index updates. This process yielded 21 

approximately 8,000 text chunks across the corpus. Each chunk was embedded using OpenAI’s 22 

text-embedding-3-small model (OpenAI, 2024a), producing 1536-dimensional dense vector 23 

representations. Embeddings were indexed in a Faiss vector store (IndexFlatL2) configured for 24 

exact nearest-neighbor search. Retrieval was conducted using cosine similarity, with the top-k 25 

most similar chunks returned per query (k = 5 in reported experiments).  26 

While the system also supports alternative retrieval configurations, such as similarity score 27 

thresholding (threshold = 0.8) and maximum marginal relevance, these were not employed 28 

unless explicitly stated. The retrieved passages were supplied to the gpt-4o-mini language 29 

model (OpenAI, 2024b) for response generation, ensuring outputs were grounded in 30 

semantically relevant source material. 31 

This design emphasizes deterministic retrieval behavior, reproducible indexing across 32 

heterogeneous legal sources, and robust semantic matching suitable for real-world regulatory 33 

assistance workflows. 34 
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 1 

Figure 1. Proposed RAG-Based Legal Question Answering Architecture. 2 

Source: Own materilas. 3 

3.3. Evaluation Framework 4 

Figure 2 illustrates the user interface of our proposed RAG system in its Polish-language 5 

configuration. The interface is designed to support transparent and interpretable legal 6 

information retrieval, with particular emphasis on document traceability and evidence-7 

grounded response generation. Rather than functioning as a black-box QA system, the interface 8 

enables users to observe how retrieved legal sources contribute to the final response, thereby 9 

supporting verification and informed decision-making. 10 

The interface is organized into three main functional areas. The left sidebar, labelled in the 11 

RAG Menu, serves as the configuration panel through which users can control both retrieval 12 

and generation parameters. Within this panel, practitioners can select the retrieval strategy  13 

(e.g., similarity-based search), adjust the number of retrieved document chunks (Top-k), choose 14 

the embedding model used for semantic indexing, and specify the language model responsible 15 

for answer generation. Additional controls allow management of the document database and 16 

optional chat history functionality. These configurable parameters enable users to adjust 17 

retrieval of sensitivity and model behavior, improving controllability, and facilitating 18 

reproducible experimentation across different query settings. 19 

The central panel presents the generated response produced by the language model. 20 

Answers are generated conditionally on the retrieved document fragments and displayed in 21 

Polish, reflecting the system’s intended use in operational legal contexts. This area functions as 22 

the primary interaction space, where users submit queries and receive synthesized legal 23 

explanations grounded in retrieved regulatory content. 24 

The right sidebar, referred to as the Context Menu, provides the transparency layer of the 25 

system and plays a central role in interpretability. It displays the source document from which 26 

supporting evidence was retrieved, including the document title, the exact page location,  27 

and a rendered preview of the original legislative PDF. The specific text passage used during 28 

generation is highlighted within the document view, allowing users to directly verify the legal 29 

basis of the response. By exposing both retrieval context and supporting evidence, the interface 30 

enables traceable reasoning and supports trust in AI-assisted legal information retrieval. 31 
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 1 

Figure 2. RAG User Interface for Legal Answer Generation and Document Traceability. 2 

Source: Own materilas. 3 

4. Results 4 

This section presents the evaluation results of the proposed RAG-based legal question-5 

answering system. Performance is reported for both one-shot and interactive settings and is 6 

assessed using answer correctness, document retrieval accuracy, page-level localization,  7 

and citation grounding. The results are presented separately for English and Polish questions 8 

and are summarized through quantitative performance metrics. 9 

4.1. Evaluation Design 10 

System performance was evaluated through a structured manual assessment designed to 11 

capture different stages of RAG, including answer correctness, document retrieval, and citation 12 

grounding. Each system response was annotated using a three-level category scheme.  13 

The category “0” indicates that the generated answer or retrieved legal source was incorrect or 14 

irrelevant to the query.  15 

The category “1” denotes a correct result obtained directly from the original query without 16 

any modification. The category “2” represents cases in which a correct answer or supporting 17 

legal evidence was obtained only after minor prompt refinement, such as clarifying 18 

jurisdictional scope or explicitly referencing a regulation. This distinction enables the 19 

evaluation to separate fully automatic system performance from results achievable through 20 

realistic user interaction, reflecting the intended assistive use of the RAG system.  21 

  22 
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4.2. Performance Analysis 1 

To assess system behavior under both fully automatic and interactive settings,  2 

two complementary experiments were conducted. Experiment 1 evaluates one-shot RAG 3 

performance, in which queries were submitted without any prompt modification or iterative 4 

interaction on the whole dataset. The results are summarized in Table 3. The “Cases” column 5 

reports the number of evaluated QA instances for each dataset condition.  6 

The Answer metric measures the proportion of responses categorized as “1”, representing 7 

correct answers produced directly from the original query. Retrieval performance is evaluated 8 

separately using the “Document” metric, which measures whether the legally relevant source 9 

document was retrieved, and the “Page” metric, which assesses whether the relevant evidence 10 

was localized at the correct page level. Finally, “Grounded” represents the strictest evaluation 11 

criterion, counting only cases in which the answer was correct and supported by both the correct 12 

document and page, indicating fully verifiable responses. 13 

Table 3. 14 
One-shot RAG performance (without prompt refinement) 15 

Condition  Cases  Answer  Document  Page  Grounded  

Combined  99  59%  58%  31.3%  26.3%  

English QA  45  69%  78%  42.2%  33.3%  

Polish QA  44  61.4%  37%  25%  25%  

Source: Own materilas. 16 

Experiment 2 investigates interactive use of the system, acknowledging that RAG 17 

workflows are inherently iterative and users may refine prompts to improve results.  18 

In this experiment, conducted on a subset comprising approximately half of the dataset,  19 

users were allowed to modify the original query when the initial response was incorrect or 20 

insufficient. The outcomes of this process are presented in Table 4, which distinguishes between 21 

answers obtained directly (correct without refinement) and those achieved only after prompt 22 

refinement (correct after refinement), alongside remaining incorrect cases.  23 

Prompt refinement followed a procedure in which the evaluator was allowed to clarify the 24 

original query without altering its substantive meaning. Refinements typically involved adding 25 

explicit references to relevant legal instruments (e.g., “According to Regulation (EC)  26 

No 561/2006”), specifying jurisdictional context (e.g., EU regulation or Polish law),  27 

or encouraging retrieval from additional language sources when the legal corpus contained 28 

multilingual documents. These refinements were intended to mimic realistic user interaction, 29 

where practitioners may reformulate queries to provide clearer regulatory context. 30 

The Total values reported in Table 4 are calculated by combining results obtained without 31 

prompt refinement (category= “1”) and those achieved after prompt refinement (category= 32 

“2”). Thus, the Total metric captures all cases in which a correct answer was ultimately 33 

obtained, either directly from the original query or following minimal query reformulation. 34 

  35 
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This measure provides an estimate of practical system usability in an interactive decision-1 

support setting. The reported percentages are computed by dividing the sum of these correct 2 

outcomes (categories “1” & “2”) by the total number of evaluated cases under each condition, 3 

including incorrect responses (category= “0”). The Total row therefore reflects overall system 4 

performance after interaction, enabling a direct comparison with the one-shot baseline results 5 

presented in Table 3. 6 

Together, these experiments allow separate analysis of (i) baseline automatic performance 7 

and (ii) performance achievable through realistic human-in-the-loop interaction.  8 

This evaluation design provides a comprehensive assessment of generation accuracy, retrieval 9 

effectiveness, and evidential grounding, while also demonstrating the practical benefits of 10 

iterative query refinement in legal QA scenarios. 11 

Table 4.  12 
Performance with human-in-the-loop interaction (with prompt refinement)  13 

Condition  Answer  Document  Page  Grounded  

COMBINED Incorrect  9 19 28 - 

Correct without refinement  32 26 16 - 

Correct after refinement  8 4 5 - 

Total  82% 61.2% 43% 41% 

ENGLISH QA Incorrect  2 3 11 - 

Correct without refinement  18 19 10 - 

Correct after refinement  5 3 4 - 

Total  92% 88% 56% 52% 

POLISH QA Incorrect  7 16 17 - 

Correct without refinement  14 7 6 - 

Correct after refinement  3 1 1 - 

Total  71% 33.3% 29.2% 29.2% 

Source: Own materilas. 14 

The comparison between Tables 3 and 4 demonstrates that allowing minimal prompt 15 

refinement substantially improves overall system effectiveness across all evaluation 16 

dimensions. Under one-shot conditions (Table 3), the system achieved moderate answer 17 

accuracy (59% for the combined dataset), with comparable document-level retrieval 18 

performance (58%). In contrast, page-level localization (31.3%) and fully grounded responses 19 

(26.3%) were substantially lower. This pattern suggests that one-shot prompting may not 20 

always provide sufficient guidance for the RAG system to identify and incorporate the most 21 

relevant supporting passages. As a result, answers may be generated without clearly grounded 22 

evidence, indicating that additional clarification or prompt refinement may be required to obtain 23 

fully supported responses. 24 

When interactive refinement was introduced (Table 4), performance increased markedly. 25 

Combining answers obtained directly with those achieved after prompt refinement raised 26 

answer accuracy to 82% in the combined dataset, alongside improvements in document 27 

retrieval (61.2%), page identification (43%), and grounded responses (41%). These results 28 

indicate that many initial failures were not caused by missing knowledge but by ambiguity in 29 
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query formulation, which could often be resolved through minor clarification of jurisdictional 1 

scope or regulatory references. The findings therefore highlight iterative interaction as  2 

an inherent component of practical RAG deployment rather than a secondary correction 3 

mechanism. 4 

Performance differences between language conditions further support this interpretation. 5 

English-language queries consistently achieved higher scores, even when underlying legal 6 

materials were available only in Polish. This pattern likely reflects stronger English 7 

representation in current embedding and language models rather than limitations of the retrieval 8 

framework itself. Nevertheless, meaningful performance was maintained across both datasets, 9 

suggesting that general-purpose RAG architectures can operate within multilingual regulatory 10 

environments typical of European road logistics without domain-specific fine-tuning. 11 

Qualitative analysis revealed that retrieval behavior was highly sensitive to prompt 12 

specificity and linguistic cues. For example, when the question was phrased generically as: 13 

“What is the break time after 4.5 hours of driving?”, the system initially retrieved a legally valid 14 

but contextually different provision (30 minutes) grounded in broader Polish working-time 15 

regulations. However, when the question explicitly referenced “According to Regulation (EC) 16 

No 561/2006”, the system correctly retrieved Article 7 of the Regulation and generated the 17 

expected answer (45 minutes). This observation illustrates how minor variations in wording 18 

and jurisdictional cues can substantially influence retrieval behavior. Importantly, such 19 

ambiguity reflects real business practice, where legal and operational questions are often 20 

formulated imprecisely even by domain experts operating in their native language, reinforcing 21 

the importance of prompt design in assistive legal QA systems. 22 

Similarly, adding the phrase “in Polish law” altered document retrieval behavior, 23 

prioritizing national legislation over EU regulations. Increasing the number of retrieved 24 

documents (k-value) further influenced citation grounding. These findings indicate that general-25 

purpose RAG systems are highly sensitive to linguistic specification and jurisdictional cues. 26 

Rather than constituting system errors, such variations reflect the layered structure of transport 27 

legislation and the interaction between the EU and national law. From a practical perspective, 28 

this suggests that prompt design plays a critical role in achieving accurate and regulation-29 

specific legal QA. 30 

In several instances, the LLM successfully retrieved the correct document and relevant 31 

section but nevertheless failed to extract and report the precise answer. For example, in response 32 

to the question, How much can the liability of the ATA Carnet guarantor exceed customs duties 33 

and import taxes? The expected answer is: According to the provisions of the ATA Convention, 34 

it cannot exceed 10%. 35 

However, the model generated the following response: “The guaranteeing association shall 36 

not be required to pay a sum greater than the total amount of the import duties and taxes, 37 

together with any applicable interest”. While the correct source passage, “The liability of the 38 

guaranteeing association cannot exceed the amount of customs duties and import taxes by more 39 
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than 10%”, was correctly retrieved and cited in the context window, the model failed to report 1 

the critical numerical qualifier (10%) in its final answer. This example illustrates a failure at 2 

the answer extraction or synthesis stage rather than at retrieval, where the relevant evidence 3 

was available but not accurately incorporated into the generated response. 4 

Overall, the results suggest that lightweight, general-purpose RAG systems can provide 5 

practically useful assistance for regulatory QA when used interactively. Performance gains 6 

observed under prompt refinement emphasize that legal AI systems should be evaluated not 7 

only as static models but as collaborative decision-support tools in which iterative clarification 8 

plays a central operational role. Future improvements are therefore likely to depend on 9 

enhanced multilingual retrieval, improved prompt guidance, and stronger evidence-aware 10 

answer generation mechanisms. 11 

5. Discussion 12 

Regulation is often understood primarily as a mechanism that restricts behavior; however, 13 

it also plays an enabling role by creating structured and predictable conditions that allow 14 

complex systems such as international transport to operate effectively. By addressing market 15 

failures and establishing shared rules, regulatory frameworks support coordination, safety,  16 

and accountability across actors.  17 

Consequently, understanding regulation becomes an operational necessity in logistics 18 

practice, where daily decisions depend on interpreting multilayered legal requirements 19 

(Baldwin et al., 2011). The empirical findings of this study highlight that this challenge is 20 

increasingly not only legal but informational: the rapid growth of available data and the 21 

expanding complexity of regulatory frameworks make effective legal understanding 22 

progressively more difficult for practitioners. Even experienced professionals struggle to locate 23 

and interpret relevant provisions across large and continuously evolving bodies of law, while 24 

information obtained from general online sources often varies in reliability. Although large 25 

language models enable natural-language access to legal information, their tendency to produce 26 

confident but incorrect responses limits their applicability in high-stakes regulatory contexts. 27 

These limitations have motivated the adoption of RAG, which grounds AI responses in 28 

retrieved legal sources to improve reliability and reduce hallucinations (Li, 2024).  29 

Against this background, the results demonstrate that regulatory QA can be supported 30 

through a deliberately lightweight and operationally oriented RAG architecture. Compared with 31 

recent legal RAG-based QA systems, which frequently introduce hybrid pipelines, knowledge 32 

graphs, or multi-model reasoning mechanisms, the proposed approach prioritizes transparency, 33 

reproducibility, and deployability. Hybrid legal QA agents, for example, integrate RAG with 34 

model ensembling and human-in-the-loop updating to improve robustness in judicial 35 
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environments (Xi et al., 2025), while survey evidence shows that advanced legal RAG systems 1 

increasingly rely on iterative retrieval, knowledge graph augmentation, or fine-tuned generators 2 

to enhance reasoning performance (Hindi et al., 2025).  3 

In contrast, our framework employs a single-stage retrieval pipeline using dense 4 

embeddings and a general-purpose language model. Rather than representing an optimized or 5 

fully tailored legal QA architecture, this configuration serves as a lightweight baseline intended 6 

to evaluate whether retrieval-grounded generation can already provide meaningful regulatory 7 

assistance in an operational setting. The results indicate that even without architectural 8 

extensions such as iterative retrieval, model fine-tuning, or knowledge-graph integration, 9 

grounded answers can be produced with reasonable reliability. This suggests that practical 10 

compliance-oriented support may be achievable using relatively modest system configurations, 11 

while more complex architectures remain a promising direction for future improvement, 12 

particularly in environments where higher precision or deeper legal reasoning is required.  13 

As the present study was not designed as a controlled multilingual retrieval experiment,  14 

the observed differences between English and Polish queries may reflect a combination of 15 

embedding-model characteristics, corpus language composition, translation effects, and query 16 

formulation strategies. 17 

Moreover, the numerical extraction risk Carnet example demonstrates that retrieval-18 

grounded systems may still generate incorrect responses when critical numerical information is 19 

omitted during answer synthesis. In compliance-sensitive environments, such omissions may 20 

lead to incorrect operational decisions despite successful retrieval of the relevant legal source. 21 

Therefore, future work should investigate mechanisms for improving numerical consistency 22 

and evidence-aware answer generation. 23 

From a research perspective, this study contributes a domain-specific Polish legal QA 24 

dataset, an expert-validated RAG framework, and empirical insights into how AI systems can 25 

complement human expertise in regulatory decision support. The results indicate that general-26 

purpose RAG systems can support transport legal QA without domain-specific fine-tuning, 27 

achieving meaningful assisted accuracy across multilingual queries. Performance was 28 

consistently higher when questions were formulated in English, even when source documents 29 

were available in Polish. Rather than representing a system failure, this pattern reflects the 30 

stronger English representation within current embedding and language models and reveals 31 

how multilingual semantic spaces and jurisdictional cues influence retrieval behavior.  32 

In practice, this finding mirrors the layered interaction between EU-level and national transport 33 

legislation, where linguistic formulation implicitly guides regulatory interpretation. 34 

Importantly, the system maintained consistent performance across languages, demonstrating 35 

that general RAG architectures can operate within multilingual regulatory environments typical 36 

of European road logistics. 37 

  38 
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From an operational standpoint, these results are significant because logistics practitioners 1 

rarely require fully formal legal reasoning; instead, they need rapid orientation toward 2 

applicable regulations supported by traceable sources. The observed variation between Polish 3 

and English queries therefore illustrates not merely technical limitations but the structural 4 

complexity of regulatory environments and the importance of prompt formulation in 5 

compliance-oriented legal QA. Taken together, the findings suggest that practical AI-assisted 6 

compliance support may be achievable without costly domain adaptation, while future 7 

improvements are likely to arise from multilingual retrieval optimization and human-in-the-8 

loop interaction design. By demonstrating that grounded legal assistance can be achieved using 9 

general-purpose models and modest data resources, this study highlights a pathway toward 10 

scalable, transparent, and operationally usable AI systems for regulatory decision support. 11 

6. Conclusion 12 

This study demonstrates the feasibility of applying RAG system to operational legal QA in 13 

road logistics, an area where practitioners must navigate complex and continuously evolving 14 

regulatory frameworks. Using a lightweight architecture and a curated practitioner-oriented 15 

dataset, the proposed system produced citation-linked answers that supported regulation 16 

discovery and interpretation without requiring large-annotated corpora or domain-specific 17 

model fine-tuning. The findings suggest that effective regulatory assistance can be achieved 18 

through grounded retrieval rather than increasingly complex model adaptation, although precise 19 

citation localization remains a key technical challenge.  20 

By introducing a transport-specific legal QA dataset and empirically analyzing multilingual 21 

and prompt-sensitivity effects, the study provides initial evidence that AI-assisted regulation 22 

search can help bridge the gap between complex legal frameworks and everyday logistics 23 

decision-making. These results highlight the potential of transparent, retrieval-based  24 

AI systems as practical compliance support tools and establish a foundation for future human-25 

in-the-loop evaluation and workflow-integrated regulatory assistance systems. 26 

This study has several limitations. The evaluation was conducted on a pilot dataset  27 

of 50 questions and focused on a specific regulatory domain and jurisdiction. Furthermore,  28 

the system was evaluated in an offline setting rather than through real-world user studies. 29 

Despite these limitations, the findings provide evidence that retrieval-grounded AI can support 30 

regulatory decision-making through transparent, citation-linked responses. The study 31 

contributes new knowledge regarding the role of prompt specificity, multilingual retrieval 32 

behavior, and human-in-the-loop interaction in legal QA systems. These insights can inform 33 

the design of future compliance-support tools and provide a foundation for larger-scale 34 

evaluations in logistics and other regulated industries. 35 
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7. Future directions 1 

Prior literature consistently highlights a tension between regulatory demands and 2 

operational realities in road logistics. Legal and transport regulations are formal, mandatory, 3 

and directly influence operational performance, yet their volume, dispersion, and technical 4 

language make systematic interpretation difficult in fast-paced settings. As a result, 5 

practitioners frequently rely on tacit or experience-based knowledge, which may lead to 6 

inconsistent compliance and increased operational risk. Although AI applications in logistics 7 

have demonstrated benefits for decision support and process optimization, existing legal QA 8 

and retrieval systems remain largely detached from real-world logistics practice and are rarely 9 

evaluated in operational environments with domain experts or end users. Consequently, there 10 

is still limited empirical evidence regarding how such systems perform in everyday compliance 11 

decision-making or how they are perceived by logistics professionals. 12 

Future research should therefore move beyond technical benchmarking and investigate  13 

AI-assisted regulation-search tools as socio-technical systems embedded in actual workflows. 14 

In particular, studies should incorporate human-in-the-loop and field-based evaluations to 15 

examine how practitioners interpret, trust, and act upon AI-generated recommendations. 16 

Technology acceptance frameworks provide a suitable theoretical foundation for this line of 17 

inquiry. The Technology Acceptance Model explains adoption through perceived usefulness 18 

and perceived ease of use (Davis, 1989), while the Unified Theory of Acceptance and Use of 19 

Technology extend this perspective by incorporating social and organizational influences 20 

(Venkatesh et al., 2003). 21 

These models have been widely applied across logistics and supply chain contexts, 22 

including the adoption of digital technologies (Li et al., 2025), IoT-based systems (Katias, 23 

2025), blockchain platforms (Sharma, 2023; Wong et al., 2024), and mobile logistics 24 

applications (Persada et al., 2023). Empirical findings consistently show that perceived 25 

usefulness, ease of use, and facilitating conditions strongly determine system uptake.  26 

For example, Castiblanco et al. (2026) demonstrate that TAM effectively explains logistics 27 

workers’ acceptance of monitoring technologies. However, only a limited number of studies 28 

combine AI-driven decision-support tools with structured user-acceptance evaluation, such as 29 

the TAM/UTAUT-based assessment reported by Adayilo et al. (2026). Importantly, to date,  30 

no studies have applied such acceptance frameworks to RAG systems or examined their 31 

adoption in the specific context of road transport regulation and compliance. 32 

Accordingly, future work should extend the present research by conducting longitudinal 33 

user studies and expert evaluations of AI-assisted legal QA systems in road logistics, assessing 34 

not only technical accuracy but also usability, trust, learning effects, and integration into daily 35 

operational practices. Such investigations would provide stronger evidence of practical value 36 

and help ensure that regulation-search technologies effectively bridge the gap between complex 37 
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legal requirements and real-world logistics decision-making. 1 

Regarding the RAG system, a promising direction for future research is the integration of 2 

structured metadata into the RAG pipeline to improve answer precision, particularly for 3 

numerically sensitive regulatory queries. During ingestion, chunks could be enriched with 4 

explicit metadata fields capturing quantitative elements such as percentages and time limits. 5 

Such structured annotations would enable metadata-aware retrieval, filtering, or re-ranking 6 

mechanisms that prioritize passages containing explicit quantitative constraints. This approach 7 

may substantially reduce the risk that critical numerical qualifiers are overlooked during answer 8 

synthesis, thereby improving factual accuracy and reliability in legal and regulatory assistance 9 

systems. 10 
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