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ABSTRACT 

The World Trade Organization (WTO) maintains extensive trade concern records; however, extracting actionable 

insights from these largely unstruc-tured datasets remains challenging. Even though they are several formal 

information systems available like the Sanitary and phytosanitary Information Management (SPS IMS), Trade 

Concerns Database (TCD), and the Technical Barriers to Trade Information Management System (TBT IMS) 

which help with these issues but the challenges of retrieving structured in-sights from unstructured trade concerns 

descriptions, linking these textual descriptions to their specific Harmonised System codes, and tracking of member 

states who raised, supported or responded to specific concerns continue to persist. To this end, this study designs and 

implements a Retrieval Augmented Generation enabled AI assistant grounded on WTO trade concern records, HS 

classifications, and institutional trade data. This system com-bines semantic search, document retrieval, 

classification, summarisation, and basic trend analysis with HS code product mapping to provide evidence-based support 

and automated response to user questions. This research combines prototype development and quantitative evaluation, 

which was implemented using Microsoft Copilot Studio and evaluated across five analytical task categories using 

representative WTO trade concern cases including classification, summarisation, identification of member states, HS 

code mapping, and trend analysis, the result shows an overall accuracy of 96%. By grounding responses in retrieved 

World Trade Organisation documents, the proposed RAG framework reduces the risk of hallucinations associated 

with standalone large language models. This work contributes both practically and theoretically, showing 

how conversational AI engineering and RAG can be used alongside ethical governance principles to support 

transparent data-driven decision making even within the global trade context. 

Keywords: Trade concerns, member States, World Trade Organisation, HS code, Retrieval Augmentated 

Generation, summarisation, classification, trend analysis, Microsoft copilot 365, retrieval, generation. 

INTRODUCTION 

International trade is so complex, most especially when addressing the trade concerns of WTO members. The 

major challenge is managing data that lacks standardised classifications, making it difficult to establish clear links 

between these concerns, the specific products involved, and their effects on trade flows. It is therefore very imperative 

to be able to automatically link trade concerns to specific products and trade flows, map unstructured product 

descriptions to their corresponding Harmonised System (HS) codes, summarise complex WTO trade concern 

statements into a concise, under-standable format, and visualise evolving patterns within the trade concerns using 

historical data. The trade concerns database (TCD) developed by the World Trade Organisation records the trade 

concerns raised by member states across various committees, such as the committee on Technical Barriers to Trade 

(TBT), the Council for Trade in Goods (CTG), the Committee on Import Licensing (IL), Committee on Market 

Access (CMA) and Committee on Sanitary and Phytosanitary Measures (SPS) [1]. This database enables users 

to search for, retrieve, and evaluate trade concerns related to different products and regulations. However, though 

some trade concerns reference the Harmonised System (HS) or the International Classification for Standards 

(ICS) codes, many only provide a general description of the product(s) involved. This lack of specificity makes 
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it challenging to associate the trade concern with a particular product and to accurately evaluate the measure’s 

impact on trade [1]. According to [2], quantitative analysis of trade flows and impacts can be complicated if 

many entries do not reference the standard product classifications, and as such, it is very difficult to link specific 

producers to affected trade concerns, track response patterns among members or even analyse trends over time and 

committees. So as the global trade becomes more complex and data-driven, the WTO and its member states face 

the problem of transforming concerns that come in the form of narration into actionable insight, but with natural 

language processing this issue can be addressed as modern AI systems are able to perform text extraction, 

classifications and summarisation from complex un-structured textual data [3]. Recent advances in retrieval-

augmented generation (RAG) have further expanded AI capabilities to handle domain specific issues [4]. For 

instance, Microsoft’s Copilot Studio now integrates GPT (generative pre-trained transformer) based language models 

that can access the organisation’s data sources, enabling a context-aware AI assistant that understands and responds 

to queries across structured and unstructured data [5]. This research is at the intersection of AI innovation and trade 

governance, proposing an implementation of a practical AI assistant capable of fetching Harmonised System (HS) 

codes of products from trade concerns statements and descriptions, which will transform the unstructured text into 

structured product level data, giving the basis for automated summarisation, trend and pattern analysis and interactive 

chatbot deployment. This is to enable WTO analysts and member states to navigate trade concern data more 

effectively and efficiently. 

Figure 1 describes the Retrieval Augmented Generation (RAG) workflow that is used for this study, as the user 

submits a query, which is first con-verted into embeddings to search a vector database linked to multiple data 

sources including WTO Trade Concerns Database, WTO SPS IMS, WTO Documents Online, and Curated 

datasets. The most relevant and closest document chunk is being retrieved and then in combination with the original 

query and the user’s prompt (augmentation), it is then unto the large language model (Azure Open AI-GPT 4), 

which produces a context-aware and grounded answer or response, this procedure can help to improve accuracy and 

reduce hallucination. 

1.1 Research Aim 

To design and implement a Natural Language Assistant that improves accessibility, analysis, and transparency of 

trade concern data through summarisation, classification, response mapping, and trend analytics. 

1.2 Objectives 

1.2.1 Develop an AI assistant for mapping trade concern descriptions to HS codes. 

1.2.2 Implement a summarisation model for concise representation of trade concern statements. 

 

Figure 1: Concept of RAG -Retrieve, Augment, Generate (Author’s) 
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1.2.3 Develop a prototype system demonstrating classification, summarisation, and trend visualisation. 

1.2.4 To implement a response mapping mechanism which can show which member states or WTO bodies have 

responded or supported specific concerns. 

1.2.5 To incorporate the four WTO committee data into a unified platform for trend analysis and summary 

visualisation. 

1.2.6 To validate the performance, ethical implications, and usability of the assistant using established principles 

of transparency of AI and real-world WTO data. 

1.3 Research Questions 

1.3.1 How accurately can Large Language models and RAG models classify WTO trade concerns into HS 

codes? 

1.3.2 Can summarisation improve the interpretability of complex trade concern statements? 

1.3.3 Can an interactive AI assistant that can fetch, summarise, and analyse WTO trade concerns be developed 

using Microsoft 365 Copilot Studio? 

1.3.4  What are the governance and ethical considerations to put in place be-fore deploying AI assistants in 

multilateral organisations like the WTO? 

1.4 Research Problem Statement 

The WTO trade descriptions are unstructured and vary in detail, and this, most of the time, leads to the omission 

of HS codes, which can prevent linking the concerns raised to specific products and trade flows. The existing system 

functions as static information with fragmented content across different committees and lacks integrated analytics. 

Though some studies have explored this area, existing HS classification research has focused on customs and product 

catalogues rather than regulatory texts. Hence, currently there are no integrated AI systems yet combining 

classification, summarisation, response mapping, member state identification, and trend analysis for the WTO 

data. Therefore, in specificity, these three major challenges abound. 

1.4.1 Unstructured data representation, as most trade concerns are descriptions in narrative form without consistent 

tagging of product categories. 

1.4.2 Limited interactivity as the WTO data portals lack intelligent query mechanisms capable of responding to 

natural language questions. 

1.4.3 Transparency and response tracking because the trade concern database (TCD) does not show a structured 

summary response, support or even follow-up actions among member States’ concerns. 

1.5 Conceptual Framework 

The conceptual framework guiding this research, as shown in Figure 1, integrates Artificial Intelligence (AI), data 

analytics, and governance principles to enhance the transparency and analytical capacity of the World Trade 

Organisation’s (WTO) trade concerns system. Its concept is an AI-powered WTO Trade Concerns Assistant, 

developed through the Microsoft 365 Copilot Studio, with a multi-layered architecture that can transform unstructured 

textual data into structured, actionable intelligence for policymakers and re-searchers. At its base lies the data layer, 

comprising WTO data repositories such as the Trade Concerns Database (TCD) and the SPS Information 

Management System (SPS IMS), along with curated datasets containing both structured data like country name, 

concern type, and year and lots of unstructured information in the form of narration. This assistant connects textual 

product descriptions to the appropriate Harmonised System (HS) codes by using semantic response mapping. The 

AI processing layer utilises Retrieval Augmented Generation (RAG), which combines information retrieval and 

generative reasoning [4]. In Microsoft 365 Copilot Studio, RAG retrieves relevant WTO documents and 
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generates concise, factual responses to user queries. This ensures contextual accuracy while enabling intelligent 

summarisation of complex trade data, such as “Summarise Kenya’s SPS concerns between 2018 and 2024.” The 

interactive analytics layer adds statistical and visual components, allowing users to explore trends in trade concerns 

and response patterns. The system can display time-series charts, member engagement levels, or product-sector 

distributions, enabling AI-assisted inference from historical data. These insights guide users toward evidence-based 

understanding of emerging trade dynamics [6]. The user interaction layer is a chatbot interface that facilitates 

natural language interaction and access to WTO data, thereby improving transparency, as users can view which 

member states have raised, responded to, or supported specific concerns. Ethical principles, including 

accountability, transparency, and fairness, are embedded throughout this system [7]. The framework, therefore, 

positions the assistant as both a technical innovation and a governance tool, demonstrating how responsible AI 

can help implement the WTO’s transparency objectives through intelligent data processing and interactive analytics. 

 

Figure 2: Conceptual Framework (Author’s) 

1.6 Contribution to Knowledge 

The contribution of this work in practice is that the assistant will enable member states and even WTO analysts to 

achieve the following: view trade patterns, product links and relationships across time and committees, check who 

has raised, responded to, or supported any specific trade concern, query and summarise trade concerns through natural 

language interaction, visualise the current trend of concerns to gain insight for prediction. 

In academics, it propels the understanding of how retrieval augmented generation can be very useful in supporting 

global trade governance using a structured datasets instead of open ended web retrieval, contributing also to AI 

literature through a no-code implementation of an assistant grounded within an enterprise AI platforms that is 

practical and this helps to fill the gap that the existing studies focus mainly on high-level model architectures. In 

practice, this assistant provides the member states and WTO analysts with immense support to boost evidence-

based decision-making, reduce in-formation retrieval time, and enhance transparency. Specifically 

1.6.1 First illustration of using Retrieval Augmentated Generation to World Trade Organization’s trade concern 

intelligence. 

1.6.2 Creation of a conversational interface with the abilities of summarisation, HS mapping, member 

identification, and trend extraction from trade concern records. 

1.6.3 Practical governance framework for deploying enterprise AI assistants in multilateral organisations. 
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This research also extends policy and ethical discussion by connecting the UNCTAD and OECD responsible AI 

governance principles to AI deployment in multilateral institutions. 

Algorithm 1 RAG-Based Trade Concern Intelligence Assistant 

Require: User query Q, Trade Concern Dataset D, HS Code Table H, Trade Statistics T 

Ensure: Structured response R 

1: Preprocess Q (tokenisation, normalisation) 

2: Generate embedding vector EQ for Q 

3: Retrieve top-k relevant trade concern documents Dk using semantic sim-ilarity search over D 

4: Extract structured fields from Dk: 

• Concern title 

• Raising member(s) 

• Responding member(s) 

• Meeting dates 

• Narrative description 

5: Perform task-specific processing: 

6: if Task = Classification then 

7: Classify concern into predefined thematic categories 

8: end if 

9: if Task = Summarisation then 

10: Generate concise summary from retrieved narrative text 

11: end if 

12: if Task = Member Identification then 

13: Extract and validate responding and supporting member states 

14: end if 

15: if Task = HS Mapping then 

16: Match narrative keywords to HS product codes using table H 

17: end if 

18: if Task = Trend Analysis then 

19: Aggregate records by time, sector, or member state 

20: end if 

21: (Optional) Retrieve trade statistics from T linked to identified HS codes 

22: Construct augmented prompt with: 
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i 

• User query 

• 
Retrieved context

 

• Structured metadata 

• Trade statistics (if applicable) 

23: Generate final response R using language model 

24: return R 

Algorithm 2 Retrieval-Augmented Trade Concern Processing Require: Query Q 

Require: Trade Concern Corpus C = {d1, d2, ..., dn} 

Require: HS Mapping Table H 

Require: Trade Data Repository T 

1: Compute embedding vQ = fembed(Q) 

2: Compute embeddings {vdi } for all di ∈ C 

3: Retrieve top-k documents: Dk = argmaxd ∈C sim(vQ, vdi ) 

4: Extract structured metadata from Dk 

5: Apply task function F: 

O = F(Dk, H, T ) 

6: Generate response: 

R = fLLM (Q, Dk, O) 

7: return R 

The system produces an intermediate structured output O by applying a task-specific function F to: 

Dk : Retrievedtradeconcerndocuments 

H: HS classification table T: Trade statistics database 

The final response R is generated by the language model function fLLM, using : 

The user query (Q) 

The retrieved documents (Dk) 

The structured analytical output (O) 

RELATED WORKS 

2.1 Conceptualisation of Artificial Intelligence in Trade Governance 

The conceptualisation of Artificial Intelligence for governance in trading is evolving in key areas, including cross-border 
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legal issues, international policy coherence, regulatory frameworks, and trade optimisation. Artificial Intelligence for 

governance in trade can be seen as the utilisation of all available AI algorithms to improve, monitor, and maintain 

global trade, and to ensure responsible use of such technologies within a specific context [8]. Now, talking of 

governance, it is, simply put, about legal frameworks, global cooperation mechanisms, public policies, and business 

risk management [9]. From regulatory and ethical perspectives, some models have highlighted adaptive and flexible 

legal structures that can help address rapidly changing AI adoption in trade, particularly in goods and services [10]. 

So, there is a call for international collaboration and cooperation because the fragmentation of regional policies 

threatens the global interoperability, for instance, the different approaches from the U.S., the EU, and China. 

Though the OECD principles and the EU AI Act have set earlier examples, there are still significant ongoing gaps 

[9]; [11]. Hence, human oversight, accountability, trust, transparency, and all other ethical considerations are now 

at the centre of these emerging AI governance frameworks [12]; [13]. The impact of Artificial Intelligence in 

optimising trade operations cannot be overemphasised, as seen in the reduction of customs times, improvement of 

tariff classification accuracy, optimisation of customs, logistics, and compliance procedures, and facilitation of risk 

management in customs operations [14];[15]. AI has been seen to support workforce productivity and supply chain 

resilience, though it became a major concern following COVID-19 pandemic disruptions and increased tensions 

across geopolitical regions [11]; 14; 16). Now, there are new genres of cross-border data compliance and algorithm 

sovereignty of Artificial Intelligence in trade controls, for example, China’s Export Control Law, the U.S Export 

Reform Act, and the EU Digital Markets Act; these emphasise the growing disputes over data flows, extraterritorial 

applications, and dual-use technology operations in trade laws [17]. This is a huge issue because innovations can 

be stifled by the increased burden and complexity of navigating different national rules for most multinational firms, 

making intellectual property norms challenging [8]; [17]. In academia, models for AI governance within 

organisations, such as the hourglass model, have been proposed to reconcile rigorous oversight with innovation and 

inclusion, to align with the various interests of diverse stakeholders [9]; [18]; [19]. There is also a rise in certification 

markets and industry standardisation, which some-times compete with the traditional regulatory mediums [20]. 

Nevertheless, there has also been an evolving consensus on the need for greater flexibility within institutional bodies 

like the World Trade Organisation. [8] have suggested that the WTO become more adaptable to rapid technological 

changes across sectors, taking into account local values and cultural differences to avoid enforcing a one-size-fits-

all or overly harmonised approach to global AI regulations [21]. The field of AI in governance is rapidly and 

significantly emerging, with academics and professionals emphasising the importance of adaptive and flexible global 

standards, those that can blend market and regulatory governance. However, there is a possibility that future 

developments will rely more on extensive multilateral cooperation and the ongoing adjustment to these emerging 

technologies and risks [8]; [17]; [19]. 

2.2 Natural Language Processing and Text Classification for Trade and Pol-icy Data 

This is an overview of various natural language processing techniques, including embedding, semantic matching, 

classification, and tokenisation, that have been employed for unstructured trade concern descriptions and the 

Harmonised System (HS) codes. From [22],  and [23] and [24] the foundation of natural language processing for policy 

data include tokenisation which is all about breaking text data into meaningful units, semantic matching involving 

association of concepts across texts, document or text classification involving assigning texts to specific categories, 

embedding involving using numbers to represent words or sentences. There have been advances in transformer-based 

models like BERT, GPT and BART as well as ensemble methods, which enable more complex feature extraction, 

boosting context awareness, increased reliability in classification, and ultimately more robust learning [24]; [25]. 

In effect, machine learning and deep learning have demonstrated better performance than traditional rule-based 

approaches in mapping un-structured trade-concern narratives to specific HS codes, especially in a noisy text [26]. In 

this study, [26] showed that hybrid models utilising GPT embeddings and Hugging Face consistently improved 

accuracy in predicting HS codes from product text descriptions and integrated image recognition when necessary. 

However, misclassification remains a major concern most of the time [26]. This is a unique challenge as regarding 

the WTO datasets because it requires high domain specificity and multilingual reporting [22] ; [25], so tailoring the 

models to trade specific terminologies and regulatory expressions is extremely important to increase the application 

and the accuracy of NLP models in this context [25]; [27]. 

2.3 Retrieval-Augmented Generation (RAG) and Large Language Models (LLMs) 

Recent advances in Retrieval-Augmented Generation (RAG) systems and Large Language Models (LLMs) in the 
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context of building AI assistants for international trade concern resolutions, with a specific focus on World Trade 

Organisation (WTO) policy information retrieval and data summarisation. 

This review shows that RAG architectures combining hybrid retrieval methods, source-aware consolidation, verifier 

mechanisms, and preference alignment offer robust solutions for building trustworthy, traceable AI assistants capable 

of handling complex policy documents such as WTO agreements, dispute rulings, and tariff schedules. So many studies 

have presented Retrieval Augmented Generation (RAG) as a promising method that can address these limitations by 

coupling external document retrieval with LLM generation [28]; [29]. By grounding model outputs in retrieved 

evidence, RAG systems can provide up-to-date, domain-specific, and traceable responses. This review examines 

the state of the art in RAG systems and their applicability to building AI copilots for resolving international trade 

concerns, focusing on recent methodological advances and empirical evaluations in policy intensive domains. This 

work introduced Retrieval Augmented Generation as a method to enhance neural sequence-to-sequence models with 

nonparametric memory [30]. The core architecture combines including retriever component a dense neural retriever 

(example DPR, BM25, or hybrid methods) that searches a document for passages relevant to an input query, 

generator component which is pre-trained language model (example, BART, T5, GPT) that generates responses 

conditioned on both the input query and retrieved documents and end-to-end training which join optimisation of 

retriever and generator to maximise generation quality. This architecture enables models to access external 

knowledge dynamically, overcoming the limitations of purely parametric LLMs to static knowledge [30]. This 

emphasises that effective RAG design requires matching retrieval strategy to task characteristics, and it is a principle 

that is directly applicable to WTO policy systems where query types range from simple tariff lookups to interpretation 

of dispute rulings [30]. Foundational retrieval work underpins RAG’s retriever component. Dense Passage Retrieval 

(DPR) introduced dense neural encoders for passage retrieval that substantially outperformed classic lexical retrieval 

baselines on open-domain QA [31]. REALM described pre-training language models with retrieval in the loop and 

showed that retrieval during pre-training improves downstream factuality and interpretability [32]. Complementary 

work by [33] demonstrates that the empirical gains from coupling retrieval with generative models for open domain 

question answering, showing that retrieval supplies evidence passages that the generator can synthesise with far fewer 

hallucinations than a text-only generator. More recent reviews and research highlight RAG’s applicability to 

knowledge-intensive domains. [34] survey advances in LLM knowledge integration, noting that retrieval based 

designs (including RAG variants) are particularly well-suited to contexts where up-to-date, verifiable grounding is 

required. Their analysis emphasises that RAG-style systems are useful for institutional and policy domains because 

retrieval provides an explicit chain of evidence, a crucial property for auditability and trust in governance settings 

[34] A principal motivation for RAG in policy contexts is mitigating hallucination, the tendency of LLMs to produce 

plausible but false statements. Studies of factuality in generation show that purely generative summarisation models 

often produce unfaithful content; coupling these models with retrieval of authoritative passages reduces the incidence 

of unsupported assertions and enables explicit citation [35]. Surveys of hallucination further document mitigation 

strategies, with retrieval among the more effective practical approaches, since it provides concrete evidence that 

generation should reflect or quote [36]. 

Almost all the recent studies have highlighted the lack of integration of advanced analytics within the WTO data 

ecosystem that can perform intelligence querying, harmonisation of the unstructured data, summarisation engines 

and most importantly integration into the global trade monitoring platforms and interfaces [37]; [40]. 

Recommendations such as piloting AI-based data extraction and classification, introducing universal HS code 

validation, and developing modular APIs for third party analytics integration, but as of 2025 such features have 

remained largely theoretical. The gap in intelligent WTO trade concern tools thus reflects both structural data 

management limitations and insufficient investment in modern digital infrastructure, as documented across many recent 

studies [38], [39], [40] , and [37]. These are confirmations of both the achievements and substantial limitations of 

WTO transparency and digital tools, emphasising the urgent need for AI-driven solutions to overcome the persistent 

problems of unstructured, inconsistent, and fragmented trade concern data. 

METHODOLOGY 

3.1 Research Design 

The research follows a design science paradigm, which is appropriate for creating and evaluating an innovative IT 

artefact like this AI assistant. In line with information systems research, we iteratively build the system to solve 
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the identified problem of classifying and summarising WTO trade concerns, and a response mapping mechanism that 

shows which member states or WTO bodies have raised, responded to, or supported specific concerns. It is 

supported by a practical AI development strategy, such as applied re-search methods that focus on prototyping, 

testing, and refinement and with the combination of DSR and practical AI engineering, the project will be 

rigorously justified and improved systematically [41]. This dual approach balances theoretical grounding, which 

is the design science, with practical functionality, that is the AI development, as advocated in the current AI and 

information systems literature. 

This system combines retrieval augmented reasoning, conversational AI, and interactive analytics to enhance policy 

transparency at the WTO. It incorporates governance and ethical values in order to maintain trust, fairness, and 

accountability. The assistant can also respond to factual questions and facilitate interaction among members, 

supporting open, data-driven policy-making. Specifically, the architecture is as follows as shown in Figure 2: 

3.1.1 User Interface is the Chatbot UX, a conversational front-end built in Copilot Studio. The user inputs 

questions, and this becomes the web application layer that captures queries and displays responses. 

3.1.2 Orchestrator of the Integration Layer, which is the Copilot Studio agent logic, routes queries to the retrieval 

system and to the language model that coordinates the workflow. 

3.1.3 Retrieval Layer which is the semantic search engine just like Azure AI Search holds indexed WTO data 

including documents, and notifications. It uses keyword search and embeddings to retrieve text passages, and 

the best K relevant pieces are sent back to the orchestrator. 

3.1.4 A generator or LLM/NLP Layer, which is a large language model. It is fed the user’s query and retrieved 

passages as context, using this integrated input to generate an answer or summary [4]. NLP tasks involved 

in the model include classification and summarisation. 

3.1.5 Output and Visualisation is back to the user with the generated response via the chat interface. Output and 

Visualisation is back to the user with the generated response via the chat interface. Moreover, when 

necessary, calculated metrics and graphical summaries will be presented in a Python-based dashboard. 

Overall, in RAG workflow, the user’s question is forwarded to both the search engine and the LLM. The search results 

are returned from the search engine and redirected to the Large Language Model. The response that makes it back 

to the user is generative AI, either as a summary or answer from the LLM [5]. In practice, this would be 

implemented by indexing the WTO data and using the AI Search within Copilot Studio, so that for each user 

query, the agent calls the search index and then formulates a response with the LLM. This modular design ensures 

that the assistant can utilise the retriever’s current external knowledge and apply the LLM’s reasoning skills to 

synthesise answers [4]. 

3.2 Integration Platforms, System Development, and Knowledge Base 

The AI assistant created during this study was built with Microsoft 365 Copilot Studio, a no-code conversational 

AI platform, which allows one to create custom agents on the Microsoft platform. Copilot Studio provides 

orchestration of intent recognition, retrieval operations, external data connections and responses based on LLM. It 

was chosen for its enterprise-level security, support for Retrieval-Augmented Generation (RAG) workflows, and 

integration with Microsoft 365 products. The three components that were used to create a structured knowledge 

base were: 

3.2.1 Curated Data on Microsoft SharePoint:  

The main training, retrieval, and evaluation data set comprises three Excel files, namely, HS de-scription, Trade 

Concern with HS and ICS codes and Trade Concerns Description files, which reside in Microsoft SharePoint, each 

of which contains WTO trade concern records, metadata and benchmark labels with the following fields DomainId, 

IMS Id, Domain, Title, Raising Members, Supporting Members, HS Products, ICS Products, First date raised, Last 
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date raised, Number of times raised, Area, MeetingDate, RaisingMember, StatementSubmitted, Concern, HScode, 

and Description. These files have been added to the knowledge base created in Copilot Studio via URL 

referencing so the agent can directly access the files and ground responses found in these documents. 

3.2.2 Official WTO Data Sources:  

The assistant links to the authoritative WTO information systems through publicly accessible URLs to supplement 

the curated data. These sources expand the bounds of retrieval and base the assistant’s responses on official WTO 

sources. 

3.2.2.1 WTO Trade Concerns Database (TCD):  

This is at the WTO headquarters, where all Specific Trade Concerns (STCs) are de-liberated upon in the SPS, TBT, 

Market Access, Import Licensing and Goods Council committees. It enables people to search, filter and browse the 

entire history of STCs raised by Members. This database provides the assistant with trade concern descriptions, 

classifications of issues, products involved, and the interactions of parties [42]. 

3.2.2.2 ePing SPS and TBT Platform:  

The ePing Alert and Monitoring Platform is an application that provides access to realtime SPS and TBT updates, 

product specifications, regulatory issues and trade matters debated in the SPS and TBT Committee. It also 

contains the information on the responses to members follow ups. The assistant uses this platform as a second source 

of authority about SPS and TBT-related material, particularly, product re-uirement information that is not 

available in TCD [42]. 

3.2.2.3 WTO Documents:  

This is the official repository of all WTO documents, consisting of minutes of meetings, legal provisions, documents 

submitted by individual members, and records of commit-tee deliberations. It facilitates a more profound 

contextualisation and validation, which allows the assistant to track down particular concerns or answers to their 

sources in original official texts [42]. These outside sources widen the retrieval capacity of the assistant past the 

curated dataset and endorse evidence-based responses. 

3.2.3 Hybrid Knowledge Base Architecture. The configuration will produce a hybrid knowledge ecosystem, 

which includes: 

a. Tested and organised queries ready on a spreadsheet. 

b. Authoritarian institutional sources (WTO websites). 

c. RAG pipeline for Copilot Studio, based on the LLM. 

3.3 Model Design 

Figure 3 shows the model design of the AI assistant, which is tuned to WTO concerns analysis with trade, 

implemented as a Retrieval-Augmented Generation (RAG) architecture. The model starts with the User Query 

Layer, whereby the user enters a WTO-related query on product-specific STCs or responding Members or HS 

mappings. This is fed into the Retrieval Pipeline that has four fundamental functions, including: 

(1) Transforming the user query into a vector using query embedding. 

(2) Semantic or vector search procedure used to index knowledge sources which match the user’s prompt. 
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Figure 3: System Architecture (Author’s) 

(3) Document chunking, in which the long WTO documents and Excel files are broken down into bits that can be 

retrieved. 

(4) Top K document retrieval, which provides the most relevant chunks that can be used for grounding. The sources 

of Knowledge used in the retrieval pipeline are four, such as 

(i) Excel spreadsheets on SharePoint with formatted trade concern in-formation. 

(ii) The Trade Concerns Database of the WTO, 

(iii) The ePing SPS and TBT platform. 

(iv) The WTO Docs repository. 

All these sources together give evidence-based reasoning by presenting structured and unstructured information on 

the WTO. The retrieved information is transmitted to the Large Language Model Reasoning Layer, a central 

neural network block. The large language model on this layer has the following functions. 

(a) Categorisation of the type of concern. 

(b) Summary of the committee discussions. 

 

Figure 4: Model Design Diagram (Author’s) 
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(c) Linking of HS code to the description of products. 

(d) Identification of raising, responding or supporting Members, in-forming policy reasoning. An output is then 

generated by the system in the Grounded Output Layer that imposes: 

(1) Responses rooted in evidence. 

(2) Referencing of sources retrieved. 

(3) Transparency and openness of the line of reasoning. 

3.4 System Evaluation 

The assistant is assessed using a query based testing and scoring method that incorporates quantitative scoring. A test set 

of representative cases of assistant queries was created, based on the known trade concern scenarios, based on the list 

of trade concerns based on the Excel benchmark and on the known WTO cases. The response of the assistant is 

then compared with the expected response, such as a correct classification label or summaries, for each query of 

the test. Then we obtain an accuracy score as a percentage of correct answers. The system is tested with twenty 

(20) queries across the following task types including classification, summarisation, member State identification, 

HScode mapping and trend analysis, focusing on the details in Tables 1. 

Table 1: Details to be checked  

Items Descriptions 

Response Accuracy 

Completeness feedback score 

% of outputs that correctly identify responding members. Information 

Whether key context (committee, product, year) is present Usability Expert 

Transparency Number of outputs that include WTO source citations 

Statistical Validity Consistence between chatbot’s computed stats and manual counts 

3.5 Ethical Considerations 

Ethical AI principles are used in designing this study with a focus on transparency, privacy, and trust. Transparency 

is achieved by logging and referencing the sources that inform the assistant’s responses in every conversation. As 

soon as the assistant provides a response, it also indicates which files, such as notification IDs or WTO references, 

are being accessed. This aligns with the explainability and accountability put forward by the OECD. Specifically, 

the OECD Privacy Guidelines observe that privacy should be respected to establish trust in digital systems [43]. 

This system does not store any personal information and considers all information in the WTO open to the public. 

Accordingly, the development of the assistant is based on the principle of transparent operations. If the model has 

no clear reasoning or no good answer is reached, the system is configured to note it, which minimises the risk of 

providing false information or hallucinations. Lastly, we have institutional control; the organisation’s AI policy states 

that an automated choice must first be assessed by a human expert before it is implemented in critical situations. Overall, 

with the aid of proper data management, record keeping, and compliance with OECD and UNCTAD guidelines. This 

research aims to establish trust and ethical standards within this RAG system. 

IMPLEMENTATION 

The AI assistant was developed using Microsoft 365 Copilot Studio, which served as the orchestration layer for 

Retrieval Augmented Generation (RAG), conversation flow control, and grounding responses to external data 

sources. The system incorporates four critical elements: 

i. User interaction interface embedded within Copilot Studio as a conversational agent. 

ii. Retrieval layer based on the structured Excel datasets and selected information from the WTO portals. 
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iii. Generation layer, which is the large language model-based reasoning based on classification, summarisation, HS 

mapping, and contextual analysis. 

iv. Refinements and evaluation using manual accuracy scoring and benchmarking questions. This architecture is 

shown in Figure 3 (Model Design Diagram). 

The current implementation is Microsoft Copilot Studio, due to its meeting the enterprise governance needs 

identified during the institutional engagement. However, the proposed RAG architecture is platform agnostic 

and can be adopted with open-source frameworks like LangChain, LlamaIndex, Haystack or private 

Azure/OpenAI deployments if there is a variation in the organizational needs. 

4.1 Construction of knowledge base Awareness 

The knowledge base was developed using a hybrid data integration approach to enable grounded responses. 

– SharePoint Excel Data (Primary Data Source). Three Excel workbooks were uploaded to SharePoint and 

linked to Copilot through URL. These datasets include. Records of trade concerns with description of issues. 

Product information, HS code, and ICS code data. Committee metadata answering and supporting Member 

States. These organised files comprise the essence of factual grounding and foundation of the assistant, which 

makes it easy to retrieve information. 

– WTO URLs were supplementary knowledge base sources provided from the three publicly available WTO 

platforms, including 

https://tradeconcerns.wto.org/en/, which is the trade concerns database, https://eping.wto.org/, which is the TBT 

and SPS platform and https://docs.wto.org/ portal for WTO Docs. 

– Retrieval-Augmented Design: The assistant retrieves text fragments from indexed sources based on the user’s 

query and provides them to the LLM to produce grounded answers. 

 

Figure 5: Classification Query 

4.2 Assistant Behaviour and Response Patterns 

The evaluation strategy adopted is a mixed method technique which combines qualitative assessment and 
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quantitative accuracy testing, which led to proposing a performance evaluation metric known as 5-CSIHST, which 

includes the performance accuracy across classification, summarisation, identification of member states, HS code 

product mapping and trend analysis. The total number of evaluation queries used is 20, which covers the different 

core capabilities of the system across the five 

(5) evaluation metrics developed CSIHST, including: 

– The accuracy of the trade concern classification was tested to determine if the assistant can classify a query into the 

right concerns or ID, and it achieved 80% accuracy, as shown in Figure. 4. 

– On the issue of summarisation accuracy, the assistant’s ability to turn a very long trade concern statement or 

description into a concise, meaningful summary was tested, and it achieved 100% accuracy, as shown in Figures 

5. 

– Identification of Member raising, supporting, or responding: Some questions were also to assess whether the 

assistant can correctly identify member states who raised, responded, or supported specific trade concerns, and it 

perfectly did (100%) as seen in Figures 6 and 7. 

 

Figure 6: Trade Concern Summarisation 
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Query for Raising member 

HS code linking accuracy (100%) The assistant was also assessed to check if it could link the Harmonised System 

code or extract these codes from the complex and long textual descriptions, and out of the twenty (20) questions 

it was tested on, it got all correct, as seen in Figures 8. 

Trend Extraction (100%) It is also expected that the assistant can perform basic trend analysis when asked by the 

user and, again, it performed maximally, as shown in in Figures 9 

 

Figure 7: Query for Supporting Members  

4.3 Scoring Method: Validation metrics of the Result 

Table 2: Task Performance Results 

Task No. Test Queries Correct Incorrect Accuracy 

Classification 20 16 4 80% 

Summarisation 20 20 0 100% 
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Member Identification 20 20 0 100% 

HS Mapping 20 20 0 100% 

Trend Analysis 20 20 0 100% 

Final accuracy was then calculated as: 

 

 

Figure 8: HS code product mapping 
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4.4 Performance Evaluation Accuracy by Task Type 

The accuracy testing of the AI assistant shows good overall performance across most task types, as seen in Figure 

10, with classification accuracy varying significantly. The classification activities reached an accuracy of 80%, 

indicating that although the assistant tended to determine the appropriate trade issue, a small percentage of queries 

remained unanswered because the assistant could not locate any information. On the contrary, the assistant had a 

score of 100% in summarisation, responding to member identification, HS code mapping and trend extraction. 

Within the evaluation dataset and queries used in this study, the assistant correctly answered all tested queries for 

summarisation, member identification, HS mapping, and trend extraction. 

 

  

  

Figure 9: Trend Analysis 

Generally, these findings indicate that classification is an area that can be improved; however, the assistant is 

doing exceptionally well across all the functional dimensions relevant to the WTO’s analysis of trade concerns. This 

AI assistant achieved an overall accuracy of 96%, which is considered robust for a first generation Retrieval 

Augmented Generative assistant using hybrid data sources in this context. 
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4.5 Comparison with the Existing Systems 

The AI Assistant were compared with the Existing WTO Systems across the five core Task Types (CSIHST), 

ranging on the scale of 0 to 5 Scale used: 

0 = Not supported 

1 = Manually supported or structured fields only 

2 = Limited descriptive analytics 4-5 = Automated or AI-supported 

Table 3: Comparison of Existing WTO Systems and Trade Concern AI Assistant 

Dimension Existing WTO 

Systems 

Trade Concern AI Assistant (This Study) 

Functionality Keyword-based search 

and download 

Natural-language querying and reasoning (‘Summarise 

Kenya’s TBT concerns between 2018–2024’) 

Data Processing Raw records textual Semantic understanding, mapping unstructured descriptions 

to HS codes 

Analytics Limited filtering Automated trend analysis and visualization using Power BI 

integration 

Interactivity Static database 

interfaces 

Conversational chatbot interface (Copilot Studio) with 

contextual memory 

Response Track-ing Manual reading of 

documents 

Structured mapping of who raised, sup- ported, or 

responded to concerns 

Predictive In- sight None AI-assisted inference from historical trends (‘identifying 

emerging product sectors or countries’) 

Integration Level Separate TBT, 

systems SPS, CTG 

Unified data knowledge base enabling cross- committee 

analysis 

Ethical Governance 

Design and 

Not AI-based Incorporates responsible AI principles (transparency, 

fairness, explainability from OECD and UNCTAD) 

Based on documented functionalities and direct system observation during the Geneva visit, the existing systems 

provide full texts and records only but no automated summarisation, manually classify using predefined fields like 

committee, issues, and sector, explicitly store raising/responding members in structured fields, do not infer HS 

codes from text, and allow only basic counts and filters over time. While this assistant generates concise 

summaries from retrieved documents, performs semantic classification from narrative text, automatically extract 

and present HS product code in- formation conversationally, and performs query driven trend extraction and 

descriptive statistics across concerns including Charts and graphs. This comparison as illustrated in Figures 12 shows 

that the current information management systems primarily support structured storage, filtering, and manual analysis 

of trade concerns. While member identification and basic trend visualisation are partially supported through 

predefined database fields, key analytical tasks such as automated summarisation, HS code mapping, and semantic 

classification are not currently implemented. This AI assistant developed in this study complements, not replaces 

the existing WTO systems by introducing retrieval augmented reasoning and conversational analytics that operate 

on WTO information sources, Table 3. 
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Figure 10: Comparative Analysis of Existing and Proposed Systems 

4.6 Answers to Research Questions 

4.6.1 RQ1: How accurately can Large Language models and RAG models classify WTO trade concerns into 

HS codes? The evaluation of the AI assistant, as shown in Figures 4, has proven that RAG models can effectively 

classify WTO trade concerns descriptions to their respective Harmonised System product codes with a high degree of 

precision, even when the underlying dataset is unstructured, if in the narratives there are specific features or 

identifiers of the product of concern. This was made possible by a robust retrieval index and clear product descriptions, 

both of which are intrinsically dependent on the quality of the input data. 

4.6.2 RQ2: Can summarisation improve the interpretability of complex trade concern statements? Yes, 

summarisation can improve the interpretability of complex trade concern statements and support policy analysis as 

shown in Figures 5. The assistant summarisation performance accuracy indicates that the model consistently produced 

summaries of complex trade concern narratives that are contextual and coherent, distilling lengthy statements into a 

structured, concise overview that highlights the issue, the parties involved, and policy implications. This improves 

understanding, transparency, and traceability of trade concerns. 

4.6.3 RQ3: Can an interactive AI assistant that can fetch, summarise, and analyse WTO trade concerns be 

developed using Microsoft 365 Copilot Studio? Yes, this was experimented in Figures 4 to 9 with queries across trade 

concerns classification, summarisation, HS code product linking, members identification, and trend analysis. 

Therefore, it retrieves relevant information in response to the user prompt. 

4.6.4 RQ4: What are the governance and ethical considerations that can be put in place before deploying AI 

assistants in multilateral organisations like the WTO? According to OECD, (2019) and UNCTAD, (2023), every 

generated response should be followed or accompanied by clear citation of the source data that was used for retrieval, 

this way analysts and auditors can trace every response back to the original documents to enhance transparency and 

explainability and this was implemented here as shown in Figures 5, 6, 7, 8, and 9. Another key strategies to be put 

in place are human in the loop review for critical decisions because the automated responses cannot replace expert 

judgment, bias mitigation including regular auditing of the dataset, data privacy and access control to ensure that 

sensitive data or information are protected according to legal and organisational standards, and lastly, continuous 

monitoring and version control to document model behaviour, track prompt updates and evaluate performance 

over time 

4.7 Scope Definitions Configuration and Scope of the Study 

This is one of the measures put in place to ensure that the assistant maintains the scope and avoids speculation 

or hallucinations. This aligns with ethical best practices in AI systems, improving the system’s reliability by 

gently redirecting the user when a question is outside the permitted domain, as shown in Figure 11. The scope of 

the study includes Trade concerns description summarisation and response mapping through the Copilot’s embedded 

GPT-4 reasoning, classification of trade concerns into HS codes, identification of member States, use of descriptive 

statistics for trend analysis and visualisations, and make reasoned projections or inferences based on past and existing 

patterns and trends in the datase, using the World Trade Organisation’s Trade Concerns Database and the related 

publicly available records from the different WTO committees, including TBT and SPS. The AI assistant is trained, 
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tested and validated with extracted and cleaned datasets from the above WTO database sources and stored in 

Microsoft 365 SharePoint. 

 

Figure 11: System Scope Definition 

4.8 Ethical Data Auditing and Bias Prevention 

The proposed system does not create new policy knowledge, but rather pulls knowledge directly from the 

authoritative datasets in official submissions by Member States related to trade concerns. This minimises 

hallucination because the responses are based on the documents that have been verified rather than relying solely 

on the language model's internal knowledge. The knowledge base is not weighted in favour of any country or 

economic group and only includes trade issues that are submitted by all WTO Members, to avoid representation 

bias. The assistant is able to retrieve information not by geopolitical importance, but equally by a semantic 

similarity with the query, thus making it possible to retrieve concerns from developed or developing economies 

equally when relevant to the user query. Post human validation is still required in order to make policy decisions, 

especially in case of legally sensitive trade disputes. 

4.9 Limitations 

There are several limitations of this study due to certain constraints, including the fact that Copilot Studio restricts 

dynamic retrieval of external information and access to live WTO websites, another issue was that certain product 

features or product specificity in some of the entries are lacking, and so HS mapping becomes difficult for concerns 

without clear product descriptions. Also, all the records are in the English language, so any WTO trade concerns 

in another language was not taken into consideration. And lastly, the RAG capability of the system is dependent 

on the shared URLs which implies that the reliability of this tool would depend on the organisational cloud 

infrastructure. However, these limitations do not hinder or reduce the validity of this study; rather, they provide 

important context for results interpretation, including 

4.9.1 Evaluation dependent on quality of curated datasets. 

4.9.2 Findings currently limited to WTO trade concern data. 

4.9.3 Binary accuracy may not capture partial correctness. 

4.10 Failure Analysis 

The assistant was seen to perform well in the evaluation process; however some of the limitations were identified. 

Complex trend analysis involving multiple years, numerous Member States, or overlapping trade concerns 

occasionally produced incomplete summaries because retrieved documents contained fragmented historical 

information. These cases required additional retrieval iterations before generating a final response. Furthermore, 

the quality of responses depends on the completeness of the indexed WTO knowledge base. Missing or outdated 

documents may reduce retrieval effectiveness. Therefore, the system should be considered as a decision support 

assistant and not as an expert policy analysis system. 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (IJRSI) 

ISSN No. 2321-2705 | DOI: 10.51244/IJRSI |Volume XIII Issue VI June 2026 

Page 5280 

www.rsisinternational.org 

 

    

 

4.11 Recommendations and Future Work 

Based on the findings, it is recommended that the curated dataset be expanded to enable broader retrieval of 

information across Spanish and French submissions and to support cross lingual understanding. Integrate a licensing 

permit to enable Dataverse, as the current system is on a free trial. Also, there should be a procedure to support 

regular data update to ensure that new trade concerns are captured, create a process or procedures of governance on 

dataset entries validation in order to maintain the system accuracy over time, train analysts and member states on 

how to construct effective queries in order to get an optimal result. Integrate advanced AI tools to improve 

prediction and not just retrieval. Also, designing an interactive dashboard for trend visualisation could be explored. 

Lastly, institutional integration of this system can be explored, encouraging the WTO Secretariat to adopt AI tools 

that support transparency and monitoring. 

4.12 Conclusion 

This study has shown that a retrieval augmentation generation enabled system deployed via Microsoft Copilot Studio 

can enhance WTO trade concerns analysis using curated datasets, proper prompting, and structured retrieval. The 

assistant offers significant practical value because it delivers high accuracy across major task types and aligns 

with the principles of responsible AI. Though its limitations abound, it provides a solid foundation for further 

institutional and technological contributions to AI for governance research, as well as a deployment tool that supports 

members’ engagement, trade policy analysis, and transparency at the WTO. 

Highlights 

Retrieval Augmented Generation for Global Trade Concern Intelligence 

Salome Enoshi Uwah, Celestine Iwendi, Fiyinfoluwa Oyebisi Oyesola, Chukwuebuka Anthony KORIE 

• Practical deployment of RAG-based AI in international trade gover-nance contexts. 

• Evaluation of task-level accuracy across many dimensions of trade pol-icy analysis. 

• Discussion on ethical and governance considerations for responsible AI deployment. 
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